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A B S T R A C T 

Many epidemiologica l studie s asses s th e effect s o f time-dependen t exposures , 

where bot h th e exposur e statu s an d it s intensit y var y ove r time . Th e analysi s o f 

such studie s pose s th e challeng e o f modellin g th e associatio n betwee n comple x time -

dependent dru g exposur e an d th e risk , especiall y give n th e uncertaint y abou t th e 

etiological relevanc e o f dose s take n i n differen t t im e periods . 

To addres s thi s challenge , I  developed a  flexible metho d fo r modellin g cumulativ e ef -

fects o f time-varyin g exposures , weighte d b y recency , represente d b y time-dependen t 

covariates i n th e Co x proportiona l hazard s model . Th e functio n tha t assign s weight s 

to dose s take n i n th e pas t i s estimate d usin g cubi c regressio n splines . Model s wit h 

different numbe r o f knot s an d constraint s ar e estimated . Bootstra p technique s ar e 

used t o obtai n pointwis e confidenc e band s aroun d th e weigh t functions , accountin g 

for bot h th e samplin g variatio n o f th e regressio n coefficients , an d th e uncertaint y a t 

the mode l selectio n stage , i.e . th e additiona l varianc e du e t o a  posteriori  selectio n 

of th e numbe r o f knots . 

To asses s the metho d i n simulations , I  had t o develo p an d validat e a  nove l algorith m 

to generat e even t time s conditiona l o n time-dependen t covariate s an d compare d i t 

with th e algorithm s availabl e i n th e literature . Th e propose d algorith m extend s a 

previously propose d permutationa l algorith m t o includ e a  rejectio n sampler . Whil e 

all th e algorithm s generate d dat a set s that , onc e analyzed , provide d virtuall y unbi -

ased estimate s wit h comparabl e variances , th e algorith m tha t I  proposed reduce d th e 

computational t im e b y mor e tha n 5 0 pe r cen t relativ e t o alternativ e methods . 

I use d simulation s t o systematicall y investigat e th e propertie s o f th e weighte d cu -

mulative dos e method . Si x differen t weigh t function s wer e considered . Simulation s 
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showed tha t i n mos t situations , th e propose d metho d wa s abl e t o captur e th e shap e 

of th e tru e weigh t function s an d t o produc e estimate s o f th e magnitud e o f th e ex -

posure effec t o n th e ris k tha t wer e clos e t o thos e use d t o generat e th e data . 

I finall y illustrate d th e us e o f th e weighte d cumulativ e dos e modellin g b y reassessin g 

the associatio n betwee n th e us e o f selecte d benzodiazepine s an d fall-relate d injuries , 

using administrativ e dat a o n a  cohor t o f elderl y wh o initiate d thei r us e o f benzodi -

azepines betwee n 199 0 an d 2004 . 
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ABREGE 

Les etude s epidemiologique s evaluen t frequemmen t I'effe t d'exposition s com -

plexes don t l e statu t e t I'intensit e varien t ave c l e temps . L'analys e d e ce s etude s 

pose u n def i particulier , celu i d e modelise r I'associatio n entr e ce s exposition s com -

plexes e t l e risque , particulieremen t lorsqu e l a pertinenc e etiologiqu e de s dose s prise s 

lors d e differente s periode s d e temp s es t incertaine . 

Pour aborde r c e probleme , j 'a i developp e un e method e flexibl e pou r modelise r le s ef -

fets cumulatif s d'exposition s qu i varien t dan s l e temps , dan s laquell e le s exposition s 

anterieures son t ponderee s selo n l e temp s ecoul e depui s I'exposition , e t cumulee s 

pour obteni r un e variabl e qu i vari e dan s l e temp s dan s u n model e d e risque s pro -

portioned d e Cox . L a fonctio n qu i ponder e le s dose s prise s retrospectivemen t es t 

estimee a  I'aid e d e B-spline s cubique s d e regression . J'a i estim e de s modele s ave c 

des nombre s different s d e noeud s e t d e contraintes . Le s intervale s d e confianc e 

ponctuels pou r l a courb e d e ponderatio n on t et e estime s a  I'aid e d'un e method e d e 

bootstrap qu i tien t a  la fois compt e d e la variance d'echantillonag e de s coefficients d e 

regression e t d e I'incertitud e decoulan t d e l a selectio n d e modeles , c-a-d . l a varianc e 

additionelle decoulan t d e l a selectio n a  posteriori  d u nombr e d e noeuds . 

Pour evalue r l a method e a  I'aid e d e simulations , j 'a i developp e e t valid e u n nouve l 

algorithme pou r genere r de s temp s d'evenement s conditionnel s a  de s variable s qu i 

varient dan s l e temp s e t j 'a i compar e ce t algorithm e ave c le s autre s algorithme s 

decrits precedemmen t dan s l a litterature . L'algorithm e propos e es t un e extensio n d e 

I'algorithme permutationne l qu i inclu t un e method e d'echantillonag e acceptation/re-

jet. Tou s le s algorithmes etudie s on t gener e de s jeux d e donnees qu i un e fois analyses , 
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ont fourn i de s estimes d e coefficents a u biai s minima l e t don t l a variance etaien t sem -

blables. Cependant , I'algorithm e qu e j 'ai propos e a  redui t l e temp s d e calcu l d e plu s 

de 5 0 pourcen t e n comparaiso n ave c le s autre s methodes . 

J'ai utilis e de s simulation s pou r etudie r d e faco n systematiqu e le s propriete s d e l a 

methode d e dose s cumulative s ponderees . Si x fonction s d e ponderatio n on t et e en -

visagees. Le s simulation s on t demontr e qu e dan s l a plupar t de s cas , l a method e qu e 

j 'a i propose e a  ete capabl e d e recapture r l a vraie form e d e l a fonction d e ponderatio n 

et d e produir e de s estime s d e I'effe t de s dose s cumulative s ponderee s su r l e risqu e 

qui etaien t pre s d e ceu x utilise s pou r genere r le s donnees . 

Je conclu s e n illustran t l a method e d e doses cumulative s ponderee s afi n d e reevalue r 

I'association entr e I'utilisatio n d e quelque s benzodiazepine s e t le s blessure s reliee s 

aux chutes . Pou r c e faire , j 'utilis e de s donnee s administrative s su r un e cohort e d e 

personnes agee s qu i on t initi e u n traitement d e benzodiazepin e entr e 199 0 an d 2004 . 
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CHAPTER 1 
Preface 

1.1 Forma t o f th e thesi s 

This manuscript-base d thesi s consist s o f a  collection o f thre e papers , fo r whic h I 

am the primar y author , a s well a s separate chapters : Introduction , Literatur e review , 

Objectives, an d Discussion . Th e thre e manuscript s ar e relate d an d complemen t eac h 

other t o for m a  cohesive bod y o f researc h tha t addresse s th e objective s o f th e thesis . 

The forma t o f th e paper s respect s th e McGil l Universit y Guidelines  for  The-

sis Preparation 1 .  Eac h manuscrip t correspond s t o a  chapte r o f th e thesis . A 

preamble t o eac h o f th e manuscript s explain s it s rational e an d it s relatio n t o th e 

other manuscript s an d t o th e objective s o f th e thesis . I n addition , tw o o f th e thre e 

manuscripts ar e followed b y a  subsection tha t contain s additiona l materia l tha t coul d 

not b e included i n the manuscrip t du e to spac e limitatio n bu t i s relevant t o th e thesis . 

All publication s cite d i n eac h o f th e manuscrip t ar e liste d i n th e Reference s section , 

at th e en d o f th e thesis . Finally , th e finding s o f th e thre e manuscript s ar e discusse d 

in th e las t chapte r o f th e thesis . 

This thesi s ha s bee n typesette d wit h I5T^ X withi n th e open-sourc e KD E Inte -

grated Environment . 

1 http://www.mcgill.ca/gps/current/programs/thesis/guidelines / 

preparation/ 

2 
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1.2 Contribution s o f Author s 

The topic , objective s an d method s o f m y thesi s wa s selecte d conjunctl y wit h m y 

thesis supervisor , Dr . Abrahamowicz . I  conducte d an d wrot e th e literatur e review , 

which wa s refine d i n discussio n wit h Dr . Abrahamowicz . I  designe d an d wrot e 

all th e program s necessar y t o implemen t th e ne w statistica l method s propose d i n 

manuscripts 1  an d 2 , t o validat e thes e method s i n simulations , an d perfor m al l th e 

data managemen t an d empirica l analyse s reporte d i n manuscrip t 3 . 

I interprete d an d summarize d th e results , bot h fro m th e empirica l analyse s an d 

simulations. I  wrot e th e thre e scientifi c manuscript s an d th e othe r section s o f th e 

thesis. D r Abrahamowic z provide d guidanc e an d feedbac k o n th e methods , analyses , 

design an d interpretatio n o f result s an d o n th e draf t o f al l thre e papers . 

The member s o f m y thesi s supervisio n committee , Dr . Pilot e an d Dr . Tamblyn , 

provided clinica l an d epidemiologica l expertis e an d guidanc e regardin g th e interpre -

tation o f th e results . I n addition , Dr . Tambly n provide d th e dat a o n benzodiazepin e 

use i n th e elderly , whic h wer e analyze d i n th e thir d manuscript , usin g th e method s 

developed i n th e secon d manuscript . 
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C H A P T E R 2 
Introduction 

Epidemiological an d medica l researc h provide s numerou s example s o f exposure s 

that var y ove r time, bot h i n terms o f status an d intensity . Example s o f t ime an d inten -

sity varyin g exposure s includ e historie s o f dru g treatmen t i n pharmacoepidemiolog y 

[1, 2] , repeate d measurement s o f laborator y test s i n clinica l researc h [3] , socioeco -

nomic positio n i n socia l epidemiolog y [4] , smokin g pattern s ove r t im e [5 ] i n publi c 

health, o r long-ter m exposur e t o a  pollutant i n occupationa l healt h an d environmenta l 

epidemiology [6] . 

When modellin g th e associatio n betwee n comple x pattern s o f exposur e an d th e 

risk o f a n outcome, i t i s crucial t o tak e int o accoun t th e tempora l change s i n exposur e 

status an d intensity . Updatin g th e exposur e statu s i n th e mode l ma y b e preferabl e 

to usin g th e baselin e value s only , a s the predictiv e abilit y o f th e baselin e value s ma y 

decrease ove r t im e [3] . Mor e importantly , ignorin g th e timin g o f individua l change s 

from th e unexposed  t o th e exposed  statu s ma y lea d to seriou s bia s in the estimate s o f 

the associatio n betwee n th e exposur e an d a n outcom e [7 , 8 , 9] . However , modellin g 

the associatio n betwee n comple x pattern s o f exposur e an d th e ris k o f a n outcom e 

is challenging , especiall y give n th e uncertaint y abou t th e etiologica l relevanc e o f 

exposures take n i n differen t t im e period s [10 , 11 , 12 , 13] . 

At th e modellin g stage , time-dependen t covariate s ma y b e use d t o represen t 

changes i n exposur e statu s an d intensit y [14 , 15 , 16] . Moreover , th e specificatio n o f 

the time-dependent variabl e appropriat e fo r a  given analysi s depends on the underlyin g 

assumptions abou t th e associatio n betwee n exposur e an d th e risk . A  binar y indicato r 

4 



of curren t exposur e statu s ignore s th e intensit y o f exposure , which , i n th e cas e o f a 

true dose-respons e relationship , ma y lead to a  less precise an d efficient estimatio n an d 

testing o f the effec t o f exposur e tha n curren t intensit y o f exposure [17] . O n th e othe r 

hand, bot h curren t measure s o f exposur e ignor e th e pas t histor y o f exposur e and , 

thus, implicitl y assum e tha t exposur e ha s n o cumulativ e effects . Time-dependen t 

variables suc h a s duratio n o f pas t exposur e o r cumulativ e intensity , define d a s th e 

sum o f al l pas t exposur e intensities , tak e pas t exposure s int o account . However , 

these measure s implicitl y assum e tha t al l pas t exposure s ha d th e sam e effec t o n th e 

current ris k o f a n outcome , regardles s o f thei r t iming . 

These assumption s ma y likel y b e to o stringen t fo r man y epidemiologica l an d 

clinical applications . A  mor e genera l exposur e metric , th e weighte d cumulativ e ex -

posure (WCE) , ha s bee n suggeste d b y bot h Breslo w [18 ] an d Thoma s [19 ] an d oper -

ationalized b y Vace k [12] , I t wa s suggeste d tha t pas t exposure s shoul d b e weighte d 

according t o a  function tha t assesse s thei r contribution s t o th e curren t risk , an d th e 

weighted exposure s accumulate d t o creat e a  cumulativ e weighte d exposur e metric . 

In mos t application s o f th e WCE , onl y a  limite d se t o f a  priori  specifie d parametri c 

weight function s wa s considere d an d th e weigh t functio n tha t ha d th e bes t f i t t o 

the dat a wa s selecte d [12 , 14] , However , th e correc t analytica l for m o f th e weigh t 

function i s seldo m known , an d incorrec t specificatio n o f th e parametri c for m o f th e 

exposure metri c ma y lea d t o invali d result s [12 , 20] . 

Alternatively, th e weight functio n ma y b e estimated usin g flexible techniques tha t 

avoid a  priori  assumption s abou t th e analytica l for m o f thi s function . A  metho d ha s 

been propose d t o estimat e th e weigh t functio n i n the contex t o f a  case-control study , 

where onl y a  singl e valu e o f th e weighte d cumulativ e dos e need s t o b e calculate d 

for eac h subjec t a t he r o r hi s outcom e o r inde x dat e [11] . Case-contro l studie s 

are particularl y usefu l whe n th e dat a o n th e underlyin g cohor t ha s no t alread y bee n 
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collected an d whe n i t i s mor e efficien t t o collec t informatio n o n a  sampl e o f th e 

cohort onl y [21] , I n man y circumstances , studie s ar e base d o n cohort s tha t hav e 

already bee n assembled , suc h a s administrative database s fo r pharmacoepidemiolog y 

[22]. Consequently , i t migh t b e mor e straightforwar d t o analyz e thes e dat a wit h 

survival model s wit h t im e t o even t models , specificall y develope d fo r prospectiv e 

designs, suc h a s th e Co x proportiona l hazard s mode l [23 , 24 , 25 , 26] . T o date , n o 

parametrization o r estimatio n technique s hav e bee n suggeste d t o estimat e th e effec t 

of a  time-dependen t WC E i n th e Co x proportiona l hazard s model . 

The primar y objectiv e o f thi s thesi s i s t o develo p a  metho d fo r flexibl e estima -

tion o f th e cumulativ e effect s o f time-varyin g exposure s i n Co x proportiona l hazard s 

analyses o f t ime-to-even t data , whil e takin g int o accoun t th e timin g o f th e exposure . 

I wil l develo p a  weighte d cumulativ e exposur e metri c (WCE ) tha t assign s differen t 

weights t o pas t exposure s accordin g t o thei r importanc e i n explainin g th e curren t 

risk o f a n event . Th e WC E wil l b e incorporate d i n a  Co x proportiona l hazard s mode l 

and th e functio n tha t assign s weight s t o pas t exposur e wil l b e estimate d usin g cu -

bic B-splines , whic h avoi d th e nee d fo r a  priori  assumption s regardin g th e shap e o f 

the weigh t function . Modellin g th e WC E i n th e Co x mode l pose s specifi c analytica l 

and computationa l challenge s relate d t o change s ove r tim e i n bot h th e pattern s an d 

intensity o f exposure s an d thei r recency , i.e . th e distanc e i n t im e fro m th e curren t 

date. Th e latte r implie s tha t th e relativ e importanc e o f th e exposur e o n a  given dat e 

changes acros s ris k sets . 

I wil l us e simulation s t o investigat e an d validat e th e propertie s o f th e propose d 

estimates. However , t o dat e ther e i s a  lack o f validated , efficien t algorithm s fo r gen -

erating even t time s conditiona l o n comple x time-varyin g exposure s [27 , 28] . There -

fore, t o b e able to carr y ou t th e necessar y simulatio n studies , I  will extend an d validat e 

the us e o f th e permutationa l algorithm , originall y propose d t o simulat e even t time s 
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conditional o n non-proportiona l hazard s [29] , t o generat e even t time s conditiona l o n 

time-dependent covariates . 

Once th e WC E metho d i s validated , I  will the n illustrat e th e us e o f thi s metho d 

to re-asses s th e association s betwee n exposure s t o severa l benzodiazepine s an d fall -

related injurie s i n th e elderly . Benzodiazepine-specifi c analyse s wil l b e conducte d t o 

gain insight s abou t th e mechanism s tha t lin k individua l pattern s o f us e o f particula r 

benzodiazepines wit h fall-relate d injuries . 
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C H A P T E R 3 
Literature revie w 

This thesi s involve s thre e majo r components : (1 ) th e developmen t o f a  ne w 

method fo r th e flexibl e modellin g o f the cumulativ e effect s o f time-varyin g exposures , 

weighted b y recency , i n th e Co x proportiona l hazard s model , (2 ) th e developmen t 

of tool s fo r validatin g an d assessin g th e performanc e o f thi s ne w metho d throug h 

simulations, an d (3 ) a  real-lif e applicatio n o f th e metho d t o re-asses s th e associatio n 

between differen t benzodiazepine s an d fall-relate d injurie s i n th e elderly . 

The literatur e revie w contain s fiv e separat e sections , eac h summarizin g selecte d 

literature relevan t fo r on e o f the three component s o f the thesis . Sectio n 3. 1 present s 

the proportiona l hazard s mode l for th e analysi s o f t ime-to-even t data . Sectio n 3. 2 de -

scribes selecte d technique s fo r flexibl e modellin g o f functiona l relationships . Sectio n 

3.3 provide s a n overvie w o f th e approache s use d t o mode l time-dependen t exposure s 

in epidemiology . Th e literatur e revie w end s wit h sectio n 3.4 , whic h summarize s 

the result s an d th e method s use d i n publishe d studie s o n th e associatio n betwee n 

benzodiazepines an d fall-relate d injurie s i n th e elderly . 

3.1 Th e proportiona l hazard s mode l 

The semi-parametri c versio n o f th e proportiona l hazard s (PH ) model , propose d 

by Co x i n 1972 , i s use d extensivel y t o investigat e th e associatio n betwee n covariate s 

and time-to-even t i n prospectiv e studie s [30 , 31] . Befor e describin g th e P H model , 

I wil l firs t introduc e th e basi c concept s an d notatio n o f surviva l analysis . 
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3.1.1 Concept s an d notatio n o f surviva l analysi s 

Let X  b e a  random variabl e describin g th e even t time s o f a  cohort o f n  subjects . 

S(x) i s the surviva l function tha t represent s th e probabilit y tha t a n individua l survive d 

past t im e x , i.e . 
poo 

S(x) =  Pr(X  >  x ) =  /  f(v)dv  (3.1 ) 
J X 

with f  th e probabilit y distributio n functio n o f th e even t times . 

An importan t concep t i n surviva l analysis , tha t i s als o centra l t o th e P H model , 

is th e notio n o f hazar d function . Th e hazar d functio n ca n b e viewe d a s th e instan -

taneous ris k o f a n even t a t t im e x  an d i s defined a s 

= | | m P ( x < X < x +  A x | X > x ) 
V '  Ax—> 0 A X V  ' 

The associate d cumulativ e hazar d function , H (x ) i s define d as : 

H(x) =  [  h(v)dv  (3.3 ) 
Jo 

The surviva l functio n S(x ) ca n convenientl y b e written eithe r i n term s o f th e hazar d 

function h(x)  o r th e cumulativ e hazar d functio n H(x ) . Fo r continuou s X , th e hazar d 

can b e expresse d a s 

It follow s fro m (3.3 ) tha t 

H(x)= [  h(v)dv  =  - l n [ S ( x ) ] (3.5 ) 
Jo 

and thu s tha t 

S(x ) =  exp[—H(x) ] =  ex p - [  h(v)dv 
Jo 

(3.6) 
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However, becaus e o f limite d duratio n o f follow-up , sampl e attr it ion , an d com -

peting risks , even t time s ma y eithe r b e observe d o r censore d (unobserved) . Right -

censoring occur s i f subject s ar e los t t o follow-u p o r reac h th e en d o f th e stud y with -

out experiencin g th e event . I n such situations , th e censorin g t im e i s shorter tha n th e 

event time s an d thu s th e even t time s ar e a t th e righ t o f th e censorin g times . Le t C 

denote th e censorin g t im e an d assum e i t ha s a  cumulativ e distributio n G(C) . Unde r 

right-censoring, th e observed  even t time s ca n b e writte n a s a s T  =  min(C , X ). I n 

addition, base d o n th e compariso n o f C  and  X , w e ca n construc t a n indicator  o f 

non-censoring tha t take s th e valu e o f 1  onl y i f th e even t fo r individua l i  i s observe d 

during follow-up : 

5, =  1[X , <  C,] . (3.7 ) 

Otherwise, <5 , = 0 . Give n th e distributio n o f even t time s an d censorin g times , w e 

can construc t th e likelihoo d o f th e data . I n constructin g th e likelihood , w e mak e th e 

critical assumptio n tha t th e censorin g i s rando m (o r noninformative) , whic h state s 

that X  an d C  ar e independen t 1  .  Consequently , w e ca n writ e th e likelihoo d a s 

the produc t o f th e likelihoo d o f al l observation s (<5, , T(), /  =  1,... , n  [31] . Subject s 

censored a t t im e f , (5 , =  0 ) survive d u p t o t im e t , s o tha t 

Pr(T =  tj,6i  =  0 ) =  S(tj)  (3.8 ) 

while fo r subject s wh o experience d a n even t a t t im e f , durin g follow-u p (<5 , = 1) , 

Pr(T =  £,-,< 5 = 1 ) =  f(tj),  (3.9 ) 

1 If , a s require d later , th e even t time s o r th e censorin g time s ar e conditiona l o n a 
matrix o f covariate s Z  the n w e nee d the censorin g an d even t time s to b e conditionall y 
independent give n Z . 
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where f  i s th e probabilit y distributio n functio n o f th e even t times . Combinin g (3.8 ) 

and (3.9 ) fo r eac h singl e observation , th e likelihoo d ca n b e wri t te n as : 

P r ( T =  tj,6j)  =  [ ^ ( t / ) ] / [ 5 ( t / ) ] 1 - 5 / . (3.10 ) 

It follow s tha t fo r a  rando m sampl e o f n  subjects , assumin g independenc e o f obser -

vations, w e ca n construc t th e likelihoo d a s 

n 

L(t,5) =  H[f(t i)}5'[S(t,)Y-5'. (3.11 ) 
/=i 

Finally, usin g equation s (3.4 ) an d (3.6) , w e ca n writ e f ( t j ) =  /?(t;)S(t,- ) an d (3.11 ) 

can b e rewritte n as : 

n 

L(t,6) =  H[S(t l)h(tl)}5'S(tiy-5' (3.12 ) 
;=i 

n 

=nw*'-)]4'^)-
;=i 

3.1.2 Overvie w o f Co x proportiona l hazard s mode l 

The proportiona l hazard s mode l estimate s ho w th e hazar d depend s o n a  vecto r 

of covariate s value s Z : 

h(t\Z) =  h 0(t) exp(/3'Z) , (3.13 ) 

where h(t\Z)  i s th e hazar d a t t im e t  conditiona l o n covariat e vecto r Z , h 0(t) i s th e 

baseline hazar d correspondin g t o Z  =  0 , an d (3  is the vecto r o f associate d regressio n 

coefficients, i.e . logarith m o f hazar d ratio s associate d wit h a n uni t increas e i n a  give n 

covariate [30 , 31] . Th e P H mode l relie s o n th e assumptio n tha t th e independen t 

variables ac t multiplicativel y o n the hazar d functio n [32] . Th e P H mode l i s considere d 

semi-parametric becaus e a  parametric for m i s assumed fo r th e covariat e effects , whil e 

the baselin e hazar d i s considere d a s a  nuisanc e paramete r i n th e estimation , an d n o 

parametric assumptio n abou t it s for m i s imposed . 
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The mode l propose d b y Co x [30 ] assume s proportionalit y o f th e hazards , tha t i s 

the hazar d rati o fo r tw o vector s o f covariate s values , Z x an d Z 2 i s give n by : 

and i s constan t ove r t ime , s o tha t unde r mode l (3.13), an y tw o hazar d function s 

are proportiona l t o eac h other , regardles s o f th e chang e i n th e absolut e valu e o f th e 

hazard ove r t ime . Violation s o f th e proportionalit y assumption s ma y lea d t o biase d 

estimates [33]. Unde r noninformativ e censoring , non-proportionalit y o f hazard s wil l 

bias th e regressio n estimate s towar d th e nul l [34], Furthermore , th e model-base d 

variance ma y no t b e asymptoticall y vali d [33]. Severa l test s an d correction s fo r non -

proportionality o f hazards , includin g th e us e o f t ime-dependen t covariates , hav e bee n 

proposed bu t ar e no t discusse d her e [35]. 

The likelihoo d ca n b e derive d a s a  profil e likelihoo d i n whic h th e baselin e hazar d 

is considere d a  nuisanc e paramete r [36, 37], Conside r th e likelihoo d base d o n equa -

t ion (3.12), which assume s assume s noninformativ e censoring , an d th e definitio n o f 

hazard give n i n (3.13), which i s conditiona l o n th e vecto r o f covariate s Z . The n th e 

likelihood L  ca n b e wr i t te n as : 

HR= = e x p ( / 3 ' ( Z 1 - Z 2 ) ) 1 (3.14) 

n 

L((3, h 0(t)) =  Y[h 0(t)5'[exp(l3'Zi)}6'S(tl\Z„P) (3.15) 

Now, usin g equatio n (3.6) , 

S(tj\Zj,f3) =  exp[-H0(t) exp ( t , |Z„ f3 ) \ (3.16) 

so equatio n (3.15) become s 

n 

L((3. h 0(t)) =  [ ] h 0(t)5i[exp((3'Zj)]5i exp[-H 0(t,) exp(/3'Z,)] (3.17 ) 
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Consider th e profil e likelihoo d fo r h 0(t) obtaine d b y fixin g p.  Whe n event s d o 

not occu r (5 , =  0) , th e profil e likelihoo d i s maximize d b y settin g H 0(t) =  0 . Thi s 

implies tha t time s t  a t whic h n o event s occu r d o no t contribut e t o th e likelihoo d 

and ca n b e droppe d fro m th e profil e likelihood . I n fact , th e profil e likelihoo d i s bette r 

known a s th e partia l likelihood , becaus e i t doe s no t includ e th e nuisanc e paramete r 

that i s par t o f th e ful l likelihoo d [38 , 39] . 

Now conside r th e cas e whe n <5 , = 1 . Le t th e D  even t time s b e indexe d a s tj, 

j —  1, . . . , D  an d h 0(tj) b e th e correspondin g value s o f th e baselin e hazar d a t thos e 

time. Then , usin g (3.17 ) th e profil e likelihoo d fo r h Q(t) ca n b e writ te n a s 

D 
L(ho(ti) h Q(tD))cxl[ho(tj) expOS'Z* ) (3.18 ) 

i-1 keR(tj) 

where R(tj)  i s th e ris k se t a t t im e tj,  th e se t o f al l individual s tha t wer e stil l a t ris k 

at t im e tj,  includin g thos e wh o ha d a n even t a t t im e tj.  2 

The maximu m likelihoo d estimato r o f h oi(t) i s give n by : 

^ =  £ t W j ) e x p ( f f Z . ) < 3 1 9 > 

By substitutin g (3.19 ) i n (3.15) , w e obtai n a n expressio n o f th e profil e likelihoo d 

that doe s no t depen d o n th e baselin e hazar d h 0(t): 

2 Whe n multipl e event s occu r a t th e sam e t im e (ties) , on e ca n expres s th e partia l 
likelihood b y considering th e tie s a s distinc t time s eac h o f whic h ha s a  ris k set , whic h 
is a  vali d approximatio n whe n tie s ar e fe w [31] . Alternativ e method s ar e availabl e 
(e.g. Efro n [31] ) bu t ar e no t discusse d here . 
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Iterative maximizatio n o f the likelihoo d ca n b e used to estimat e the/3 coefficient s 

The estimate s o f f3  ar e asymptoticall y norma l s o Wal d tes t ma y b e use d t o 

test th e nul l hypothesi s tha t a  componen t o f th e vecto r / 3 i s zero . Fo r larg e n,  th e 

likelihood rati o tes t ma y b e use d t o tes t th e hypothesi s tha t severa l component s o f 

the P  vecto r ar e zer o b y comparin g mode l M lt whic h i s neste d i n mode l M 2 an d 

computing th e Likelihoo d Rati o Tes t (LRT ) as : 

and compar e i t wit h th e critica l valu e take n fro m a  x 2 distributio n wit h degree s o f 

freedom give n b y th e differenc e i n th e numbe r o f parameter s i n th e tw o models . 

3.1.3 Th e countin g processe s formulatio n o f th e proportiona l hazard s mode l 

The P H mode l ca n accommodat e time-dependen t (TD ) covariates , i.e . covari -

ates tha t chang e i n statu s o r intensit y ove r tim e [30] . Modellin g o f T D variable s wil l 

be covere d i n sectio n 3. 3 bu t thei r inclusio n i n th e P H mode l i s discusse d here . 

Consider th e followin g mode l tha t includ e a  T D covariat e Z ( t ) : 

In order t o estimat e the P H mode l with T D covariates , i t i s helpful t o describ e th e P H 

within th e genera l framewor k o f model s fo r countin g processe s develope d b y Aale n 

and develope d b y Anderso n an d Gil l fo r surviva l analysi s [40 , 41] , 

Consider A/,(t) , a  proces s tha t count s th e numbe r o f observed  failure(s ) o f eac h 

subject / , / =  1  u p t o tim e t,t  >  0 . Th e countin g proces s A/,(t ) i s a  ste p 

function wit h A/,(0 ) =  0 . Le t Y(t)  b e a  proces s tha t indicate s whethe r th e individua l 

/ is at ris k a t t im e t,  tha t i s ,  Yj(t) =  1[T , >  t}.  Then , /V,(t ) ha s an intensit y functio n 

[31]. 

LRT =  2(LL(M 2) ~  LL(Mi)) (3.21) 

h(t\Z{t)) =  h 0(t)exp P'Z(t) (3.22) 
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A,( t ) , tha t represent s th e probabilit y o f a n even t occurrin g i n th e interva l ( t , t  +  A] : 

A i(t) =  Y i(t)ai(t) (3.23 ) 

where 

= P f [ N , ( t +  A ) - A / ( t ) = l | X ( t ) =  l ] 

v '  A—> 0 A 

is analogous t o th e hazar d i n (3.2) . Th e proces s A/,-(t ) i s a  Poisso n proces s wit h rat e 

<Xi(t). 

If a. 0(t) i s lef t unspecified , the n w e obtai n th e s o calle d Anderso n an d Gil l 

generalization o f th e P H mode l [42] : 

a(t) =  a 0(t)exp((3'Z). (3.25 ) 

Expressing th e P H mode l a s a  countin g proces s facilitate s th e inclusio n o f T D 

covariates. Th e dat a fo r a  singl e subjec t ar e expresse d a s multipl e observation s (o r 

multiple row s i n th e covariat e matri x Z ) , eac h o f whic h describin g th e interva l t im e 

[ t i , t 2) fo r whic h th e T D covariate s ar e constant . 

The naiv e varianc e estimat e o f 0  i n th e P H mode l assume s tha t observation s 

are independen t [31] . However , i n th e countin g proces s versio n (3.25) , observation s 

belonging t o th e sam e individua l / ' ar e no t independen t o f eac h other , s o a  robus t 

procedure mus t b e use d t o obtai n a  variance estimat e o f 0  tha t take s thi s clusterin g 

into accoun t [41] , Robus t standar d error s for 0  ca n b e obtain usin g groupe d jackknif e 

techniques [41] , Le t b e the vecto r o f maximu m likelihoo d estimate s o f th e vecto r 

(3 obtaine d fro m a  datase t fro m whic h all  th e observation s pertainin g t o individua l 

/ hav e bee n removed . Le t th e matri x J  b e th e differenc e betwee n eac h o f th e /3_ , 

estimates, /  =  1,... , n  and 0  th e maximu m likelihoo d estimat e obtaine d fro m (3.25) . 
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Then th e varianc e of  0  i s estimate d usin g a  sandwich estimato r o f th e for m [41] : 

Var0) =  (J-  J) 1 (J -  J) . (3.26 ) 
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3.2 Flexibl e modellin g o f function s 

In thi s section , I  discus s selecte d method s fo r flexibl e modellin g function s f(x) 

of a  continuous variabl e x  i n regressio n analysis . Commo n example s o f a  function t o 

model ar e thos e o f th e relationshi p betwee n a  continuous covariat e an d a n outcom e 

[20, 43] . I n surviva l analysis , flexibl e statistica l method s hav e bee n use d t o mode l 

flexible function s o f t im e representin g eithe r th e hazar d [44 , 45 ] an d densit y function s 

[46], o r th e time-dependen t hazar d rati o [47 , 48 , 49] . 

For simplicity , i n this review , I  focus on the estimatio n o f the relationshi p betwee n 

x an d y , whic h i s represente d wit h th e smoot h functio n f , suc h tha t 

y =  f ( x ) +  e  (3.27 ) 

In som e specifi c settings , theoretica l knowledg e allow s th e us e o f a  full y para -

metric mode l wher e th e functiona l for m o f f(x)  i s explicitl y specifie d [50] , e.g . i n 

pharmacokinetics model s o f dru g half-lif e elimination . I n suc h parametri c regressio n 

models, f(x)  i s specifie d a  priori  an d th e tas k o f th e dat a analys t i s limite d t o th e 

estimation o f it s parameter(s ) [51] . 

When th e functiona l for m o f f  i s correctl y specified , usin g a  parametri c mode l 

is bot h simpl e an d efficient , becaus e th e numbe r o f parameter s t o estimat e i n th e 

parametric mode l i s smalle r tha n i n it s nonparametri c counterpart , an d becaus e th e 

former avoid s th e ris k o f overfittin g bia s [52] , Anothe r advantag e o f parametri c 

models i s that thei r estimatio n an d inferenc e ca n easil y b e done usin g straightforwar d 

methods base d o n thei r likelihoo d functio n [53] . 

However, althoug h man y parametri c model s ma y b e robus t t o sligh t departure s 

from thei r ow n assumption s [54] , mor e sever e departures wil l likel y caus e inconsisten t 

parameters estimates , tha t is , estimate s tha t d o no t converg e t o th e tru e maximu m 
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likelihood valu e [54 , 52 , 55] . Incorrec t assumption s regardin g th e for m o f f ( x ) ma y 

also lea d t o decrease d powe r and/o r incorrec t etiologi c conclusion s [12 , 20] . 

In application s o f regressio n analysis , ther e i s typicall y n o biologica l mode l o r a 

priori knowledg e t o guid e th e choic e o f a  singl e functiona l for m o f f(x).  I n suc h 

cases, i t i s possibl e t o conside r severa l model s wit h differen t functiona l form s fo r 

f ( x ) [12 , 56 ] an d t o selec t th e bes t mode l usin g a  statistica l criterio n suc h a s th e 

Akaike informatio n criterio n (AIC ) [57] , th e Bayesia n informatio n criterio n (BIC ) [58 ] 

or wit h othe r method s tha t ar e base d o n th e residua l analysi s [59] . 

Alternatively, rathe r tha n specifyin g a n explici t parametri c for m fo r f ( x ) , i t i s 

possible t o represen t f ( x ) wit h mor e flexibl e method s tha t simpl y assum e tha t f ( x ) 

will b e a  smoot h functio n o f arbitrar y shap e [60] . Th e challeng e i s t o choos e a 

flexible metho d t o mode l f ( x ) an d t o decid e ho w smoot h th e estimat e shoul d b e 

[56]. Findin g th e functiona l for m o f f(x)  involve s tw o competin g aims : obtainin g a 

good f i t t o th e dat a whil e avoidin g overfitt in g bia s [61] , A  mode l i s overfittin g th e 

data whe n i t become s to o dependen t o n th e particula r featur e o f th e sampl e s o tha t 

it produce s a n estimat e o f f(x)  tha t fluctuate s to o muc h o r to o rapidl y t o reflec t 

the tru e for m o f f  i n th e underlyin g populatio n [61] . Model s tha t ar e to o flexibl e o r 

too comple x fo r th e dat a wil l likel y produc e overfitt in g bias . A s th e complexit y o f a 

model increases , large r an d large r amoun t o f dat a ar e require d t o avoi d unacceptabl y 

large increase s i n varianc e [51 , 62] , I n fact , thi s issu e shoul d b e considere d whil e 

keeping i n min d th e principl e o f Occam' s razor , a s expresse d b y Clayto n an d Hills : 

when considering  two  explanations  for  a  given  problem,  the  simplest  explanation 

consistent with  the  known  fact  should  be  preferred  [36] . 

In thi s section , I  discuss severa l method s tha t mode l f(x)  smoothly , namel y re -

gression polynomial , fractiona l polynomials , regressio n spline s an d smoothin g splines , 
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while highlightin g som e o f thei r strength s an d weaknesses . Thes e method s wer e se -

lected becaus e o f thei r us e i n epidemiolog y an d clinica l researc h [56 , 49 , 63 , 64 ] 

and becaus e the y ar e availabl e i n mos t statistica l softwar e suc h a s R , SAS , S  an d 

Stata [65 , 66 , 67 , 68] . Du e t o spac e restrictions , th e followin g overvie w represent s 

a somewha t arbitrar y selectio n o f topic s partl y relate d t o th e relevanc e o f specifi c 

issues o f m y thesi s research . 

3.2.1 Polynomia l regressio n 

Polynomial function s o f th e for m 

where n  e  N , represent s th e degre e o f th e polynomial , provid e a  simpl e metho d 

to represen t function s [69] . Th e function s i n th e polynomia l basi s x ' , /  =  1  , . . . ,n 

are eas y t o comput e fro m th e dat a an d th e resultin g polynomia l (3.28 ) i s linea r i n 

the parameter s t o estimat e (a i a n) [60] , However , polynomia l function s hav e 

several limitations . First , th e se t o f shape s tha t polynomial s ca n represen t i s limite d 

[70]. Polynomial s o f hig h orde r ar e require d t o mode l mor e comple x shapes , whic h 

implies tha t a  larg e numbe r o f parameter s mus t b e estimated . Thi s ma y caus e 

overfitt ing bia s an d unstabl e estimate s i f ther e ar e no t enoug h dat a point s [70] . 

Second, hig h orde r polynomial s ar e particularl y pron e t o loca l bia s [60] : a  chang e i n 

the behaviou r o f f ( x ) nea r a  give n poin t x * ma y caus e importan t change s aroun d 

distant point s x . Thi s cause s polynomial s t o b e sensitiv e t o outlier s [71] . Finally , 

while polynomia l model s ma y giv e a  goo d f i t t o th e observe d data , the y hav e poo r 

extrapolation properties , especiall y fo r highe r orde r model s [70] . Finally , fo r positive -

valued argumen t x , polynomial s o f differen t order s ar e highl y correlated . Thi s make s 

this approac h inefficien t an d increase s th e ris k o f near-multicollinearity . 

n 

(3.28) 
/=o 
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Fractional polynomial s 

The fractiona l polynomia l approac h provide s a  mor e refine d approac h t o th e 

flexible modellin g o f function s [63] . 

A fractiona l polynomia l o f degre e m  i s a  function o f <p m(x,(3, p)  fo r x  >  0 , suc h 

that3 : 
m 

d>m(x,P,P) =  Y t P j H j ( x ) (3.29 ) 
j=0 

where fo r j  =  1, ..., m: 

\ X W i f p j ^  Pj~ i 
Hj(x)=l (3.30 ) 

[ Hj -i(x) ln(x ) \ip J =  p J-1 

and wher e p j an d p/_ i belon g t o a  vecto r o f power s p e R , an d /3 =  {/3 0, •••, Pm} i s 

a vecto r o f real-value d coefficients . I f P j =  0 , the n x Pj i n (3.30 ) i s replace d b y In x 

[72], Conditiona l o n th e value s o f m  an d p,  0 m ( x , / 3 ,p ) i s a  linea r functio n o f Hj(x) 

with coefficient s / 3 t o b e estimated . 

In practice , polynomial s o f degre e m  <  2  ar e believe d t o b e sufficien t t o mode l 

most application s [72] . Consequently , equation s 3.2 9 ca n b e convenientl y re-writte n 

as two functions , FP l(x) an d FP2(x ) : 

F P l ( x ) =  jSixto * (3.31 ) 

and 

/3 i x (p i )+/32x0*>, i f p i / p 2 

FP 2(x ) =  < ( (3.32 ) 
/3iX (p) +  /3 2* ( p ) I n x i f p i =  p 2 =  p. 

3 I f x  <  0 , a  chang e i n th e origi n ( x —  ip) o r a  mor e complicate d quasi-linea r 
transformation ca n b e applie d [72 ] 
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Proponents o f thi s techniqu e sugges t usin g th e se t o f powers : 

p={-2,-1,-^,0,^.1,2,3}. (3.33 ) 

Thus, i n additio n t o th e shap e o f conventiona l polynomials , fractiona l polynomial s 

of degre e m  ca n represen t curve s wit h asymptotes , a s wel l a s curve s wit h rapi d 

curvatures [72] , 

The mode l buildin g strateg y involve s findin g th e bes t f i t t in g model s fo r F P l ( x ) 

and FP 2(x) usin g th e devianc e D  =  —  2 x  log-likelihood , wit h lowes t devianc e indi -

cating a  bette r f i t [72] , 

Once th e bes t model s fo r F P l ( x ) an d F P 2 ( x ) ar e selected , the y ar e compare d 

using a  test wher e th e bes t f i t t in g mode l fo r F P 2 ( x ) i s preferred ove r th e bes t f i t t in g 

model fo r F P l ( x ) i f 

D ( F P l ( x ) ) -  D ( F P 2 ( x ) ) <  xio.9 0 ( 3 - 3 4 ) 

The tes t i n (3.34 ) ha s two degree s o f freedom, respectivel y fo r th e additiona l variabl e 

due t o th e us e o f FP2 (x ) an d th e additiona l paramete r p 2 t o estimate . 

In a  simila r fashion , on e ca n tes t whethe r th e bes t f i t t in g F P l ( x ) ha s a  bette r 

f i t tha n a  straigh t lin e mode l b y usin g comparin g th e differenc e i n th e devianc e o f 

the tw o model s i n a  fashion simila r t o (3.34) . 

In cases where a  subset o f model s hav e simila r deviance s an d test s d o no t selec t 

an overal l best-fittin g model , th e fina l choic e o f a  mode l depend s o n th e appearanc e 

of th e curve s i n relatio n t o th e dat a an d o n a  priori  knowledg e o f th e proble m [72] , 

Fractional polynomial s hav e th e simila r disadvantage s tha n conventiona l poly -

nomials, althoug h ofte n a t a  lesse r extent : thei r lac k o f flexibilit y ma y lea d t o a  poo r 

f i t an d the y ar e als o pron e t o loca l bia s becaus e eac h functio n i n th e basi s span s th e 

entire rang e o f argumen t value s [63] . 
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3.2.2 Regressio n B-spline s 

Regression B-spline s i s a n alternativ e t o th e flexibl e modellin g o f functions . A 

regression B-splin e functio n i s a  curve tha t i s represente d a s a  linea r expressio n o f a 

B-spline basis , whic h i s a  set o f piecewis e polynomial s o f degre e p,  eac h define d ove r 

a limite d domai n [73 , 60] . A  splin e i s forme d o f a  sequenc e o f adjacen t polynomia l 

pieces, eac h coverin g a  limited interva l o f x  values , whic h ar e joined smoothl y a t pre -

specified point s calle d knots . Th e smoothnes s o f th e splin e i s ensure d becaus e th e 

polynomials an d thei r firs t an d secon d derivative s ar e constraine d t o b e equa l a t th e 

knots [45 , 60] . Fo r example , Figur e (3-1 ) show s ho w a  cubi c B-splin e (soli d line ) 

can b e constructe d fro m fou r polynomia l piece s (dotte d lines) . Th e vertica l line s 

indicate th e knot s wher e adjacen t polynomial s an d thei r firs t an d secon d derivative s 

are equal . 

X 

Figure 3-1 : Fou r piecewis e cubi c polynomial s formin g a  cubi c splin e (orde r 4 ) 
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A B-splin e basi s i s a  collectio n o f suc h splines . Fo r example , i n Figur e (3-2) , a 

cubic B-splin e basi s i s represente d usin g dotte d curve s wit h arrow s pointin g a t th e 

knots. 

\ / 

/ • . 

i / 
' / 

/ " 
/ V 

0 O l 0 2 0 3 0 4 0 5 0 6 0 7 0 8 0 9 1 

Figure 3-2 : Cubi c B-splin e basi s wit h arrow s pointin g a t knot s positio n 

The B-splin e basi s ca n b e constructe d a s follows . Conside r a  B-splin e basi s o f 

order p  define d ove r th e interva l [a , b]. Give n m  interior  knot(s ) kj,  j  =  l,...,m, 

such tha t a  <  kj  <  b,  th e B-splin e basi s wil l consis t o f m  +  p  polynomial s o f degre e 

p [74] . T o construc t suc h basis , w e nee d t o se t p  exterio r knot s o n eac h sid e o f th e 

interval [a , b]  ove r whic h th e splin e basi s i s define d [11] . Assume , withou t los t o f 

generality, tha t kj- 1 =  a , .. . kj- p =  a-  p  — 1  and tha t k J+i =  b,  ...  k J+p =  a  + p—1. 

Then, th e B-splin e basi s function s ca n b e define d recursivel y a s [11] : 

Bj, o(x) = 
1, i f k;  <  x  <  k 

(3.35) 
0 otherwis e 
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and 

Bj,P(x) 
x -  k 

kj+p kj 
J B j ^ x ) 

Kj + n+1 — X 

kj+n+1 —  kj +1 
Bj+i.p-i(x) (3.36) 

where a  <  x  <  b. 

Figure (3-3 ) show s exampl e o f B-splin e base s o f orde r 1- 4 (degree s 0-3) , eac h 

defined ove r th e interva l [0,1] , an d eac h usin g thre e interio r knot s a t 0.2 , 0.4 , an d 

0.7. Basi s function s o f degre e 1  ar e ste p function s an d degre e 2  ar e broke n lines , 

which ensur e continuit y o f th e functio n bu t no t o f it s derivatives . Th e firs t an d 

second derivative s o f base s o f degre e 3  ar e continuous . 

Order 1  (step functions ) 

0 0. 2 0 4 0. 6 0. I 

Order 2  (linear functions ) 

* n  ( x 
* /  x  / 1 /  X  , 

4 /  x  / 
V v 
/ ' / x 
' \ '  ( / X 
' \  ' » / X ' V  »  /  v  ' L \  I  / -

\ / \ / \ / A / X 

0 0. 2 0. 4 0. 6 0. 8 1 

Order 3  (quadratic functions ) Order 4  (cubic functions ) 

W / 
U yj 
* /X 

x
 *

 N 

x ,  \  /  ' . y / X / x * I \ I  X  ,  v  /  \  I 
I X / \  , \  / \  / » 
I A  V  <  A  I 
L - J-  - ^  ^ ^  ̂— — ^ — — 
0 1  o!2 '  ol 4 '  o! 6 '  ol 8 i 

, , \  /  V  /  X  ,  s  / 
. v  ^  v 
n / \ 

' > " ' < V  \  > ' '« 
' n  ,  -  '  v  I l. -  <  v -

0 0. 2 0. 4 0. 6 0. 8 1 

Figure 3-3 : B-splin e basi s function s o f orde r 1  to 4  wit h interio r knot s a t 0.2 , 0.4 , 
and 0. 7 

Given pre-specifie d th e B-splin e basis , th e splin e functio n f(x)  i s define d a s a 

linear combinatio n o f th e basi s functions : 

m+p 
f(x) =  J2^ JBJ(t) 

j=i 
(3.37) 
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where ct j ar e coefficient s tha t nee d t o b e estimated . Figur e (3-4 ) show s th e splin e 

functions associate d wit h eac h o f the B-splin e base s of Figur e (3-3 ) fo r arbitrary 4 val -

ues o f a.j . Function s obtaine d fro m quadrati c an d cubi c B-splin e base s ar e smoothe r 

than thos e obtaine d wit h th e basi s o f orde r 1  or 2  an d are , therefore , mor e clinicall y 

plausible. 

Order 1 

0 0. 2 0. 4 0. 6 O. I 

Order 2 

0 0. 2 0. 4 0. 6 0. 8 1 

Order 3 

0 0. 2 0. 4 0. 6 0. I 

Order 4 

0 0. 2 0. 4 0. 6 0. 8 1 

Figure 3-4 : Splin e function s associate d wit h th e base s i n Figur e (3-3 ) 

Choice o f th e numbe r an d locatio n o f knot s 

Given th e pre-specifie d orde r o f th e B-splin e basis , th e flexibilit y o f th e estimate d 

spline functio n depend s o n th e numbe r o f knot s selected , wit h a  large r numbe r o f 

knots leadin g t o a  greate r flexibilit y [60] . Whil e ther e i s n o theoretica l basi s fo r 

selecting a  specific numbe r o f knots , parsimon y i s often preferre d becaus e the varianc e 

4 Value s o f ocj  for th e base s o f orde r 1  to 4  were , respectively : {0.6 , 0.9 , 0.4, 0.2} , 
{0.6, 0.9 , 0.4, 0.2, 0.2}, {0.6 , 0.6 , 0.9, 0.4, 0.2, 0.2}, {0.6 , 0.6 , 0.6, 0.9, 0.4, 0.2, 0.2} . 
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of th e estimate d splin e functio n an d th e ris k o f overfittin g increase s wit h th e numbe r 

of knot s [73] . I n practice, u p to 5  knots ar e deemed sufficien t t o mode l mos t nonlinea r 

functions o f interes t [75] . 

In setting s wher e ther e i s som e prio r informatio n o n th e functio n t o model , 

for exampl e whe n modellin g th e chang e i n th e incidenc e o f a  diseas e followin g th e 

introduction o f a  ne w treatment , knot s ma y b e place d wher e th e estimate d curv e 

is expecte d t o sho w mor e curvatur e [73] , I n mos t settings , however , th e interes t i s 

in th e genera l shap e o f th e curv e an d no t th e position s o f th e knot s [73] . I n thes e 

cases, interio r knot s ca n b e place d a t equa l distance s ove r th e interva l ove r whic h th e 

spline basi s i s defined . Alternatively , th e interio r knot s k,  k  =  1, . . . , K  ca n b e place d 

at th e ^q-j - quantil e o f th e distributio n o f x  [45] . Thi s approac h ensure s tha t eac h 

segment o f f(x)  ha s comparabl e suppor t fro m th e dat a [45] . Then , severa l model s 

with differen t numbe r o f knot s ca n b e estimate d an d compare d usin g criteri a suc h 

as the AI C o r BI C t o selec t th e appropriat e numbe r o f knots , an d thu s flexibility , fo r 

the proble m a t han d [45 , 11] . 

An alternativ e i s t o conside r th e kno t locatio n a s a n additiona l meta-paramete r 

that need s t o b e estimated . Th e mai n issu e wit h doin g s o i s tha t knot s ente r int o 

the regressio n proble m i n a  nonlinea r fashion , givin g ris e t o al l th e know n problem s 

of estimatio n an d inferenc e abou t model s tha t ar e nonlinea r i n thei r parameter s [76] . 

Furthermore, method s tha t at temp t t o estimat e th e numbe r an d positio n o f knot s 

are quit e computer-intensiv e an d requir e specialize d softwar e [73] . 

Other regressio n splin e base s 

The previou s sectio n focuse d o n B-splin e basi s bu t severa l othe r basi s option s 

exist fo r regressio n spline s [71 , 60] . On e optio n i s the truncate d powe r basis , whic h 
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is base d o n th e truncate d powe r function s o f orde r p  define d a s [71] : 

(x -  kj) p i f x  >  kj, 

0 i f x  <  kj, 
(3.38) 

where k j ar e th e knots . Fo r a  give n se t o f knots , mor e coefficient s nee d t o b e 

estimated fo r th e truncate d powe r basi s tha n fo r th e B-splin e basi s [77] , I n addition , 

B-spline base s hav e a  bette r numerica l stabilit y tha n truncate d powe r base s becaus e 

of th e collinearit y betwee n truncate d powe r function s [78] . 

Another usefu l basi s i s the M-splin e basis , which , lik e th e B-splin e basis , ca n b e 

defined recursivel y [60] . Eac h M-splin e o f degree m  ha s the propertie s o f a  probabilit y 

density functio n ove r th e interva l betwee n th e knot s k j an d k J+m, i s positiv e an d 

satisfies th e normalizin g propert y tha t [60 ] 

Therefore, b y constrainin g th e splin e coefficient s oc j i n suc h that , a, - >  0 

and J 2 a j =  1 - th e resultin g splin e estimat e als o satisf y th e propertie s o f a  densit y 

function [79] . Th e mai n differenc e betwee n th e M-splin e an d B-splin e base s concern s 

the wa y the y ar e normalized . 

In som e applications , th e estimate d functio n shoul d b e constraine d t o mono -

tonicity, whil e thei r othe r propertie s ar e unknown . Fo r suc h situations , Ramsa y 

proposed th e l-splin e basis , whos e basi s function s ar e obtaine d b y integratio n o f th e 

M-splines: 

Because eac h M-splin e i s positiv e ove r it s entir e suppor t interval , it s integral , th e 

l-spline, i s a  monotonicall y increasin g functio n o f th e argumen t t  [60] . 

(3.39) 

(3.40) 
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Smoothing spline s 

An alternativ e approac h t o splin e modellin g involve s smoothin g splines . Th e 

level o f smoothnes s o f regressio n splin e estimate s i s controlle d b y th e numbe r an d 

location o f thei r knot s [77] , whil e fo r smoothin g splines , contro l ove r th e smoothnes s 

of th e estimate d curv e i s don e b y addin g a  penalt y ter m t o th e regressio n equatio n 

[80], 

Suppose tha t th e relationshi p betwee n y , an d x (, /  =  1  n  i s suc h tha t y , = 

f ( x j ) , an d w e wan t t o estimat e th e functiona l for m o f f  a s i n equatio n (3.27) . Fo r 

simplicity, assum e tha t bot h x  an d y  ar e continuous , an d tha t thei r relationshi p i s 

estimated throug h leas t square s [61] . Th e estimat e tha t minimize s 

E ^ - ^ ' ) ] 2 (3-41 ) 
/=i 

will b e a  jagge d curv e tha t interpolate s th e data , whic h i s unlikel y t o represen t 

the realit y an d wil l b e seriousl y affecte d b y overfittin g bia s [80] , T o impos e som e 

smoothness o n th e f(x),  th e estimat e o f f(x)  a  roughnes s penalt y ter m A  i s adde d 

to (3.41) , s o tha t th e criterio n t o minimiz e i n th e estimatio n become s [80 ] : 

2 
5 j y f - f ( x , - ) +  A  /  f"(z)  dz.  (3.42 ) 
;=i 

Indeed, th e integra l o f th e secon d derivativ e o f f ( x ) i s a  measur e o f rapi d loca l 

variations [61] , an d penalize s model s tha t fluctuat e to o muc h [80] . A  linea r estimat e 

has [f"(x)] 2 =  0 , a s it s secon d derivativ e i s 0  fo r al l value s o f x , whil e nonlinea r 

curves hav e [ f " ( x ) ] 2 >  0 . Whil e othe r form s o f penalt y term s hav e bee n proposed , 
r - 1 2 

f f"(z)  dz  i s commonl y use d [61 , 80] . Reinsc h ha s showe d tha t f ( x ) obtaine d 

from minimizin g (3.42 ) i s a  cubi c splin e wit h knot s a t th e observe d point s x , an d 

that f(x)  wil l b e linea r outsid e th e rang e o f th e dat a [61] . 
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The coefficien t A  i s th e smoothin g paramete r tha t control s th e siz e o f th e 

smoothness penalt y impose d [20] , I n fact , A  — > oo lead s t o a  straigh t lin e estimat e 

of f ( x ) whil e A  =  0  provide s a n unpenalize d splin e estimat e tha t interpolate s th e 

data [80] . Th e smoothin g paramete r A  ca n b e selecte d a  priori  b y th e use r [20 ] o r 

estimated [80] , 

A commo n metho d t o estimat e th e valu e o f A  i s cross-validatio n [61] . Th e 

general ide a i s to remov e a  datu m {x, , y,} fro m th e datase t use d fo r estimatio n an d 

find th e valu e o f A  suc h tha t th e correspondin g f (x_, ) i s th e bes t predicto r o f y , 

[61], Thi s i s don e i n tur n fo r eac h /' , /  =  1  n , an d th e estimat e o f A  i s foun d b y 

minimizing th e cross-validatio n scor e [61] : 

1 "  2 
XVSC{\) =  -  £  [y , -  f A- '(x,)] .  (3.43 ) 

Cross-validation technique s suc h a s (3.43) ma y be computationally cumbersom e [80] , 

An alternativ e for m o f (3.43) , th e genera l cross-validatio n criterion , alon g wit h nu -

merical approximatio n algorithms , hav e bee n suggeste d t o mak e the cross-validatio n 

process les s computationally-intensiv e [61] . 

3.2.3 Propertie s o f regressio n spline s versu s othe r flexibl e modellin g method s 

Modelling a  functio n f ( x ) usin g regressio n B-spline s ma y offe r severa l advan -

tages. First , th e fac t tha t spline s ar e linea r i n the coefficient s t o b e estimated implie s 

that standar d method s o f estimatio n an d inferenc e ar e implemente d i n commonl y 

used statistica l softwar e package s [73] . Second , regressio n spline s ar e les s sensitiv e 

to loca l bia s tha n polynomial s o r fractiona l polynomial s [60 , 72] . Thi s arise s fro m 

the propert y tha t eac h o f th e B-splin e basi s o f orde r m  function s B j i s nonnegativ e 

only betwee n th e knot s kj  an d kj +m, an d zer o outsid e thi s interval . Thi s implie s tha t 

a chang e i n th e coefficien t otj  o f th e basi s functio n Bj  i n (3.37 ) wil l onl y affec t f ( x ) 

within th e interva l [kj,  k J+m] [60] . Thus , outlier s hav e a  mor e loca l effec t o n th e 
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splines tha n o n polynomials , becaus e the y wil l onl y affec t th e splin e estimat e ove r a 

limited interva l [71] , Third , regressio n splin e function s ca n easil y b e constraine d a t 

their boundarie s [60] . Fo r example , a  cubi c splin e functio n ca n easil y b e constraine d 

to smoothl y g o t o zer o a t th e right-hand-sid e boundar y o f it s suppor t interva l b y set -

ting th e coefficient s a m + 3 an d 3  ' n th e splin e functio n equatio n (3.37 ) t o zero . 

Alternatively, on e ca n forc e a  splin e functio n t o b e linea r i n th e tail s wher e ther e i s 

less dat a an d wher e th e unconstraine d splin e estimate s ar e quit e unstabl e [64] , 

On th e othe r hand , a  disadvantage o f regressio n splin e modellin g i s that th e f i t o f 

the mode l depend s o n th e numbe r an d th e positio n o f knot s [56] . Finally , smoothin g 

splines ar e mor e flexibl e locall y tha n regressio n splines . However , th e estimatio n an d 

inference i n regressio n splin e model s ar e mor e straightforwar d tha n fo r th e smoothin g 

splines, whic h requir e a  penalize d maximu m likelihoo d estimatio n [80] , Indeed , onc e 

the numbe r o f knot s an d thei r positio n i s selected , th e regressio n splin e functio n 

becomes a  linea r combinatio n o f know n B-splin e basi s functions , whic h avoid s th e 

cross-validation proces s require d t o selec t th e valu e o f th e penalt y paramete r fo r 

smoothing spline s [60] . 
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3.3 Modellin g time-dependen t exposur e 

3.3.1 Time-dependen t exposur e 

Many exposure s i n epidemiolog y var y wit h t ime , bot h withi n an d acros s indi -

viduals, whethe r i n term s o f duratio n o f exposure , patter n o f change s i n exposur e 

intensity ove r time , o r t im e o f exposur e initiatio n [19] . Fo r example , Bartlet t et 

al. assesse d th e 5-yea r pattern s o f us e o f benzodiazepin e i n th e elderl y i n Quebec , 

and observe d a  larg e individua l variabilit y i n th e numbe r o f period s o f uninterrupte d 

use, th e averag e duratio n o f uninterrupte d use , th e averag e duratio n o f interruption s 

between period s o f use , an d o f th e pattern s o f chang e i n dos e ove r t im e [2] , Indeed , 

time-related factors , i f modelle d appropriately , ma y provid e insight s regardin g th e 

etiology an d mechanism s o f health-relate d outcome s [19] . 

In addition , i n som e settings , ignorin g th e time-varyin g aspec t o f a n exposur e 

may creat e bia s i n it s associatio n wit h a n outcome , whic h ma y b e a s sever e a s 

reversing th e associatio n [3 , 7 , 8 , 9] . A n exampl e o f thi s i s immorta l t im e bia s i n 

cohort studie s i n whic h subject s intiat e thei r exposur e a t differen t time s durin g th e 

follow-up [81] . I f a  fixed-in-tim e binar y indicato r i s use d t o classif y subject s int o 

exposed/unexposed groups , irrespectiv e o f whe n the y starte d thei r exposure , th e 

individual person-time s o f exposure wil l no t b e accounted fo r properl y [9] . Specifically , 

the perio d o f t im e betwee n th e beginnin g o f follow-u p an d th e beginnin g o f exposur e 

will b e wrongl y classifie d a s t im e exposed , an d th e lac k o f event s durin g thi s t im e 

period wil l b e undul y attribute d t o th e effec t o f th e exposur e o n th e t im e t o even t 

[9, 7 , 8] , I f thi s i s no t take n int o accoun t i n th e analysis , the n th e surviva l t im e o f 

exposed wil l b e artificiall y large , whic h ma y creat e a  spurious protectiv e effec t o f th e 

exposure [9] . 

The us e o f time-dependen t ( T D ) variables , fo r whic h th e statu s o r th e intensit y 

of th e exposur e i s update d a t eac h t im e t,  ma y preven t suc h biase s [8 , 16] . I n man y 
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cases, however , th e time-dependen t variable s use d i s restricte d t o a  binar y indicato r 

of th e statu s o f exposure , whic h ma y caus e los s o f powe r an d residua l confoundin g 

[82], Moreover , whe n include d i n a  model , T D variable s suc h a s th e intensit y o f 

exposure, x ( t ) , o r a n indicato r o f th e stat e o f exposure , l [ x ( t ) ] , assum e tha t th e 

effect o f exposur e doe s no t accumulat e ove r time . Alternatively , measure s lik e th e 

cumulative intensit y / 0" x(t)dt o r the cumulativ e duratio n o f exposur e J^ o l [ X ( t ) ] c / t 

assume tha t exposure s cumulat e ove r time , a t a  constan t rate . Equivalently , usin g 

these cumulativ e measure s i n a  mode l implie s tha t th e timin g o f exposure s tha t 

occurred i n the pas t i s irrelevan t t o ho w th e curren t cumulativ e exposur e affect s th e 

current respons e variable . 

Several method s hav e bee n propose d t o mode l multipl e feature s o f time-varyin g 

exposures suc h a s duration , intensit y an d potentia l cumulativ e effect s [12 , 83] , I 

first presen t th e s o calle d sliding  time  window  methods,  an d explorator y metho d t o 

investigate th e potentia l cumulativ e effect s o f time-varyin g exposure s [83] . I  the n 

discuss tw o exposur e metric s tha t wer e propose d t o represen t exposure s tha t ar e 

both intensit y an d time-varyin g [12] , 

3.3.2 Slidin g tim e windo w metho d 

Hauptmann et  al.  propose d a n explorator y metho d t o investigat e th e potentia l 

cumulative effect s o f a  time-varying exposur e x(t)  o n a n outcom e y  i n a  case-stud y 

[83]. Th e metho d consis t i n estimatin g a  series o f model s o f th e for m 

logit[Pr(yj =  l\x(t),t  e[0,T])]=  p 0+f31 x(t)dt  +  (3 2 x(t)dt.  (3.44 ) 

The two variable s i n (3.44 ) ar e cumulative variable s tha t su m exposure s ove r differen t 

time windows . Th e firs t variabl e sum s exposure s ove r a  time window s correspondin g 

to th e stud y follow-u p [0 , T], whil e th e secon d cumulativ e variabl e sum s exposure s 

over a  shorte r t im e window , centere d a t c  an d o f widt h k.  A  serie s o f model s ar e 
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estimated, eac h o f whic h correspondin g t o a  differen t tim e windo w c  ±  |  fo r th e 

second variable . A s a  result , th e tim e windo w covere d b y differen t model s cover s 

different section s o f th e follow-u p time , henc e th e nam e o f sliding  window  method. 

The f i t o f th e model s wit h differen t boundarie s c  ±  |  ar e compare d usin g sta -

tistical criteri a t o obtai n insigh t o n th e effec t o f exposur e o n th e ris k a t differen t 

periods o f time . Fo r simplicity , equatio n (3.44 ) onl y include s th e variable s represent -

ing th e time-dependen t exposur e o f interest , bu t covariate s ma y easil y b e adde d t o 

the model . Simulation s sho w tha t th e metho d i s rathe r robus t t o rando m measure -

ment erro r i n th e patter n o f exposur e [83] . Th e principa l drawbac k wit h thi s metho d 

is tha t i t assume s tha t exposure s cumulat e ove r time , a t a  constan t rate . 

3.3.3 Weighte d cumulativ e dos e metri c 

To alleviat e thi s assumptio n o f exposure s cumulatin g a t a  constant rate , severa l 

authors hav e propose d a  mor e genera l cumulativ e exposur e metri c tha t take s th e 

timing o f th e exposure s int o account . Indeed , i n separat e publications , Breslow , 

Vacek an d Thoma s discus s th e concep t o f a  tim e weighte d cumulativ e exposur e 

z(u): 

z(u)= [  x(t)w(u  -  t)dt,  (3.45 ) 
Jo 

where x(u)du  represent s th e additiona l exposur e receive d durin g a  tim e interva l 

[u, u  + du]  an d w(u  -  t)  i s a  function tha t assign s weight s t o exposur e i n th e pas t 

[18, 19 , 12] . I f exposur e i s measure d a t discret e tim e intervals , suc h a s day s o r 

weeks, the n th e WC E ca n b e expressed as : 

u 
z(u) =  £ > ( o - t)x(t)  (3.46 ) 

t=i 

This metri c i s flexibl e i n th e sens e tha t i t allow s th e use r t o specif y ho w exposure s 

accumulate ove r tim e though t th e choic e o f th e weigh t functio n w.  I n it s simples t 
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case, wher e w(u—t)  =  1 , (3.46 ) i s equivalent t o th e unweighte d cumulativ e intensit y 

discussed earlier . 

The exposur e metric s i n (3.46 ) requir e th e use r t o defin e th e for m o f th e weigh t 

function w.  Th e weigh t functio n w  ca n b e selected a  priori  base d o n specifi c patho -

physiologic models , tha t is , parametri c model s tha t ar e derive d fro m theory . Exam -

ples o f weigh t function s ar e the exponentia l weigh t functio n w(u)  =  1  — exp(—Au)/u 

used b y Berr y et  at.  t o mode l ho w asbesto s fibe r i s eliminated fro m th e lun g a t rat e 

A [84] , Lundi n et  al.  use d a  lognorma l distributio n t o weigh t cumulativ e exposur e 

to radiatio n i n uraniu m miner s [85] . However , th e validit y o f suc h analysi s depend s 

greatly o n tha t o f th e underlyin g biologi c model s [86] . 

Alternatively, severa l differen t parametri c for m o f w  ma y b e estimated i n a  mode l 

and compare d wit h a  statistica l criterio n tha t indicate s th e mode l wit h th e bes t f i t . 

For example , Vace k use d a  set o f weigh t function s i n he r analysi s o f th e relationshi p 

between exposur e t o asbesto s an d lun g cance r i n Canadia n asbesto s worker s [12] , 

She teste d fou r t im e weigh t functions : a  lagge d weigh t functio n wher e exposur e 

previous t o t im e C  ha s n o effec t o n th e ris k o f outcome , bu t exposure s a t time s afte r 

C hav e al l equa l weights , a n exponentia l function , a  Gaussian cumulativ e distribution , 

and a  Gaussia n densit y functio n [12] , Sinc e al l th e model s considere d ha d th e sam e 

number o f parameter s t o estimate , the y wer e compare d usin g th e devianc e statistics . 

In the same spirit, i n their analysi s o f the associatio n betwee n time-dependen t us e and 

dose o f specifi c benzodiazepine s an d fall-relate d injurie s i n the elderly , Abrahamowic z 

et al.  [14 ] use d tw o half-Gaus s curv e functions : 

w(u) =  ex p ——i/2 

2<j 
(3.47) 

with c r selected a-priori  t o reflec t eithe r th e 4-da y half-lif e o f benzodiazepine , w( 4) = 

0.5, o r th e clinica l recommendatio n tha t benzodiazepin e consecutiv e us e shoul d no t 
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exceed 3 0 days , w(30 ) =  0. 5 [14] , Model s o f differen t dimension s wer e compare d 

using th e AI C criterio n [14] , 

A limitatio n o f thes e approache s i s that the y requir e a  priori  selectio n o f weigh t 

functions. Yet , th e correc t analytica l for m o f th e weigh t functio n i s seldo m known , 

while incorrec t specificatio n o f th e parametri c for m o f th e exposur e metri c ma y lea d 

to invali d result s [20 , 12] . 

The thir d approac h t o selec t a  functiona l for m fo r th e weigh t functio n w  con -

sists i n estimatin g th e functiona l for m o f th e weigh t functio n fro m th e data , usin g 

flexible non - o r quasi - parametri c methods . Hauptman n et  al.  suggeste d estimatin g 

the weigh t functio n usin g constraine d regressio n spline s withi n a  generalize d linea r 

model, whic h require d a  constraine d maximizatio n algorith m t o jointl y estimat e th e 

regression parameter s an d th e coefficient s o f th e splin e basi s [11] . 
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3.4 Benzodiazepine s an d fall-relate d injurie s 

This sectio n o f th e literatur e revie w focuse s o n th e epidemiologica l studie s o n 

the associatio n betwee n th e us e o f benzodiazepine s an d fall-relate d injuries . Th e 

pharmacology an d pharmacokinetic s o f benzodiazepine s ar e briefl y presented . Th e 

methodology an d result s o f studie s o n th e associatio n betwee n benzodiazepine s an d 

fall-related injurie s ar e the n summarize d an d discussed . 

3.4.1 Pharmacolog y an d pharmacokinetic s o f benzodiazepine s 

Benzodiazepines ar e drug s tha t inhibi t o r depres s th e centra l nervou s syste m 

(CNS) vi a it s majo r neurotransmitter , th e GAB A receptor s ( 7 amin o butyri c acid)[87] . 

Benzodiazepines ar e prescribe d t o decreas e th e symptom s o f anxiet y o r pani c disor -

ders, t o trea t insomnia , an d t o manag e seizur e disorder s [88 , 87] . However , benzo -

diazepines ma y caus e advers e effects , mostl y CNS-related , suc h a s ataxia , dizziness , 

lightheadedness, drowsiness , weakness , an d fatigu e [87] . 

Currently, mor e tha n a  doze n o f differen t benzodiazepine s ar e availabl e fo r pre -

scriptions [89] . Tabl e 3 - 1 list s the benzodiazepine s tha t ar e availabl e i n Canad a [87] . 

The decisio n o f whic h benzodiazepin e t o prescrib e fo r a  specifi c conditio n depend s 

mainly o n th e pharmacokineti c profile s o f th e differen t products . Pharmacokinetic s 

describes th e wa y th e bod y affect s th e actio n o f th e medicatio n ove r t im e an d in -

cludes propertie s suc h a s th e absorption , distribution , metabolis m an d excretio n o f 

a dru g [87 , 90] , 

All th e benzodiazepine s hav e a  simila r shor t absorptio n rate , whic h implie s tha t 

the onse t o f th e clinica l effec t o f benzodiazepin e i s generall y quic k (0. 5 t o 4  hour s 

after ingestion ) [88] . However , onc e the y ar e absorbed, differen t benzodiazepine s wil l 

have differen t duratio n o f action . Th e duratio n o f actio n o f a  singl e dos e depend s 

on ho w th e dru g circulate s i n th e bod y an d penetrate s tissue s t o ac t an d o n it s rat e 

of eliminatio n [88] . A s show n i n Tabl e 3-1 , benzodiazepine s ca n b e classifie d i n 
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Table 3-1 : Selecte d benzodiazepine s wit h thei r mai n indicatio n an d half-live s [87 ] 

Generic Bran d nam e Anxiet y Pani c Insomni a Seizur e Half-lif e 
(hours) 

Long half-life 
Chlordiazepoxide Librax X 100 
Clorazepate Tranxene X X X 100 
Diazepam Valium X X 100 
Flurazepam Dalmane X 100 

Medium half-life 
Clonazepam Rivotril X 20-80 
Nitrazepam Mogadon X X 16-55 
Alprazolam Xanax X X 12-15 
Clobazam Frisium X 10-46 
Temazepam Restoril X 10-20 
Lorazepam Ativan X X 10-20 
Bromazepam Lectopam X 8-30 
Oxazepam Serax X 5-15 

Short half-life 
Triazolam Halcion X 1.5-5 

short (1- 5 hours) , mediu m (6-9 0 hours) , an d lon g ( > 9 0 hours ) half-lif e categorie s 

[87, 91] , Half-lif e i s define d a s the t im e require d fo r th e concentratio n o f th e dru g 

in th e bloo d t o decreas e t o hal f o f it s initia l value . I n fact , th e accumulatio n rat e 

varies inversel y wit h th e half-life , wit h shorte r half-lif e benzodiazepine s accumulatin g 

more rapidl y the n lon g half-lif e [88 ] products . Fo r example , althoug h diazepa m ha s 

a lon g hal f lif e (10 0 hours ) i t ha s a  rapi d distributio n fro m bloo d int o fatt y tissues , 

which implie s tha t a  single-dos e effec t wil l b e shor t [92] , Lorazepam , o n th e othe r 

hand, ha s a  shorte r eliminatio n half-lif e o f abou t 1 5 hours , bu t it s distributio n fro m 

blood int o fatt y tissue s i s les s rapid , an d s o a n effectiv e concentratio n ma y persis t i n 

the bloo d fo r man y hour s [92] . 

In the cas e o f a  therapy i n which consecutiv e dose s of benzodiazepine s ar e taken , 

the dru g wil l accumulat e i n the bod y unti l i t reache s a  steady-state plasm a leve l [88] . 

It usuall y take s the equivalen t t o 4- 5 half-lif e period s afte r th e treatmen t initiatio n fo r 

benzodiazepines t o accumulat e t o a  steady-state leve l [88 , 87] , However , th e exten t 
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or th e amoun t o f accumulatio n wil l depen d o n dru g dosag e an d o n th e half-lif e o f 

each benzodiazepine s [88 , 87] . 

There ma y b e importan t variabilit y i n clinica l effect s o f benzodiazepine s becaus e 

pharmacokinetics propertie s var y fro m a n individua l t o anothe r [88] . I n addition , 

the clinica l effect s o f a  benzodiazepin e d o no t necessaril y var y i n proportio n t o bloo d 

concentration o f the dru g whe n multipl e dose s are taken [88] , Toleranc e ma y balanc e 

out dru g accumulatio n i n th e blood . I t shoul d als o b e note d tha t pharmacokinetic s 

are likel y t o b e altere d i n th e elderl y becaus e o f th e change s i n orga n functio n tha t 

occur wit h th e agin g proces s [93] . Wi t h increasin g age , th e live r size , an d thu s it s 

activity, ar e decreased , delayin g th e extractio n o f drug s [93 , 87] . A s a  result , th e 

prolonged effect s produce d b y long-ter m us e o f benzodiazepine s ma y b e stronge r i n 

the elderl y tha n i n younge r users . I n addition , b y ag e 60 , ther e i s a n exponentia l 

decline i n the abilit y o f th e kidne y t o excret e toxi c substances , whic h put s th e elderl y 

users a t a  highe r ris k o f dru g advers e event s [93] . 

3.4.2 Summar y o f th e method s an d result s o f epidemiologica l studie s o f th e 
association betwee n benzodiazepin e us e an d ris k o f fall-relate d injurie s 
in th e elderl y 

Benzodiazepine us e i s commo n i n th e elderly , wit h annua l prevalenc e estimate s 

ranging fro m 10 % t o 30 % [94 , 95 , 96 , 97 , 98] . Reporte d us e o f benzodiazepine s 

show importan t variatio n withi n an d acros s individual s [99 , 100 , 2] , Elderl y user s als o 

tend t o us e benzodiazepine s mor e tha n onc e an d fo r longe r period s [99 , 100 , 2] , I n a 

large cohor t o f ne w elderl y user s o f benzodiazepine s followe d fo r u p t o fiv e years , th e 

average duratio n o f a n uninterrupte d perio d o f us e o f benzodiazepine s wa s 75. 5 day s 

(SD 137.2) , whic h i s significantly longe r tha n th e recommende d maximu m o f 3 0 day s 

[2, 101] , Elderl y user s had , o n average , thre e uninterrupte d period s o f benzodiazepin e 

use (media n o f 2  periods , S D 3. 3 periods ) durin g th e 5  year s o f follow-u p [2] , I n 

38 



addition, th e likelihoo d o f receivin g a  highe r dos e o f benzodiazepin e i n a  subsequen t 

prescription increase d wit h ag e [2] . 

Benzodiazepine us e started t o b e linked to fall-relate d injurie s i n the lat e eighties , 

in studie s assessin g predictor s o f fall s i n th e elderl y [102 , 103 , 104 , 103] . Ove r 

the las t 2 0 years , tw o dozen s observationa l studie s wer e publishe d o n th e topi c 

(randomized contro l trial s canno t b e conducte d fo r obviou s ethica l reasons) . Th e 

review presente d i n this sectio n i s based o n th e 2 2 observationa l studie s tha t reporte d 

adjusted measure s o f associatio n o f th e associatio n betwee n benzodiazepin e us e an d 

fall-related injurie s i n th e elderly . 

Early studie s focuse d o n the associatio n betwee n th e current  us e of any  benzodi -

azepine an d th e ris k o f fall s o r fractures . Current  users  wer e define d a s havin g take n 

a dos e o f benzodiazepin e o r havin g a  prescriptio n o f benzodiazepin e whe n th e fal l 

occurred o r a t th e inde x date . Tabl e 3-2 , a t th e en d o f thi s section , summarize s th e 

design, sampl e size , measure s o f benzodiazepin e use , outcom e measure s an d result s 

of these s studies . Man y o f thes e studie s reporte d a  statistically significan t increas e i n 

risk o f fall-relate d injurie s i n benzodiazepin e user s compare d wit h non-users , wit h O R 

ranging fro m 1.3 4 t o 2.05 , irrespectiv e o f th e typ e o f outcom e selecte d (fall 5 ,  hi p 

fracture o r femu r fracture) . However , a n appreciabl e proportio n o f studie s di d no t 

find an y associatio n betwee n benzodiazepin e us e an d th e ris k o f fall s i n th e elderly . 

Several factor s nee d t o b e considere d i n explainin g th e discrepanc y i n th e earl y 

study results . First , th e qualit y o f assessmen t o f exposur e ma y hav e ha d a n effec t 

on th e observe d results . Studie s eithe r use d questionnaire s o r prescriptio n database s 

to asses s th e curren t us e o f benzodiazepine . Questionnaire s ar e pron e t o recal l bias , 

5 Fal l wa s define d a s a n unintentiona l chang e i n positio n resultin g i n comin g t o 
rest o n th e groun d o r othe r lowe r level . 
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which occur s whe n respondant s incorrectl y recal l an d asses s thei r historie s o f dru g 

use [105] . Th e degre e o f recal l bia s ma y b e influence d b y the frequenc y an d duratio n 

of th e dru g use , th e t im e sinc e th e las t prescriptio n wa s filled , th e numbe r o f drug s 

used, th e age , an d th e typ e o f question s [106 , 105] . Whil e exposur e assesse d fro m 

medical o r prescriptio n record s i s not affecte d b y patient s recall , i t ma y stil l b e biased . 

Indeed, prescription s record s provid e informatio n o n th e dispensio n o f th e dru g bu t 

not o n th e actua l consumptio n o f th e medicatio n [107] , Thes e biase s lea d t o expo -

sure misclassificatio n an d induc e bia s [105] . I n bot h case s i f th e misclassificatio n i n 

exposure i s random , i.e . no t relate d t o th e ris k o f fall-relate d injuries , the n th e mea -

sure o f associatio n wil l b e biase d toward s th e nul l [108] , Otherwise , th e magnitud e 

and sig n o f th e bia s wil l depen d o n th e underlyin g mechanism . However , ther e wer e 

not systemati c difference s betwee n th e result s o f studie s tha t use d questionnaire s 

versus prescriptio n record s t o asses s exposur e t o benzodiazepines , suggestin g tha t 

the metho d o f assessment , i n an d o f itself , coul d no t hav e explaine d th e discrepanc y 

in th e results . 

The secon d facto r tha t need s t o b e considered i s the numbe r o f fall s assesse d i n 

each o f th e studies . A  lac k o f statistica l powe r ca n preven t a  stud y fro m detectin g 

a statisticall y significan t associatio n tha t i s presen t i n th e data . However , thi s i s 

not sufficien t t o explai n wh y som e studie s di d no t detec t a n effect . I n th e studie s 

summarized i n Tabl e 3-2 , however , ther e wer e bot h smal l scal e studies tha t detecte d 

an associatio n [109 , 104] , an d larg e scal e studie s tha t di d no t [110 , 111] . 

Finally, i t i s possibl e tha t th e assumption s underlyin g th e choic e o f th e measur e 

of exposur e tha t som e o f thes e studie s use d wer e no t appropriate . Usin g a  curren t 

use indicato r o f benzodiazepin e make s three underlyin g assumption s abou t th e effec t 

of benzodiazepines . First , b y combinin g al l th e benzodiazepine s i n on e measur e 

of exposure , on e assume s tha t al l th e benzodiazepine s hav e th e sam e physiologica l 
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effect, irrespectiv e o f the difference s i n their pharmacokinetic s propertie s suc h as their 

half-life. Th e studie s considere d i n Tabl e 3 - 2 di d no t investigat e th e sam e group s o f 

benzodiazepines, whic h migh t hav e influence d th e result s i f differen t benzodiazepine s 

have differen t effect s o n th e ris k o f falls . 

Moreover, modellin g exposur e usin g a  binary indicato r o f curren t us e ignore s th e 

potential effec t o f th e dos e o f th e benzodiazepin e o n th e ris k o f fall . I f ther e i s a 

dose-response relationshi p i n th e associatio n betwee n benzodiazepin e us e an d fall -

related injuries , the n ignorin g i t b y usin g a n indicato r o f curren t ca n b e see n a s a n 

extreme cas e o f dichotomizin g a  continuou s variabl e a t th e cutpoin t o f zero . Doin g 

so lead s t o a  decreas e i n precisio n an d efficienc y o f th e estimatio n i n compariso n t o 

a parametrizatio n i n th e continuou s scal e [112] , Simulation s hav e show n tha t th e 

loss i n efficienc y du e t o dichotomizin g a  continuous variabl e ma y b e larg e [113 , 112] . 

This ma y b e a  severe proble m i n studie s tha t hav e lo w powe r [17] . 

In fact , modellin g benzodiazepin e us e wit h a  curren t us e indicato r ignore s th e 

history o f prio r us e o f benzodiazepine . Consequently , thi s approac h assume s tha t 

there i s n o cumulativ e effec t o f usin g benzodiazepin e ove r time , thu s tha t th e ris k 

of fal l associate d wit h th e exposur e t o benzodiazepin e i s acut e o r instantaneous . 

As discusse d earlier , som e benzodiazepine s accumulat e i n th e bod y [88] , whic h ca n 

potentially lea d t o a  cumulating effect . I f i t i s the case , usin g a n indicato r o f curren t 

use wil l bia s th e result s becaus e th e current  users  categor y wil l combin e bot h lon g 

term an d shor t ter m user s o f th e drug , whos e ris k o f fal l ma y b e ver y different . 

Later studie s attempte d t o addres s eac h o f thes e modellin g pitfalls , althoug h 

often i n a  differen t an d separat e ways . Severa l studie s groupe d th e benzodiazepine s 

in categorie s base d o n shor t versu s lon g half-lif e (i n general , th e cutof f o f >2 4 hour s 

was use d t o indicat e lon g half-life) . Thes e studie s ar e summarize d i n Tabl e 3-3 . 

Results wer e agai n discrepant . Mos t studie s foun d a  highe r ris k o f fall s fo r user s 
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of lon g half-lif e benzodiazepines , wit h O R associate d wit h curren t us e rangin g fro m 

1.45 t o 2.18 , [114 , 115 , 116 , 117 , 118 ] bu t othe r studie s eithe r di d no t fin d a n effec t 

even i f the y ha d a  larg e sampl e siz e [110 ] o r foun d a  large r ris k fo r th e us e o f shor t 

half-life benzodiazepine s [119 , 120] . 

Five studie s estimate d separat e effect s o f individua l benzodiazepines , bu t still , 

there i s a  larg e differenc e acros s studie s fo r th e sam e benzodiazepine s [117 , 119 , 

121, 122 , 123] , Fo r example , th e O R fo r Lorazepam , varie d fro m 1. 2 [123 ] t o 5. 5 

[117], Whe n considere d separately , th e O R fo r shor t half-lif e product s di d no t see m 

markedly smalle r tha n tha t o f lon g half-lif e benzodiazepines . However , a  majo r issu e 

with thes e result s i s tha t mos t o f th e benzodiazepine-specifi c analyse s relie d o n a 

very smal l numbe r o f event s and , thus , ha d ver y wid e confidenc e interval . Th e stud y 

of Tambly n et  al.  wa s th e onl y stud y wit h larg e numbe r o f case s fo r mos t individua l 

benzodiazepines an d i t reporte d som e variation s i n OR s associate d wit h curren t us e 

of specifi c benzodiazepine s [123] . 

A fe w studie s investigate d th e effect s o f dos e of benzodiazepin e us e on the ris k o f 

fall-related injurie s b y converting th e dos e int o define d dail y dos e (DDD ) equivalent s 

[124, 110 , 119 , 118] . Th e define d dail y dos e (DDD ) i s a  comparativ e uni t o f dru g 

use, whic h i s robus t acros s therapeuti c classifications , dosin g forms , an d population s 

[125]. Thes e studie s ar e summarize d i n Tabl e 3-5 . Al l bu t on e o f these s studie s 

grouped th e benzodiazepine s togethe r an d foun d a  dose-response patter n wit h highe r 

dose associate d wit h highe r ris k o f fall s [124 , 110 , 119] . However , i t i s unclea r t o 

what exten t thes e result s ma y b e du e t o th e difference s i n th e effect s o f individua l 

benzodiazepines. 

A smal l numbe r o f studie s assesse d th e impac t o f th e timin g o f th e benzodi -

azepine exposur e o n th e ris k o f fall s b y categorizing subject s dependin g o n whe n the y 

used th e dru g an d ar e summarize d i n Tabl e 3-6 . Ra y an d Neute l bot h foun d tha t 
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the likelihoo d o f a  fal l wa s highe r i n the 1- 2 weeks followin g treatmen t initiatio n tha n 

it wa s afterwar d [124 , 121] . Neute l foun d a n associatio n betwee n th e duratio n o f 

treatment an d th e ris k o f fal l [121] . 

Tamblyn et  al.  estimate d severa l benzodiazepine-specifi c Co x P H model s tha t 

represented bot h th e [123 ] curren t dose s and pas t us e of the drug s a s time-dependen t 

variables. Mode l 1  estimate d th e effect s o f curren t us e o f benzodiazepines . I n ad -

dition t o th e curren t us e indicator s o f Mode l 1 , Mode l 2  include d benzodiazepine -

specific indicator s o f pas t us e so that hazar d rati o fo r curren t us e represented th e ris k 

associated wit h period s o f us e compare d wit h period s o f non-us e i n person s previ -

ously prescribe d th e sam e benzodiazepine . Mode l 3  expanded Mode l 1  by includin g a 

standardized dosag e s o tha t H R fo r th e indicato r o f curren t us e represente d th e ris k 

associated wit h th e curren t us e at a  common mea n dose , relativ e t o non-use , assum -

ing a  common dose-respons e relationshi p fo r al l benzodiazepine s [123] . Finally , Mode l 

4 estimate d separat e dose-ris k relationship s fo r eac h individua l benzodiazepines . Ou t 

of th e te n benzodiazepine s considered , fou r ha d a  statisticall y significan t associatio n 

with th e ris k o f falls , a  resul t tha t wa s robus t acros s model s 1  t o 4  [123 ] .  Tw o o f 

these benzodiazepine s ha d shor t half-life , suggestin g tha t shor t versu s lon g half-lif e 

was no t a n importan t facto r i n assessin g th e ris k o f fal l associate d wit h th e us e o f 

a specifi c benzodiazepines . Whil e Tambly n et  al.  modele d th e separat e effect s o f 

current dos e an d o f th e pas t us e of benzodiazepines , the y di d no t investigat e possibl e 

cumulative effect s o f exposur e [123] . 

Finally, Abrahamowic z et  al.  use d th e weighte d cumulativ e exposur e framewor k 

(discussed i n sectio n 3.3. 3 o f th e literatur e review ) t o reasses s th e association s be -

tween exposur e t o thre e benzodiazepine s an d fall-relate d injurie s i n the elderl y withi n 

the Co x proportiona l hazard s mode l [14] , Exposur e t o thre e differen t benzodiazepin e 
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were modele d usin g a  T D weighte d cumulativ e exposur e define d as : 

u 

z( i / ) =  £ > ( « - 0 * ( 0 (3.48 ) 
t=i 

where x(t ) represent s th e dos e o f benzodiazepin e take n o n da y t  an d w(u  —  t) i s a 

function tha t assign s weight s t o exposur e i n th e past . Th e parametri c for m o f th e 

weight function s wa s define d a  priori  as : 

w(u) =  e x p ( ^ i v 2 ) . (3.49 ) 
2 o 

Two version s o f mode l 3.4 9 wer e considere d wit h < r selected a  priori  t o reflec t eithe r 

the 4-da y half-lif e o f benzodiazepin e (w( 4) =  0.5 ) o r th e clinica l recommendatio n 

that benzodiazepin e consecutiv e us e shoul d no t excee d 3 0 day s (w(30 ) =  0.5 ) [14] , 

Additional models , wit h exposur e represente d a s (i ) th e weighte d cumulativ e duratio n 

of treatment , whic h ignore d th e dose , an d (ii ) th e curren t dos e i n additio n t o th e 

the weighte d cumulativ e duratio n o f treatment , wer e considere d an d thei r f i t wa s 

compared usin g th e AI C criterion . 

The result s suggeste d a  differen t mechanis m linkin g th e dru g exposur e an d th e 

risk o f fall s fo r eac h o f th e thre e benzodiazepine s considered . Fo r Temazapam , 

which ha d th e shortes t half-lif e (8-2 4 hours) , th e best-fitt in g mode l represente d 

exposure usin g th e curren t dos e an d th e weighte d cumulativ e duratio n wit h m /(30) = 

0.5. Fo r Flurzepam , whic h wa s th e benzodiazepin e wit h th e longes t half-lif e (40 -

100 hours) , th e bes t mode l wa s th e weighte d cumulativ e dos e wit h w( 4) =  0.5 . 

Finally, th e thir d benzodiazepin e considered , Nitrazepa m (half-lif e o f 20-4 0 hours) , 

was bette r represente d wit h th e cumulativ e dos e wit h w(30 ) =  0.5 . Interestingly , 

for th e thre e benzodiazepin e considered , model s tha t onl y include d curren t us e o r 

current dos e di d no t detec t a  statistically significan t associatio n wit h th e ris k o f falls , 

which woul d sugges t tha t th e recen t us e o f benzodiazepin e i s not  relevan t i n th e 
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current ris k o f falls . However , on e limitatio n o f thi s study , recognize d b y the authors , 

related t o th e a  priori  selectio n o f parametri c for m o f th e weigh t functio n [14] . Thi s 

a priori  restrictio n doe s no t allo w a n assessmen t o f th e validit y o f th e modellin g 

assumption tha t th e impac t o f benzodiazepin e exposur e decrease s monotonicall y 

with t im e sinc e exposure . Moreover , incorrec t specificatio n o f th e parametri c for m 

of th e exposur e metri c ma y lea d t o biase d results , decrease d powe r and/o r incorrec t 

etiologic conclusion s [12 , 20] . 

In conclusion , th e studie s reviewe d clearl y sugges t a n associatio n betwee n a t 

least som e benzodiazepine s an d fall-relate d injuries . However , i t i s stil l unclea r 

whether thi s associatio n i s presen t fo r eac h benzodiazepine , an d whethe r ther e i s 

a systemati c differenc e betwee n product s wit h shor t versu s lon g half-lives . Whil e 

studies sugges t a  dose-response relationshi p betwee n curren t dos e o f benzodiazepin e 

and th e ris k o f fall , othe r sugges t a n effec t o f th e duratio n o f treatmen t o r pas t 

exposure t o benzodiazepines . Therefore , bot h dos e an d timin g o f us e mus t b e take n 

into accoun t i n the estimatio n o f the ris k o f fal l relate d t o th e us e of benzodiazepines , 

and th e possibilit y o f a  cumulativ e effec t mus t b e evaluated . 
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C H A P T E R 4 
Objectives o f th e thesi s 

The primar y objectiv e o f th e presen t thesi s i s t o develo p an d evaluat e a  flexibl e 

method fo r modellin g cumulativ e effect s o f time-varyin g exposures , weighte d b y re -

cency, represente d b y time-dependen t covariate s i n th e Co x proportiona l hazard s 

model. 

Secondary objective s include : (i ) developin g a n algorith m t o generat e even t 

times conditiona l o n comple x time-dependen t an d intensity-varyin g exposure s t o val -

idate th e metho d describe d i n th e primar y objective ; an d (ii ) applyin g th e metho d 

developed i n th e primar y objectiv e t o re-asse s th e associatio n betwee n selecte d ben -

zodiazepines an d fall-relate d injurie s i n th e elderly . 
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C H A P T E R 5 
Manuscript 1 : Compariso n o f algorithm s t o generat e even t time s conditiona l 

on time-dependen t covariate s 

5.1 Preambl e 

This articl e addresse s th e specifi c questio n o f generatin g time-to-even t dat a 

conditional o n time-dependen t covariates . Thi s issu e i s essentia l fo r th e simulation s 

that ar e presente d i n th e manuscrip t 2 , wher e th e performanc e o f th e propose d 

weighted cumulativ e exposur e metho d wa s investigate d an d validated . Th e desig n 

of th e simulatio n studie s presente d i n manuscrip t 2  comprise d man y scenarios , eac h 

requiring th e estimatio n o f severa l models . A s a  result , I  neede d a  data-generatin g 

algorithm tha t wa s fast , ye t precis e an d stable . 

In thi s article , I  first revie w th e tw o classe s o f algorithm s availabl e i n th e litera -

ture, whic h coul d b e use d fo r generatin g even t time s conditiona l o n time-dependen t 

covariates, (i ) th e permutationa l algorithm , an d (ii ) algorithm s base d o n a  binomia l 

model. I  then propose d a  modificatio n o f th e permutationa l algorith m t o incorporat e 

a rejectio n sampler , whic h wa s expecte d t o enhanc e th e efficienc y o f dat a genera -

tion. Finally , I  designe d an d carrie d ou t simulation s whic h compare d th e accuracy , 

stability, flexibilit y an d computationa l spee d o f th e alternativ e algorithms . 

Based o n th e result s o f thi s article , I  use d th e permutationa l algorith m t o gen -

erate th e dat a require d fo r th e simulatio n reporte d i n manuscrip t 2 , whic h addresse d 

the mai n objectiv e o f thi s thesis . 

This articl e wa s accepted fo r publicatio n i n Statistics  in  Medicine  i n August 200 7 

(DOI 10.1002/sim.3092 ) an d i s available electronicall y a t h t t p : / / w w w 3 . i n t e r s c i e n . c e . 

w i l e y . c o m / c g i - b i n / a b s t r a c t / 1 1 6 3 2 7 5 8 0 . Th e lette r o f acceptanc e i s include d 
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in Appendi x A , whil e th e permissio n fro m th e publishe r t o reproduc e th e manuscrip t 

is i n Appendi x B . 

The publication s cite d i n Manuscrip t 1  are liste d i n the genera l referenc e sectio n 

at th e en d o f th e thesis . Th e R  cod e fo r th e permutationa l algorith m wit h an d 

without th e rejectio n sample r ca n b e foun d i n Appendi x A . 
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Manuscript 1 : Compariso n o f algorithm s t o generat e 
event time s conditiona l o n time-dependent covariate s 
Marie-Pierre Sylvestre 1 an d Micha l Abrahamowicz 1 

depar tmen t o f Epidemiology , Biostatistics , an d Occupationa l Health , McGil l Uni -

versity, 102 0 Pin e Avenu e West , Montreal , Quebec , Canada , H3 A 1A 2 

This articl e wa s publishe d i n Statistic s i n Medicin e an d canno t b e reproduce d i n 

the copy o f the thesis that i s printed fo r the Librar y o f Canada . Th e page s correspond -

ing to manuscrip t 1  (pages 5 8 to 85) , hav e bee n omitte d fro m th e curren t copy . Th e 

complete articl e ha s been e-publishe d ahea d o f prin t an d can b e found o n the websit e 

of th e publishe r http://ca.wiley.com/WileyCDA/WileyTitle/productCd-SIM . 

html usin g th e DO I 10.1002/sim.3092 . Pleas e refe r t o Appendi x E  for mor e detail s 

about th e copyrights . 
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C H A P T E R 6 
Manuscript 2 : Flexibl e modellin g o f th e cumulativ e effect s o f time-dependen t 

exposures o n th e hazar d 

6.1 Preambl e 

This articl e addresse s th e primar y objectiv e o f the thesis , whic h i s to develo p an d 

evaluate a  flexible metho d fo r modellin g cumulativ e effect s o f time-varying exposures , 

weighted b y recency , o n even t time s analyze d i n prospectiv e studies . 

I propos e a  new metho d fo r estimatin g th e weighte d cumulativ e exposur e metri c 

and mode l i t a s a  time-dependent covariate s i n th e Co x proportiona l hazard s model . 

The functio n tha t assign s differen t weight s t o pas t exposure s i s modele d usin g cubi c 

B-splines becaus e they provid e smoot h estimate s tha t ar e flexible enoug h t o represen t 

a variet y o f clinicall y plausibl e shapes , an d ca n easil y b e compute d b y an y statistica l 

package. Th e choic e o f th e numbe r o f knot s an d thei r locatio n i s discussed . Severa l 

alternative splin e model s o f differen t complexit y ar e considere d an d th e BI C criterio n 

is use d t o selec t th e best-fittin g model . I  estimate d bot h model s tha t constraine d 

the weigh t functio n t o decreas e smoothl y t o zer o afte r som e pre-specifie d t im e in -

tervals an d other s tha t di d no t impos e an y constrain t o n th e shap e o f th e estimate d 

function. Pointwis e confidenc e interval s aroun d th e estimate d weigh t function s ar e 

obtained usin g a  non-parametri c bootstra p re-samplin g routin e tha t account s fo r 

both th e samplin g variatio n o f th e regressio n coefficients , an d th e uncertaint y a t th e 

model selectio n stage . A  LRT-base d procedur e i s propose d t o tes t th e tw o relevan t 

null hypothesi s o f (a ) n o association , an d (b ) equa l (constant ) weight s o f al l pas t 

exposures. I  discuss ho w t o estimat e th e hazar d ratio s fo r th e WC E correspondin g 

to specifi c pattern s o f exposure . 
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Simulations ar e use d t o validat e th e propose d method . T o thi s end , I  rel y o n 

the nove l algorith m fo r generatin g even t time s conditiona l o n time-dependen t co -

variates, whic h ha s bee n develope d an d validate d i n Manuscrip t 1 . I n the manuscrip t 

3, th e metho d i s applie d t o re-asses s th e association s betwee n th e us e o f severa l 

benzodiazepines an d fall-relate d injurie s i n th e elderly . 

The publication s cite d i n Manuscrip t 2  ar e liste d i n the genera l referenc e sectio n 

at th e en d o f th e thesis . Additiona l materia l i s provide d a t th e en d o f th e chapter . 
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Manuscript 2 : Flexibl e modellin g o f the cumulativ e ef -
fects o f time-dependen t exposure s o n th e hazar d 
Marie-Pierre Sylvestre 1 an d Micha l Abrahamowicz 1 

d e p a r t m e n t o f Epidemiology , Biostatistics , an d Occupationa l Health , McGil l Uni -

versity, 102 0 Pin e Avenu e West , Montreal , Quebec , Canada , H3 A 1A 2 
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Abstract 

Many epidemiologica l studie s asses s the effect s o f time-dependen t expo -

sures, wher e bot h th e exposur e statu s an d it s intensit y var y ove r time . 

One exampl e tha t abundantl y attract s publi c attentio n concern s phar -

macoepidemiological studie s o f th e advers e effect s o f medications . Th e 

analysis of suc h studie s pose s challenges fo r modellin g th e impac t o f com -

plex time-dependent dru g exposure , especiall y give n th e uncertaint y abou t 

the wa y effect s cumulat e ove r t im e an d abou t th e etiologica l relevanc e 

of dose s take n i n differen t t im e periods . W e presen t a  flexible metho d fo r 

modelling cumulativ e effect s o f time-varyin g exposures , weighte d b y re -

cency, represente d b y time-dependen t covariate s i n th e Co x proportiona l 

hazards model . Th e functio n tha t assign s weight s t o dose s take n i n th e 

past i s estimated usin g cubi c regressio n splines . W e validat e th e metho d 

with a  simulatio n study . 

KEYWORDS: Proportiona l hazard s model ; regressio n splines ; simulations ; surviva l 

analysis; time-dependen t covariates ; pharmacoepidemiolog y 
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6.2 Introductio n 

The ai m o f man y epidemiologica l studie s i s to asses s the effects of time-dependen t 

exposures, wher e bot h th e exposur e statu s an d it s intensit y var y ove r time . Ade -

quately modellin g suc h comple x time-dependen t exposure s pose s a  particula r chal -

lenge, especiall y give n th e uncertaint y abou t whethe r an d ho w exposur e effect s cu -

mulate ove r t im e an d abou t th e etiologica l relevanc e o f dose s take n i n differen t t im e 

periods [10 , 12 , 11] , 

Ignoring th e comple x time-varyin g natur e o f exposure , o r restrictin g it s modellin g 

to a  subse t o f it s components , suc h a s curren t dos e o r duratio n o f exposure , ma y 

miss mor e comple x form s o f associatio n betwee n exposur e an d outcome , o r lea d t o 

etiologically incorrec t conclusion s [144] , A  slightl y mor e comprehensiv e measur e o f 

exposure i s the cumulativ e exposure , calculate d a s un-weighted su m o f pas t exposure s 

[152, 153 , 154] , assume s tha t al l th e exposure s i n th e pas t ha d th e sam e impac t o n 

the curren t risk , whic h ma y b e debatabl e i n man y instances . 

Both Breslo w an d Thoma s hav e discusse d th e genera l framewor k o f weighte d 

cumulative exposur e (WCE) , tha t combin e informatio n abou t duration , intensit y an d 

timing o f exposur e int o a  summar y measur e [18 , 19] . I n thi s framework , th e WC E 

at t im e u  i s forme d b y assignin g weight s t o pas t exposure s u p t o t im e u  an d the n 

summing u p ove r time . Conside r x ( f ) , th e instantaneou s intensit y o f exposur e a t 

t ime t.  Le t w(u  —  t) b e a  functio n tha t assign s weight s t o exposure s i n th e past , 

based o n thei r impac t o n th e ris k o f even t occurrin g afte r th e t im e interva l u  — t. I f 

exposure i s measure d a t discret e t im e intervals , the n th e WC E ca n b e expresse d as : 

u 
z(u) =  Y /w(u-t)x(t) (6.1 ) 

t= i 

Vacek propose d parametri c modellin g o f th e weigh t functio n i n case-contro l 

studies, wher e u  wa s fixe d a t th e inde x dat e an d a  singl e valu e o f th e WC E fo r 
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each subjec t wa s incorporate d i n a  conditiona l logisti c regressio n mode l [12] , Fou r 

alternative parametri c form s fo r th e weigh t functio n wer e selecte d a  priori  an d th e 

f i t o f th e resultin g model s wer e compare d t o selec t th e specificatio n mos t consisten t 

with th e dat a [12] . I n th e analysi s o f a  case-contro l stud y o f th e impac t o f smokin g 

on lun g cancer , Hauptman n et  al.  use d th e WC E framewor k t o summariz e th e 

individual smokin g historie s u p to th e dat e o f cance r diagnosi s fo r case s o r inde x t im e 

for control s [11] . The y estimate d th e weigh t functio n usin g constraine d regressio n 

splines withi n a  generalized linea r model , whic h require d a  constrained maximizatio n 

algorithm t o jointl y estimat e th e regressio n parameter s an d th e coefficient s o f th e 

spline basis . 

Abrahamowicz et  al.  use d th e parametri c WC E framewor k withi n th e Co x pro -

portional hazard s mode l t o refin e th e assessmen t o f th e association s betwee n ex -

posure t o thre e benzodiazepine s an d fall-relate d injurie s i n th e elderl y [14] , Th e 

parametric for m o f th e weigh t functio n wa s a  priori  selecte d t o reflec t assumption s 

about th e pharmacokinetic s propertie s o f benzodiazepine s an d ha d tw o alternativ e 

parameter value s t o represen t differen t window s o f clinicall y relevan t exposure . Th e 

weighted cumulativ e exposur e model s provide d bette r f i t t o th e dat a the n model s 

that represente d exposur e usin g time-dependen t variable s fo r curren t dos e o r cur -

rent duration . I n addition , th e best-fittin g WC E mode l wa s differen t fo r eac h o f th e 

three benzodiazepines , possibl y reflectin g th e difference s i n thei r eliminatio n half-lif e 

and/or withdrawa l effect s [14 , 101] . 

However, modellin g strategie s tha t requir e selectin g th e parametri c for m o f th e 

weight functio n i n th e absenc e o f an y prio r knowledg e abou t it s shap e ma y lea d t o 

invalid result s i f th e functio n i s incorrectl y specifie d [12 , 86 , 20] . A n alternativ e 

approach consist s i n estimatin g th e functiona l for m o f th e weigh t functio n fro m th e 

data, usin g flexibl e non - o r quasi - parametri c method s [11] . I n th e curren t article , 
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we propos e th e regressio n splin e base d metho d fo r modellin g th e WC E a s a  time -

dependent covariat e i n th e Co x P H model . Thi s involve s calculatin g th e WC E a t 

each tim e t  o f th e follow-up , i n contras t t o computin g it s valu e onl y onc e a t th e 

end o f follow-up , a s i t i s done i n th e case-contro l framewor k [11 , 12] , W e propos e a 

parametrization o f th e WC E i n th e Co x proportiona l hazard s (PH ) mode l tha t doe s 

not requir e constraine d optimization , s o tha t i t ca n b e readil y estimate d usin g mos t 

statistical softwar e packages . 

Section 6. 3 discusse s th e estimatio n o f ou r model , th e pointwis e confidenc e 

bands for the weight function , an d hypothesis-testin g procedures . Sectio n 6. 4 present s 

the desig n an d result s o f th e simulations , whic h evaluate d th e performanc e o f ou r 

method. W e finis h wit h concludin g remark s i n Sectio n 6.6 . 

6.3 Method s 

6.3.1 Co x mode l wit h time-dependen t weighte d cumulativ e exposur e 

Consider a  cohor t i n whic h individua l exposur e X , ( t ) varie s ove r time . A t an y 

time u  durin g th e follow-up , w e represen t th e join t effec t o f th e pas t exposure s b y 

the weighte d cumulativ e exposur e (WCE ) metri c 

u 

WCE(u) =  J2w(u  -  t)X(t),  (6.2 ) 
t= i 

where t  indexe s times o f exposur e precedin g u,  an d w(u — t ) i s the functio n assignin g 

weights t o pas t exposure s base d o n t im e elapse d sinc e th e exposur e occurred . Th e 

WCE i s then modele d a s a  time-dependent covariat e i n th e Co x proportiona l hazard s 

model [30] : 

u q 

h(u\X(t),Z(u)) =  h 0(u) ex p 7 J > ( u - t ) X ( t ) +  J > s Z s ( u ) (6.3) 
t = l S= 1 

where X(u ) represent s th e time-vecto r o f th e pas t exposur e fo r 0  <  t  <  u  an d eac h 

Zs(u) i s a  vector o f fixed-in-tim e o r time-dependen t covariates . 

92 



We propos e t o estimat e th e weigh t functio n w(u  —  t) usin g cubi c regressio n 

B-splines [74] : 
m 

w(u-t) =  ^2djBj(u-t),  (6.4 ) 
j= i 

where Bj,  j  =  1,... , m,  represen t th e m  function s i n th e cubi c splin e basi s an d Qj, 

j =  l,...,m,  represen t th e estimabl e coefficient s o f th e linea r combinatio n o f th e 

basis splines . 

Conceptually, w(u  —  t) i n (6.3 ) estimate s th e shap e o f th e weigh t function , 

and 7  estimate s th e magnitud e o f th e effec t o f cumulativ e exposur e o n th e hazard . 

However, bot h 7  i n (6.3 ) an d 6j,  i n (6.4 ) reflec t th e strengt h o f th e associatio n 

between th e exposur e an d th e risk . Therefore , t o avoi d identifiabilit y proble m whe n 

jointly estimatin g th e parameter s 7  an d Bj,  w e define : 

a , =  B j 7. (6.5 ) 

Furthermore, estimatio n o f mode l i n (6.3 ) i s largely facilitate d b y introducin g artificia l 

time-dependent covariate s [49] : 

u 

Dj(u) =  J ] Bj(u  -  t)X(t),  j  =  1  m.  (6.6 ) 
t= i 

Given (6.5 ) an d (6.6) , th e mode l i n (6.3 ) i s redefine d int o a  familiar for m o f th e P H 

regression mode l wit h time-dependen t covariate s D j (u ) : 

m q 

h(u\X(t), Z)(u)  =  h 0(u) ex p 
L J = 1 s = 1 1 

(6.7) 

Once th e m  artificia l time-dependen t covariate s Dj(u)  ar e calculated , an y stan -

dard statistica l softwar e fo r Co x regressio n wit h time-dependen t covariate s ca n b e 

used t o estimat e th e parameter s o f th e mode l (6.7) . 
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It shoul d b e note d tha t sinc e 7  i s absorbe d i n th e a  vector , th e magnitud e o f 

the effec t o f cumulativ e exposur e o n th e ris k o f a n even t canno t b e summarize d b y 

a singl e parameter . However , measure s o f relativ e risks , suc h a s hazar d ratio s (HR) , 

may easil y b e calculate d fro m mode l (6.7 ) b y comparin g th e ris k o f even t evaluate d 

for tw o differen t historie s o f exposure , keepin g othe r variable s constant : 

where Bj(u  —  t) i s th e splin e basis , d ; ar e parameter s estimate d fro m mode l (6.7) , 

while X 0 ( t ) an d X x ( t ) represen t th e tw o exposur e historie s t o compare . Dependin g 

on th e selecte d exposur e histories , on e ca n estimat e th e H R resultin g from , fo r 

example, (i ) changin g th e dose , (ii ) changin g th e duratio n an d timin g o f exposure , 

or (iii ) an y combinatio n o f (i ) an d (ii) . Correspondin g 95 % confidenc e interva l ma y 

be obtaine d vi a bootstrap , a s describe d i n Sectio n 6.3.4 . 

6.3.2 Choic e o f th e cubi c regressio n splin e basi s 

We estimat e th e weigh t functio n i n (6.4 ) usin g cubi c regressio n spline s becaus e 

they provid e smoot h estimate s wit h continuou s firs t tw o derivatives , tha t ar e flexibl e 

enough t o represen t a  variet y o f clinicall y plausibl e shape s [76] , an d ca n easil y b e 

computed b y an y statistica l packag e [155] . Th e numbe r o f knot s determine s th e 

flexibility o f th e estimate d splin e functio n an d th e model' s degree s o f freedom . A 

cubic B-splin e basi s wit h m  —  4 interio r knot s consist s o f m  curves , whos e linea r 

combination provide s th e estimate d splin e function . I n general , no t mor e tha n fiv e 

knots ar e enoug h t o mode l a  smoot h uni - o r bi-moda l curv e whil e reducin g th e ris k 

of majo r over-fittin g bia s [51] . I n addition , th e tai l o f a  splin e functio n ca n b e 

constrained t o g o smoothl y t o zer o b y settin g th e firs t (o r last ) tw o coefficient s o f 

the linea r combinatio n o f th e splin e basi s t o zero . 

m u 

(6.8) 
L j=1 t= 1 
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Regression spline s hav e a  finite suppor t interval , whic h ha s t o b e define d b y th e 

user [60] . I n ou r framework , th e suppor t interva l correspond s t o th e t im e windo w 

[u — a, u]  o f exposure s tha t ar e considere d potentiall y etiologicall y relevan t a t t im e u. 

Outside o f thi s interval , i.e . fo r t  <  u  — a, th e exposure s ar e a  priori  believe d t o b e 

too remot e i n t im e t o influenc e th e ris k o f a n outcom e a t t im e u  s o tha t w(u  —  t) i s 

a priori  se t t o 0  fo r t  <  u  -  a.  Therefore , th e weigh t functio n i n (6.4 ) i s estimate d 

over th e limite d interva l [0 , a] only . Accordingly , w e plac e thre e exterio r knot s a t 0 

and thre e other s a t a.  I n th e absenc e o f prio r knowledg e abou t th e potentia l shap e 

of th e weigh t function , w e plac e th e interio r knot s a t equa l distance s withi n th e t im e 

window [0 , a]. 

In many , bu t no t al l applications , i t ma y b e a  priori  eviden t tha t ver y earl y expo -

sures tha t occurre d nea r th e beginnin g o f th e etiologicall y relevan t windo w hav e n o 

impact o n th e curren t risk . Therefore , i n additio n t o th e unconstraine d weigh t func -

tion models , i n whic h th e coefficient s ot j fo r al l m  artificia l time-dependen t variable s 

in (6.6 ) ar e estimated , w e als o considere d constraine d model s i n whic h th e coeffi -

cients o f th e las t tw o artificia l time-dependen t variable s i n (6.6) , a m _ i an d a m , ar e 

set t o zero , whic h result s i n constrainin g th e weigh t function , an d it s firs t derivative , 

to reac h 0  a t t  =  u  — a. 

We a  priori  limi t th e numbe r o f th e interio r knot s t o b e betwee n on e an d three , 

which implie s tha t fiv e t o seve n splin e coefficient s ha d t o b e estimate d i n th e un -

constrained model , an d thre e t o fiv e i n th e constraine d model . W e the n rel y o n th e 

BIC t o selec t th e unconstraine d and/o r constraine d model(s ) tha t achieve d th e bes t 

f i t, a s determined b y th e lowes t BIC . Followin g [156] , w e defin e th e BI C fo r a  give n 

model as : 

BIC =  - 2 l n ( P L ) +  p\n(d)  (6.9 ) 
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where PL  represent s th e partia l likelihoo d functio n fo r th e model , whil e p  i s th e 

number o f estimabl e parameter s i n (6.7) , an d d  correspond s t o th e numbe r o f un -

censored events . 

6.3.3 Hypothesi s testin g procedure s 

When significanc e test s ar e performe d o n th e result s o f th e mode l selecte d b y 

some data-dependent criteri a base d on goodnes s o f f i t , standar d inferenc e procedure s 

may b e invali d becaus e o f inflate d typ e I  error [157 , 158 , 159] . 

The distributio n o f th e tes t statistic s conditiona l o n a n a  posteriori  selecte d 

model an d it s unconditiona l distributio n ma y b e significantl y differen t [157] . I n th e 

context o f ou r method , i t implie s tha t standar d inferenc e abou t th e effect s o f expo -

sure base d o n th e BIC-optima l mode l need s t o tak e int o accoun t th e uncertaint y a t 

the mode l selection stage , an d the interdependenc e o f test s conditiona l o n alternativ e 

WCE model s wit h differen t number s o f knot s an/o r differen t severa l t im e window s 

of clinicall y relevan t exposur e [u  —  a, u]  [159 , 47 , 49] . 

To obtai n vali d likelihoo d rati o test s fo r th e associatio n betwee n th e WC E rep -

resented b y m  time-dependen t variable s Dj(u),  j  =  1  m  i n (6.7) , an d th e ris k o f 

an event , w e propos e a  simulation-base d approach . Ou r approac h i s simila r t o tha t 

employed b y Mahmu d et  al.  t o correc t th e significanc e leve l a*  o f th e likelihoo d rati o 

tests (LRT ) o f th e effec t o f a  continuou s covariat e o n th e hazar d fo r a  posteriori 

selection o f th e functiona l for m o f th e dose-respons e curv e [159] . W e firs t generate d 

1,000 dataset s unde r th e assumptio n o f n o associatio n betwee n exposur e an d out -

come (dat a generatio n procedure s ar e discusse d i n sectio n 6.4) , an d the n selecte d 

the BIC-optima l WC E mode l fo r eac h simulate d sample . W e compute d a  LR T fo r 

the join t effec t o f th e m  variable s Dj(u), 

For the i th simulate d sample , w e compute d th e m , - df  LR T statistic , wher e m , 

denotes th e numbe r o f spline s coefficient s a  estimate d i n the BIC-optima l mode l fo r 
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this specifi c sample , an d establis h th e corresponding , un-corrected , p-value . Next , 

we construc t th e empirica l distributio n o f th e 1,00 0 resultin g so-calle d conditiona l 

p-values, acros s 1,00 0 sample s generate d unde r th e nul l hypothesis . Thi s distributio n 

will b e shifted t o th e left , i.e . toward s lowe r p-values , relativ e t o th e unifor m distribu -

tion tha t woul d b e obtaine d i f a  single mode l wa s selecte d a  priori  [159] . Therefore , 

using a n un-correcte d significanc e level , e.g . a  =  0.05 , woul d lea d t o inflate d typ e 

I error , wit h th e magnitud e o f inflatio n increasin g a s th e samplin g variatio n i n th e 

BIC mode l selecte d increase s [49] . However , th e empirica l distributio n o f conditiona l 

p-values directl y account s fo r suc h inflatio n [159] . Therefore , w e use d th e 5 th per -

centile o f th e empirica l distributio n o f th e conditiona l p-value s a s th e significanc e 

level a*  i n th e reporte d LR T t o ensur e a  type I  error rat e o f 0.05 . Indeed , unde r th e 

null hypothesis , abou t 5 % o f th e conditiona l p-value s wil l b e expecte d t o fal l belo w 

the ne w significanc e leve l ccq . 

Because th e splin e spac e als o include s th e constan t weigh t model , w e use d 

a simila r procedur e t o tes t whethe r th e WC E model s provide d a  bette r f i t t o th e 

data the n th e conventiona l unweighte d cumulativ e exposur e mode l [49] . Thi s time , 

the correcte d critica l cutof f valu e a\  wa s selecte d t o b e th e 5 th percentil e o f th e 

empirical distributio n o f th e conditiona l p-value s obtaine d fro m sample s simulate d 

while assessin g tha t th e tru e mode l wa s th e unweighte d cumulativ e dose , i.e . tha t 

all pas t exposure s ha d th e sam e weight , regardles s o f thei r timing . 

6.3.4 Pointwis e confidenc e band s fo r th e estimate d weigh t functio n 

To asses s the precisio n o f th e estimate d weigh t functio n w(u  -  t),  w e relie d o n 

non-parametric bootstra p re-samplin g [160] . Th e bootstra p routin e shoul d accoun t 

for bot h (1 ) th e samplin g variatio n o f th e regressio n coefficients , an d (2 ) th e uncer -

tainty a t th e mode l selectio n stage , i.e . th e additiona l varianc e du e t o a  posteriori 

selection o f th e numbe r o f knot s [45 , 49] , Accordingly , fo r eac h o f th e B  bootstra p 

97 



samples, alternativ e version s o f mode l (6.7 ) wit h 1- 3 interio r knot s ar e estimated an d 

the BI C i s us e t o selec t th e bes t estimat e o f w(u  —  t) fo r a  given bootstra p sample . 

The percentil e metho d ca n the n b e use d t o comput e a  95 % pointwis e confidenc e 

band, fo r eac h w(u  —  t). Next , fo r eac h 0  <  t  <  u,  th e empirica l distributio n o f th e 

B poin t estimate s o f w(u  —  t), eac h correspondin g t o th e BIC-optima l mode l fo r a 

given bootstra p sample , i s constructed . 

6.3.5 Softwar e specificatio n 

The algorithm s fo r th e dat a generatio n an d fo r computin g th e time-dependen t 

covariates i n 6. 7 wer e code d i n R  versio n 2.6. 1 [65 ] wit h th e Mersenne-Twister 

random numbe r generato r [150] . T o analyz e th e simulate d data , w e use d th e R 

procedure coxp h [161 ] wit h Efro n metho d fo r ti e handling . Th e script s ar e availabl e 

from th e authors . 

6.4 Desig n o f simulation s an d dat a generatio n 

We validate d ou r mode l an d investigate d it s propertie s usin g simulations . W e 

simulated a  hypothetica l prospectiv e cohor t study , whic h aim s a t assessin g th e asso -

ciation betwee n exposur e t o a  single dru g an d t ime t o a n event . Th e cohor t consiste d 

of 50 0 ne w user s o f th e drug , an d t im e zer o wa s define d a s the firs t da y o f th e dru g 

use a s i n [123] . Individual s coul d interrup t an d resum e thei r treatmen t repeatedl y 

thereafter. Th e follow-u p wa s limite d t o a  year . I n th e nex t thre e sub-sections , w e 

describe: (i ) th e generatio n o f a  matri x o f individua l dru g us e pattern s tha t w e kep t 

fixed acros s th e simulations ; (ii ) th e selectio n o f alternativ e weigh t function s an d 

parameters use d i n differen t data-generatio n scenarios ; an d (iii ) th e generatio n o f 

adverse even t time s conditiona l o n th e weighte d cumulativ e doses . 

6.4.1 Exposur e generatio n 

The dru g treatmen t wa s assum e t o var y i n dos e an d duratio n bot h betwee n 

individuals an d ove r t im e withi n a n individual . Th e duratio n o f th e initia l treatmen t 
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for individua l /' , was defined i n multipl e o f 7  days an d wa s generate d fro m a  lognorma l 

distribution : 

with mea n o f log(0.5 ) an d standar d deviatio n o f log(0.8) . A  subsequen t perio d o f 

interruption, whe n th e subjec t wa s assume d no t t o b e expose d t o th e drug , wa s 

generated usin g a  simila r distribution . Successiv e period s o f us e an d interruption s 

were generate d similarl y unti l th e en d o f follow-u p wa s reache d (36 5 days) . Fo r 

each uninterrupte d perio d o f use , th e standardize d dail y dos e [123 ] wa s assume d 

to remai n constan t acros s th e entir e period . Th e dail y dos e corresponde d t o th e 

time-dependent variabl e X ( t ) i n Equatio n (6.3) , wit h X(t ) =  0  fo r al l period s o f 

interruption. Specifically , th e dos e was generate d t o b e 0.5, 1 , 1.5 , 2 , 2.5 , o r 3  time s 

the recommende d dose , wit h eac h o f th e si x value s assigne d wit h equa l probabilit y 

6.4.2 Weigh t function s 

We firs t considere d 6  differen t scenarios , eac h correspondin g t o a  differen t tru e 

weight functio n tha t wer e define d ove r a  [0,1 ] interval , correspondin g t o on e year . 

The si x true weigh t function s ar e shown i n Figur e (6-1) . Notic e tha t th e t im e axi s i n 

Figure (6-1 ) run s backwards , s o tha t u — t =  0  corresponds t o th e curren t exposure . 

The firs t tw o scenario s assume d tha t weight s decrease d monotonicall y a s t ime sinc e 

exposure increased . Fo r scenari o 1 , w e use d a n exponential  deca y functio n wit h 

w(u —  t) =  7e~ 7 ( u _ t ) whil e fo r scenari o 2 , w e use d a  Bi-linear  functio n w(u  —  t) — 

1 —  5Q/365 fo r u  — t <  Jrj r an d zer o otherwise . Scenario s 3  an d 4  corresponde d t o 

functions wit h a  bump within th e interva l [u , u—180/365 ] s o that th e weights increas e 

until t  =  0. 2 yea r an d the n decreas e a s t ime sinc e exposur e increases . Th e Inverted 

U functio n fo r scenari o 3  corresponde d t o th e densit y functio n o f a  A/[0.2 ; 0.06 ] 

7 
duration, =  — - x 

365 

of 
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distribution, whil e Early  peak  functio n o f scenari o 4 , t o th e densit y o f a  N[ 0.04; 0.05 ] 

distribution, bot h left-truncate d a t t  =  0 . I n compariso n wit h th e Inverted  U,  i n th e 

Early peak  scenario , th e maximu m weigh t wa s assigne d t o mor e recen t dose s an d 

the weight s decline d mor e sharpl y afterward . Scenari o 5  corresponded t o a  Constant 

weight functio n wit h w(u—t ) =  3 ^ , s o that th e resultin g WC E wa s i n fact a  standard 

un-weighted time-dependen t cumulativ e dos e variabl e ove r th e follow-u p period . I n 

the las t scenari o (S c 6) , w e considere d a  weigh t functio n tha t intiall y increased , 

reached a  platea u a t aroun d u  — t =  180/36 5 an d the n starte d t o decreas e t o zer o 

around u  -  t  =  240 . Thi s functio n wa s labele d Hat  an d wa s specificall y designe d 

to investigat e th e impac t o f constrainin g th e weigh t functio n t o g o t o zer o aroun d 

u— 180/36 5 wher e th e tru e weigh t functio n wa s actuall y a t it s maximu m value . T o 

enhance comparability , th e weigh t function s wer e standardized s o that th e are a unde r 

each si x tru e weigh t function s summe d u p t o 1  over th e interva l [u,  u  — 180/365], 

Finally, w e investigate d typ e I  erro r b y considerin g th e cas e wher e ther e wa s 

no associatio n betwee n weighte d cumulativ e dos e an d th e outcome . I n thi s case , 

the even t time s wer e generate d fro m th e margina l distributio n describe d i n th e nex t 

section an d randoml y assigne d t o individual s independentl y o f thei r exposur e pattern . 

6.4.3 Event s generatio n 

For eac h scenari o an d eac h subject , /  =  1,. . . ,500 , w e calculate d th e vecto r 

WCEj(u) o f th e tru e valu e o f th e time-dependen t variabl e WC E i n (6.2) , base d 

on individua l pattern s o f dru g exposur e an d th e relevan t weigh t function , fo r eac h 

day o f potentia l follow-up : u  =  0 , 3^ , . . . , 1 . Next , w e assume d tha t th e strengt h 

of th e exposur e impac t o n th e hazar d corresponde d t o 7  =  I n 4 i n (6.3) , i.e . tha t 

an uni t increas e i n WC E corresponde d t o a  4-fol d increas e i n th e hazar d (HR=4) . 

Notice tha t becaus e th e weigh t functio n wa s standardized , a n uni t increas e i n WC E 

corresponded to , e.g. , a  differenc e betwee n (a ) a n individua l prescribe d a  standar d 
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dose o f 1  fo r th e entir e year , an d (b ) a  subjec t no t expose d a t an y t im e durin g th e 

year. 

Finally, w e generate d even t time s conditiona l o n th e WCE , usin g th e permu -

tational algorithm , specificall y develope d an d validate d fo r simulatin g even t time s 

conditional o n time-dependen t covariate s and/o r effect s [29 , 162] , Th e permuta -

tional algorith m involve s thre e majo r steps : (i ) generatin g individua l covariat e value s 

over time ; (ii ) generatin g th e even t time s fro m th e pre-specifie d margina l distribu -

tions, independen t o f covariates ; (iii ) matchin g individua l even t time s wit h individua l 

covariate vector s base d o n pre-specifie d assumption s abou t th e covariate s impac t o n 

hazard [49] . Matchin g a t ste p (iii ) i s performe d s o tha t probabilit y o f a  subject, wh o 

remained a t ris k unti l t im e t,  wit h a  particula r covariat e vecto r x , ( t ) bein g matche d 

with th e even t a t t im e t  i s proportiona l t o th e subject' s curren t hazar d /?(t |x,( t) ) 

[29, 162] , A  detaile d descriptio n o f th e algorith m an d it s validatio n ca n b e foun d 

in [162] . W e generate d even t time s assumin g thei r margina l distributio n i s unifor m 

U[0,1] an d assume d a  50% rat e o f righ t rando m censoring , resultin g i n approximatel y 

250 event s pe r simulate d sample . 

6.4.4 Analysi s o f th e simulate d dataset s 

For eac h o f th e 1,00 0 sample s simulate d fo r a  give n scenario , w e estimate d 

unconstrained an d constraine d model s wit h 1  t o 3  interio r knots , an d use d th e BI C 

to selec t th e bes t f i t te d model . Regardles s o f th e tru e shap e o f th e weigh t function , 

we assume d tha t th e use r woul d selec t a  six-mont h interva l [0 , |§§ ] a s th e windo w 

of etiologicall y relevan t exposure . Accordingly , w e use d a  = |§ § fo r al l splin e model s 

estimated i n ou r simulations . 
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We firs t assesse d th e accurac y o f ou r estimate s o f th e exposur e impac t o n th e 

hazard, w e simpl y reconstructe d 7  a s 

a m 

7 =  (6.11 ) 
T = 0 j=  1 

When generatin g th e data , w e use d th e tru e weigh t function s define d s o tha t 

[ w(t)dt=  1 . (6.12 ) 
Jo 

This implie d tha t 7  use d t o generat e event s represente d th e In (HR) betwee n a 

subject expose d a t a  constan t dos e X(t ) =  1  fo r th e entir e windo w o f th e relevan t 

exposure [u  —  a, u] agains t a n unexpose d subjec t X(t)  =  0 , u  —  a <  t  <  u.  W e 

then compare d th e distributio n o f th e estimate d 7 , acros s simulate d samples , wit h 

the tru e 7  b y calculatin g th e relativ e bia s an d th e standar d deviatio n (SD ) o f 

the estimate s obtaine d fro m (6.11) . 

Next, w e assesse d th e accurac y o f th e simulate d weigh t functions . T o thi s end , 

we obtained th e normalize d versio n o f the estimated weigh t function , whic h respecte d 

the constraint : 
m 

* m ( u - t ) =  J 2 % B j ( u - t ) (6.13 ) 
1 7 

where 7  wa s calculate d fro m (6.11) . W e the n plotte d a  rando m sampl e o f 10 0 

normalized weigh t function s agains t th e tru e weigh t function s t o investigat e th e 

ability o f th e metho d t o recove r th e shap e o f th e tru e weigh t functio n use d t o 

generate th e data . 

We als o estimate d tw o alternativ e simple r model s i n whic h th e exposur e wa s 

expressed wit h a  time-dependent variable : (1 ) curren t dose , DOSE  =  X(u)  an d (2 ) 

cumulative (unweighted ) dos e CUMDOSE  =  Yl Ut=o^(u)- f i t o f al l o f thes e 
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models wer e compare d usin g th e BIC . Finally , w e performe d a  likelihoo d rati o tes t 

(LRT) o n eac h o f th e model s t o evaluat e type- l error . 

6.5 Simulatio n result s 

In thi s section , w e repor t th e result s o f th e analysi s o f 1,00 0 simulate d dataset s 

for eac h o f th e si x true  weigh t function s describe d i n Sectio n 6.4.2 . 

6.5.1 Accurac y o f th e estimate d weigh t function s 

We calculate d th e normalize d estimate d weigh t function s a s described i n sectio n 

6.4.4 fro m eac h o f th e BIC-optima l unconstraine d an d constraine d WC E model s an d 

plotted the m agains t th e tru e weigh t function s use d t o generat e th e data . Figure s 

6 - 2 an d 6 - 3 sho w a  rando m sampl e o f 10 0 normalize d estimate d weigh t function s 

obtained fro m th e unconstraine d an d constraine d models , respectively . I n eac h o f 

the Figures ' panels , th e tru e weigh t functio n use d t o generat e th e dat a i s plotte d i n 

white. I n every scenario , excep t fo r th e Hat  an d th e Constant  functions , mos t o f th e 

estimated weigh t function s wer e abl e t o captur e th e shap e o f th e tru e weigh t func -

tions, albei t wit h som e variatio n i n the amplitud e o f th e curves . I n the unconstraine d 

models, th e estimatio n wa s les s satisfactor y i n th e righ t tai l o f th e plot , especiall y 

in scenario s whe n th e exposure s tha t occurre d relativel y lon g ag o ha d littl e impac t 

on th e risk . Instabilit y a t th e tail s o f th e estimate d functio n i s a  know n featur e o f 

B-splines [56] . A s Figure s 6 - 2 an d 6 - 3 show , constrainin g th e weigh t function s t o 

smoothly g o t o zer o a t th e en d o f th e exposur e t im e windo w considerabl y reduce d 

the variatio n o f th e estimates , eve n i f th e windo w [0 , |§§] wa s selecte d a  priori  an d 

was ofte n muc h longe r tha n th e t im e windo w o f relevan t exposure s (wit h non-zer o 

impact). 

6.5.2 Mode l selectio n 

For eac h scenario , w e use d th e BI C t o selec t th e overal l bes t mode l amon g th e 

unconstrained an d unconstraine d spline-base d WC E models , an d th e tw o alternativ e 
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models wit h time-dependen t exposur e (curren t dos e an d cumulativ e dose) , a s de -

scribed i n sectio n 6.4.4 . Tabl e 6 - 1 show s th e numbe r o f times , ou t o f 1,000 , tha t 

each o f th e model s wa s selecte d a s th e bes t mode l b y scenario . Tabl e 6 - 2 show s 

similar results , stratifie d b y WC E versu s alternativ e models . Tabl e 6 - 2 als o shows , i n 

parenthesis, th e proportio n o f simulate d sample s tha t foun d a  statistically significan t 

association betwee n th e exposur e an d th e outcom e usin g th e likelihoo d rati o tes t 

with th e correcte d critica l cutof f valu e a £ =  0.039 . 

For scenario s 1-4 , correspondin g t o th e weigh t function s tha t decrease d t o zer o 

near u  — t =  180/365 , th e constraine d WC E model s ha d th e bes t f i t i n mor e tha n 

90% o f th e simulate d dat a sets . Th e numbe r o f knot s selecte d fo r thes e model s 

depended o n th e curvatur e o f th e weigh t function . Fo r monoton e function s lik e 

the Bi-linear  an d th e Exponential  functions , th e BI C selecte d model s wit h 1  interio r 

knot i n mor e tha n 90 % o f th e sample s (Tabl e 6 -1 ) . Thi s reflecte d th e fac t tha t fo r 

monotone functions , th e additiona l flexibilit y provide d b y addin g extr a knot s di d no t 

improve th e f i t enoug h t o compensat e fo r th e penalt y du e t o increasin g th e mode l 

dimension. 

Models wit h 2  knot s wer e selecte d mor e frequentl y fo r th e tw o weigh t function s 

that ha d a  bump withi n th e suppor t interva l [ u - 180/365 , u],  namel y th e Early  peak, 

and th e Inverted  U  (Tabl e 6 -1 ) . Thi s reflecte d th e nee d fo r a  greate r flexibilit y i n 

modelling function s tha t ha d a  loca l extremu m an d on e o r tw o inflexio n point s withi n 

the suppor t interval . Constraine d model s wit h tw o knot s wer e selecte d a s the bes t f i t 

models i n mor e tha n hal f o f th e simulate d sample s fo r th e Inverted  U  scenario , whil e 

in th e cas e o f th e Early  peak  weigh t function , mor e tha n tw o third s o f th e model s 

with th e lowes t BI C were th e constraine d model s wit h 1  knot. Th e Early  peak  weigh t 

function ha d a  narro w an d shar p pea k aroun d u  -  t  =  ^  which , i n man y samples , 

was no t detecte d b y the WC E method . Indeed , a s Panel s (c ) o f Figure s 6 - 3 an d 6 - 2 
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show, severa l estimate d weigh t function s fo r th e Early  peak  scenari o wer e decreasin g 

monotonically an d require d onl y on e knot . 

In addition, fo r Scenario s 1-5 , the alternativ e non-splin e base d model s were neve r 

selected a s the bes t model , excep t fo r th e unweighte d cumulativ e dos e model , whic h 

had th e bes t f i t i n 5 8 an d 2 2 sample s ou t o f 1,00 0 fo r th e Exponential  an d Inverted 

U functions , respectively . Usin g th e correcte d a ^ =  0.039 , th e LR T indicate d tha t 

the WC E model s provide d a  bette r f i t t o th e dat a the n th e unweighte d cumula -

tive exposur e mode l i n mor e tha n 95 % o f th e simulate d sample s fo r th e Bi-Linear, 

Exponential, Early  Peak  an d Inverted  U  scenarios . 

In scenario s 1-4 , wher e th e tru e weigh t function s decrease d t o zer o withi n th e 

[u —  180/365, u]  interval , al l o f th e LR T test s fo r bot h constraine d an d th e uncon -

strained modele d rightfull y detecte d a  statisticall y significan t associatio n betwee n 

the exposur e an d th e event . I n comparison , th e unweighte d cumulativ e dos e mode l 

missed a  statistically significan t associatio n i n abou t 70.9 % o f th e simulate d samples . 

The curren t dos e mode l wa s usuall y abl e t o detec t a n associatio n i n th e majorit y o f 

Scenarios 1 , 2  an d 4  bu t yielde d statisticall y significan t result s i n les s than 5 % o f th e 

samples fo r Scenari o 3 . Thi s i s because , unlik e i n Scenario s 1 , an d 4 , th e Inverted  U 

weight functio n i n Scenari o 3  doe s no t assig n larg e weight s t o curren t o r ver y recen t 

doses (Figur e 6 -1 ) . 

In th e scenari o wher e th e tru e mode l wa s th e unweighte d cumulativ e exposur e 

(Constant weigh t i n Figur e 6 -1 ) , th e correc t mode l wit h th e cumulativ e unweighte d 

exposure variabl e (CUMDOSE ) ha d th e bes t f i t i n 92 4 ou t o f 1,00 0 simulate d sam -

ples. I n comparison , th e splin e base d WC E model s di d no t perfor m wel l becaus e o f 

their large r numbe r o f estimate d parameter s penalize d thei r BI C values . Whil e th e 

CUMDOSE mode l ha d a  statisticall y significan t LR T test s i n 75.1 % o f th e times , 

the splin e base d WC E model s detecte d a n associatio n betwee n th e exposur e an d 
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the outcom e i n abou t onl y 40 % o f case s o n average . Thi s relativel y lo w power , 

even fo r th e correc t CUMDOS E model , reflec t th e fac t tha t i n thi s scenario , th e 

true associatio n wa s mor e difficul t t o detect . Sinc e th e are a unde r th e tru e weight 

function summe d t o 1  ove r th e [u  —  180/365, u]  interval , th e weigh t assigne d t o 

exposures o n a  single da y wa s relativel y small , a s shown i n Figur e 6-1 . Tha t an d th e 

fact tha t th e generate d averag e duratio n o f th e exposur e period s wa s relativel y shor t 

(21 days) , implie d that , fo r mos t simulate d subjects , th e effectiv e hazar d ratio s i n 

the Constant  weigh t scenari o wer e relativel y smal l an d mor e difficul t t o detec t tha n 

those associate d wit h th e othe r weigh t functions . 

Finally, i n Scenari o 6 , th e tru e weigh t functio n Hat  increase d unti l 180/36 5 an d 

decreased afte r u  =  180/365 . Thi s exampl e wa s specificall y selecte d t o asses s th e 

performance o f th e metho d i n a  difficult situatio n whe n th e selecte d suppor t interva l 

for th e estimate d weigh t function , [u  — 180/365, u],  wa s no t wid e enoug h t o captur e 

the entir e t im e windo w o f etiologicall y relevan t exposure . A s Pane l ( f ) o f Figur e 6 - 3 

shows, i n thi s scenario , th e constraine d weigh t functio n estimate s wer e force d t o g o 

to zer o a t u  — t =  180/365 , wher e th e tru e functio n wa s i n fac t a t it s maximum . 

Accordingly, th e constraine d WC E model s provide d ver y biase d estimates . O n th e 

other hand , i n contras t t o othe r scenarios , i n Scenari o 6 , th e unconstraine d models , 

were performin g bette r i n approximatin g th e tru e shap e o f th e weigh t function , a t 

least within th e [u— 180/365, u]  window , selecte d a s the bes t mode l i n 15 8 simulate d 

samples ou t o f 1,000 . I n th e remainin g samples , th e bes t mode l wa s tha t wit h th e 

unweighted cumulativ e dos e variable . 

Both th e unweighte d cumulativ e dos e mode l an d th e unconstraine d WC E esti -

mates showe d i n pane l ( f ) o f Figur e 6 - 3 sugges t tha t eve n thos e exposure s a t th e 

right en d o f th e suppor t window , nea r u  — 180/365, whic h occurre d abou t hal f a  year 

earlier, hav e a  marked impac t o n th e curren t risk . Moreover , th e shape s o f almos t al l 
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unconstrained weigh t function s sugges t tha t exposure s tha t occurre d mor e tha n hal f 

a yea r ag o ma y b e muc h mor e importan t tha n mos t o f th e mor e recen t exposures . 

This shoul d provid e a  stron g suggestio n tha t th e suppor t interva l [u  -  180/365 , u], 

a priori  se t b y th e hypothetica l user , i s actuall y muc h to o short . I n thi s sense , thes e 

results sugges t tha t i f th e tru e situatio n corresponde d t o ou r Hat  scenario , the n th e 

use o f alternativ e model s woul d provid e a  stron g evidenc e tha t th e initiall y selecte d 

support interva l i s too short . W e believ e that , give n suc h evidence , mos t user s woul d 

re-analyse th e dat a whil e usin g a  considerabl y large r suppor t interval . Therefore , w e 

carried ou t additiona l sensitivit y analyses , linke d t o th e Scenari o 6 . Specifically , w e 

modified th e windo w o f th e suppor t interva l fo r th e spline s fro m [u  -  180/365 , u] 

to [u —  1, u] an d th e th e constraine d WC E model s wer e selecte d a s th e bes t mode l 

in mor e tha n 90 % o f th e cas e (Result s no t shown) . 

6.5.3 Estimate d regressio n coefficien t fo r th e weighte d cumulativ e dos e 

We als o investigate d whethe r th e estimate d magnitud e o f th e effec t o f th e WC E 

on th e ris k o f a n even t tha t wer e estimate d b y WC E model s reflecte d th e tru e valu e 

of 7  i n Equatio n 6.3 , i.e . th e regressio n coefficien t use d t o generat e th e simulate d 

data sets . T o thi s effect , w e compare d th e normalize d estimate s o f 7 , obtaine d b y 

summing th e estimate d value s o f th e weigh t functio n ove r th e 18 0 days , wit h th e 

true valu e o f 7 . Th e result s ar e show n i n th e left-hand-sid e o f Tabl e 6 -3 , unde r th e 

All models  heading . W e repeate d th e analysis , thi s tim e o n th e subse t o f simulate d 

samples fo r whic h th e WC E mode l ha d th e bes t f i t (lowes t BIC) . Th e result s ar e 

shown i n right-hand-sid e o f Tabl e 6-3 , unde r th e Best  BIC  models  heading . 

For Scenario s 1-4 , th e relativ e bia s fo r 7  wer e relativel y smal l ( -2.9 % t o 2.8 % 

for unconstraine d model s an d -5.0 % t o 5.8 % fo r constraine d models) . Whe n onl y 

the model s wit h th e bes t BI C wer e considered , th e bia s wa s reduce d t o les s tha n 
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1% fo r th e constraine d models . I n comparison , th e numbe r o f unconstraine d model s 

with th e lowes t BI C i s to o smal l t o asses s th e relativ e bia s accurately . 

6.6 Discussio n 

We propose d flexibl e metho d fo r modellin g cumulativ e effect s o f time-dependen t 

exposures, weighte d b y recency, i n the Cox' s proportiona l hazard s model . Ou r metho d 

avoids makin g a  priori  assumption s abou t th e shap e o f th e functio n tha t assign s 

weights t o exposure s i n th e past , b y estimatin g i t wit h cubi c regressio n B-splines . 

The propose d parametrizatio n o f ou r flexibl e WC E mode l allow s it s estimatio n wit h 

any standar d statistica l package . 

Our simulation s illustrate d tha t th e WC E mode l i s abl e t o captur e a  variet y 

of clinicall y plausibl e shape s o f th e tru e weigh t functio n an d t o produc e relativel y 

accurate estimate s o f th e strengt h o f th e associatio n betwee n exposur e an d out -

come. W e propose d a  strateg y t o tes t i f th e WC E mode l detect s a  statisticall y 

significant cumulativ e exposur e effec t an d provide s a  bette r f i t t o th e dat a tha n th e 

conventional unweighte d cumulativ e exposur e model . Thi s simulation-base d testin g 

strategy account s fo r samplin g variatio n a t th e mode l selectio n stag e and , thus , ca n 

be for hypothesis-testin g i n othe r flexibl e model s wher e th e tes t i s conditional o n th e 

BIC-optimal splin e mode l [49] , Pointwis e confidenc e band s ma y b e obtained usin g a 

bootstrap metho d tha t als o account s fo r data-dependen t BIC-base d selectio n o f th e 

number o f interio r knot s and/o r lengt h o f th e etiologicall y relevan t exposur e window . 

Even i f th e estimate d splin e coefficient s d o no t hav e a  meaningfu l interpretation , 

the strengt h o f th e cumulativ e effec t ma y b e assesse d b y estimatin g hazar d ratio s 

corresponding t o contrast s betwee n pre-specifie d pattern s o f exposur e histories . 

While th e metho d i s generall y abl e t o captur e th e overal l shap e o f th e weigh t 

function, i t ma y fai l t o accuratel y reflec t sudde n an d rapi d chang e i n th e function , 

resulting i n hig h loca l curvature . I n cases where suc h functiona l behavio r i s expected , 
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the use r ma y improv e th e f i t o f th e mode l b y addin g knot s wher e th e chang e i n th e 

function i s expected t o occur . Otherwise , th e locatio n o f th e knot s insid e the windo w 

of etiologicall y relevan t exposur e need s t o rel y o n som e arbitrar y rule . I t ha s bee n 

suggested t o plac e th e interio r knot s t k, k  =  1  ,...,K a t th e quantile s o f 

the distributio n o f th e exposur e variable , t o ensur e tha t eac h segmen t o f f ( x ) ha s 

comparable suppor t fro m th e dat a [45] . However , thi s generi c approac h ma y b e o f 

limited us e i n ou r context . Indeed , i n ou r model , th e individua l value s o f th e time -

dependent WC E variabl e nee d t o b e calculated ever y t im e a  ris k se t i s formed du e t o 

the occurrenc e o f a n event . A t th e t im e o f eac h event , pas t exposure s tha t occurre d 

during th e pre-specifie d t im e windo w o f etiologicall y relevan t exposur e ar e use d t o 

construct th e WCE variable . Th e accurac y o f the weigh t functio n estimatio n depend s 

on th e varianc e i n th e observe d exposur e statu s and/o r dos e durin g thi s window . I n 

most applications , pas t period s o f exposur e versu s non-exposure , a s wel l a s pas t 

doses, ar e randoml y distribute d ove r th e entir e follow-up . Thus , on e ma y expec t 

that loca l varianc e i n th e exposur e statu s an d dos e wil l b e proportiona l t o th e lengt h 

of th e suppor t interval . Suc h consideration s motivate d ou r decisio n fo r equa l spacin g 

of th e knot s withi n thi s window . 

Among man y alternativ e smoothin g techniques , w e opte d fo r regressio n B -

splines to mode l the weight functio n mainl y becaus e they allowed a  simple parametriza -

tion o f th e WC E model . Conditiona l o n th e choic e o f th e numbe r an d locatio n o f 

knots, regressio n B-spline s are linear i n the coefficient s t o b e estimated, whic h implie s 

that standar d method s o f estimatio n an d inferenc e ma y b e use d [73] . Polynomial s 

and fractiona l polynomial s ar e als o linea r i n the coefficient s t o estimate , bu t the y ar e 

more sensitiv e t o loca l bia s tha n regressio n spline s [60 , 72] , I n addition , regressio n 

spline functions ca n easil y b e constrained a t thei r boundarie s [60] . Th e latte r propert y 
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is o f particula r importanc e i n ou r contex t as , i n mos t applications , th e weigh t func -

tion wil l b e a  priori  expecte d t o smoothl y deca y t o 0  i n it s righ t tail . Indeed , i n ou r 

simulations, th e constraine d splin e mode l f i t th e dat a almos t uniforml y bette r tha n 

the unconstraine d mode l wheneve r th e tru e weigh t functio n assigne d weight s clos e 

to 0  fo r exposur e tha t occurre d i n relativel y remot e past . Finally , whil e smoothin g 

splines ar e mor e flexibl e locall y tha n regressio n spline s [80] , th e penalt y ter m require d 

to estimat e th e smoothin g splin e functio n woul d no t hav e allowe d th e us e o f artifi -

cial time-dependen t variables , whic h ar e essentia l t o implemen t th e WC E mode l wit h 

widely availabl e software . 

While ou r simulation s mimi c a  hypothetical stud y o f the adverse event s o f a  drug , 

where exposur e i s measure d daily , application s o f th e WC E metho d ar e no t limite d 

to pharmacoepidemiologica l studies . Possibl e application s o f th e metho d includ e an y 

exposure tha t var y ove r t im e an d ma y hav e cumulativ e effect s wit h differen t impact s 

of exposure s tha t occurre d a  differen t time s i n th e past . Pharmacoepidemiologica l 

studies base d o n prescriptio n database s hav e th e advantag e o f providin g individua l 

time-dependent measure s o f exposur e ove r a  fin e t im e gri d [163] . Additiona l simu -

lations studie s ar e require d t o evaluat e th e behaviou r o f th e propose d WC E metho d 

when th e individua l measure s o f exposur e ove r t im e ar e mor e spars e o r coarsel y 

measured. 

In addition , th e us e o f th e weighte d cumulativ e exposur e metri c i s no t restricte d 

to th e investigatio n o f th e effec t o f cumulativ e intensit y o f exposur e (or  doses ) 

on th e even t o f interest . Extension s o f th e mode l presente d her e includ e usin g a 

similar approac h fo r th e weighte d cumulativ e duratio n o f pas t treatment , i n whic h 

the exposur e histor y i s represente d wit h a  time-dependen t binar y indicato r o f th e 

status o f exposur e instea d o f it s intensity . A s propose d i n [14] , model s tha t includ e 

both a  time-dependen t variabl e representin g th e curren t intensit y o f exposur e an d 
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the weighte d cumulativ e duratio n o f treatmen t ca n als o b e f i t te d t o disentangl e th e 

effects o f th e curren t dos e fro m tha t o f th e duratio n o f pas t treatment . 

In conclusion , althoug h th e concep t o f th e recency-weighte d cumulativ e dos e 

metric ha s bee n presen t i n the literatur e ove r mor e tha n twent y year s [18 , 19] , it s us e 

has bee n restricte d t o a  couple o f studie s [12 , 11 , 84 , 85 , 14] , practicall y al l o f whic h 

represented individua l exposur e histor y wit h a  t im e independen t covariate . Yet , th e 

prospective cohor t desig n wit h time-dependen t covariate s provide s a  natura l settin g 

for evaluatin g th e impac t o f longitudina l change s i n exposure statu s an d intensity . W e 

hope tha t ou r implementatio n o f th e flexibl e modellin g o f th e weighte d cumulativ e 

dose i n th e familia r Co x proportiona l hazard s mode l wil l motivat e a  mor e widesprea d 

use o f thi s metric . W e als o believ e tha t th e WC E mode l ca n provid e usefu l insight s 

regarding th e mechanism s linkin g th e histor y o f time-dependen t exposur e wit h th e 

risk o f event s investigate d i n clinica l an d epidemiologica l studies . 
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(d) (e ) ( f ) 

Figure 6-3 : A  rando m sampl e o f 10 0 normalize d estimate d weigh t function s fo r 
the constraine d model s wit h th e tru e weigh t functio n i n thic k white : Bi-linear  (a) ; 
Exponential (b) ; Early  peak  (c) ; Inverted  U  (d) ; Constant  (e) ; Hat  ( f ) 
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Table 6-3 : Estimate d 7  fro m 1,00 0 simulation s fo r eac h o f th e weigh t functio n 
scenarios 

All model s Bes t BI C model s 
Weight Tru e 7  mean(7 ) SD(7 ) %  Bia s mean(7 ) SD(7 ) %  Bia s #Sample s 

Unconstrained models 

Exponential 1.386 1.346 0.328 -2.886% 0.987 0.963 -28.788% 3 
Bi-linear 1.386 1.390 0.385 0.289% 0.672 1.123 -51.515% 4 
Inverted U 1.386 1.425 0.352 2.814% 1.344 0.511 -3.030% 25 
Early pea k 1.386 1.385 0.361 -0.072% 1.671 0.686 20.563% 5 
Constant 1.386 0.689 0.315 -50.289% 0.000 - -100.000% 1 
Hat 1.386 1.388 0.304 0.144% 1.515 0.323 9.307% 151 
Null 0 -0.024 0.322 -2.400% 0.000 - 0.000% 1 

Constrained models 

Exponential 1.386 1.317 0.269 -4.978% 1.318 0.271 -0.068% 938 
Bi-linear 1.386 1.372 0.299 -1.010% 1.373 0.298 -0.938% 995 
Inverted U 1.386 1.467 0.322 5.844% 1.470 0.324 0.084% 951 
Early pea k 1.386 1.372 0.305 -0.014% 1.372 0.305 -0.014% 994 
Constant 1.386 0.546 0.251 -60.606% 0.993 0.337 -28.355% 5 
Hat 1.386 0.785 0.287 -43.362% 0.815 0.329 -41.198% 20 
Null 0 -0.009 0.259 -0.099% 0.000 - 0.000% 1 
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(g) (h ) 

Figure 6-4 : Estimat e o f th e weigh t function s (soli d line ) an d pointwis e 95 % boot -
strap confidenc e interva l (dashe d line) : Bi-linear  Unconstraine d (a ) an d Constraine d 
(b); Exponential  Unconstraine d (c ) an d Constraine d (d) ; Early  peak  Unconstraine d 
(e) an d Constraine d ( f ) ; Inverted  U  Unconstraine d (g ) an d Constraine d (h ) 
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6.8 Additiona l materia l 

In manuscrip t 2 , I  generated time-dependen t exposur e pattern s an d I  the valu e 

of 7  =  I n 4 t o generat e th e even t time s conditiona l o n th e exposure . Thi s ma y see m 

like a  larg e magnitud e o f effect , bu t i n reality , i t lead s t o plausibl e magnitud e o f 

effects onc e th e individua l pattern s o f exposur e ar e considered , usin g th e metho d 

describe i n equatio n (6.8) . Tabl e (6-4 ) shows , fo r 1  simulated sampl e an d fo r ever y 

scenario considered , th e individua l H R resultin g fro m contrastin g eac h o f individua l 

patterns o f us e over 18 0 day s with period s o f non-use . Th e correspondin g histogram s 

are showe d i n Figur e 6-5 . 

Table 6-4 : Quantile s fo r th e distributio n o f individua l hazar d ratio s fo r Scenario s 1- 6 
from 1  simulatio n 

Estimated weigh t Minimum 2 5 % 5 0 % 7 5 % Maximum 
functions 
Bi-Linear 1.00 1.42 2.05 3.47 19.36 
Exponential 1.00 1.42 1.81 2.45 11.40 
Early pea k 1.00 1.42 2.04 3.30 18.90 
Inverted U 1.00 1.12 1.61 2.22 11.15 
Constant 1.00 1.12 1.26 1.39 2.11 
Hat 1.00 1.00 1.13 1.62 5.88 

1 1 8 
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C H A P T E R 7 
Manuscript 3 : Re-assessin g th e association s betwee n selecte d 

benzodiazepines an d fall-relate d injurie s i n th e elderl y 

7.1 Preambl e 

In manuscrip t 2 , I  proposed a  nove l metho d fo r modellin g th e weighte d cumula -

tive exposure (WCE ) metri c i n the Co x proportiona l hazard s mode l where the functio n 

that assign s weigh t t o pas t exposure s i s estimate d usin g cubi c B-splines . Usin g th e 

simulations method s develope d i n th e manuscrip t 1 , th e propose d approac h wa s val -

idated i n manuscrip t 2 . I n th e presen t manuscrip t 3 , I  illustrate th e us e o f th e WC E 

method b y re-assessin g th e association s betwee n th e us e o f selecte d benzodiazepine s 

and fall-relate d injurie s i n th e elderly . 

The choic e o f thi s real-lif e exampl e wa s motivate d b y bot h discrepan t result s 

reported i n pharmacoepidemiologica l studie s o f benzodiazepine s an d th e pharma -

cological literatur e tha t indicate d tha t pharmacokinetic s propertie s differe d amon g 

benzodiazepines. Th e latte r finding s implie d tha t som e benzodiazepine s accumulate d 

in th e bod y fo r a  longe r time , suggestin g th e potentia l fo r cumulativ e effects , whic h 

likely differed acros s different benzodiazepines . I  wanted t o investigat e thi s hypothesi s 

by usin g th e weighte d cumulativ e exposur e methodolog y develope d i n manuscrip t 2 

separately fo r eac h o f th e eigh t benzodiazepine s availabl e i n the dataset . I  used thre e 

alternative representation s o f th e pas t histor y o f benzodiazepin e use , eac h base d o n 

the propose d WC E methodology : (1 ) weighte d cumulativ e dose ; (2 ) weighte d cumu -

lative duratio n o f pas t use ; an d (3 ) a  combinatio n o f weighte d cumulativ e duratio n 

of pas t us e an d curren t dose . I  als o estimate d alternativ e model s wit h unweighte d 

time-dependent representation s o f curren t an d cumulativ e exposure . 
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The publication s cite d i n Manuscrip t 3  ar e liste d i n the genera l referenc e sectio n 

at th e en d o f th e thesis . Additiona l materia l i s provide d a t th e en d o f th e chapter . 

The R  cod e fo r th e WC E model s ca n b e foun d i n Appendi x B . 
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Manuscript 3 : Re-assessin g th e associatio n betwee n 
benzodiazepine us e an d th e ris k o f fall-relate d injurie s 
using a  weighte d cumulativ e exposur e metri c 
Marie-Pierre Sylvestre 1, Micha l Abrahamowicz 1, Roby n Tamblyn 1"2 

1 Departmen t o f Epidemiology , Biostatistics , an d Occupationa l Health , McGil l Uni -

versity, 102 0 Pin e Avenu e West , Montreal , Quebec , Canada , H3 A 1A2 . 

2 Departmen t o f Medicine , McGil l University , 114 0 Pin e Avenu e West , Montreal , 

Quebec, Canada , H3 A 1A3 . 
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Abstract 

Purpose: Evidenc e suggest s tha t th e us e o f benzodiazepine s increase s th e ris k o f 

fall-related injurie s i n th e elderly . However , th e possibilit y o f cumulativ e effect s hav e 

not b e thoroughl y investigated . 

Methods: Th e association s betwee n th e us e o f eigh t benzodiazepine s an d th e ris k 

of fall-relate d injurie s i s assesse d usin g a  weighte d cumulativ e exposur e metri c tha t 

assigns t o eac h dos e take n i n th e pas t a  weigh t tha t represent s th e importanc e o f 

that dos e i n explainin g th e curren t ris k o f fall . 

Data: Administrativ e databas e fo r a  cohor t o f 2396 3 ne w user s o f benzodiazepines , 

aged 6 5 an d older , i n Quebec , Canada , betwee n 199 0 an d 1994 . 

Results: Curren t dos e o f Flurazepa m wa s associate d wit h a n increase d ris k o f fall -

related injurie s (H R =  1.67 , 95 % C I 1.14-2.46) . Th e firs t da y o f us e o f Nitrazepa m 

was associate d wit h a  H R o f 1.8 2 (95%C I 1.22-2.22 ) bu t th e H R increase d t o 6.3 5 

(95%CI 3.25-11.17 ) afte r a  wee k o f uninterrupte d use . Th e effec t o f a  30-da y ex -

posure t o Alprazola m wa s 1.2 7 (1.13-1.42) . 

Conclusion: Mechanism s affectin g th e ris k o f fall s diffe r acros s benzodiazepine s s o 

benzodiazepine-specific analyse s should b e preferre d ove r simple r analyse s tha t grou p 

all benzodiazepine s togethe r o r assum e th e effect s ar e simila r withi n categorie s o f 

half-life. 

KEYWORDS: benzodiazepines , elderly , injuries , pharmacoepidemiology ; proportiona l 

hazards model ; time-dependen t covariates , cumulativ e exposure . 
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7.2 Introductio n 

There i s mountin g epidemiologica l evidenc e supportin g th e lin k betwee n th e 

use o f benzodiazepine s an d fall-relate d injurie s i n th e elderl y [114 , 115 , 116 , 117 , 

127, 129 , 104 , 119 , 118] . Thi s i s o f particula r concer n sinc e benzodiazepin e us e i s 

common i n th e elderly , wit h annua l prevalenc e estimate s rangin g fro m 10 % t o 30 % 

[94, 95 , 96 , 97 , 98] , an d elderl y user s ten d t o us e benzodiazepine s repeatedl y an d 

for longe r period s tha n recommende d [99 , 100 , 2] , 

However, wha t constitute s a  hig h ris k us e o f benzodiazepine s i s stil l uncertain . 

Indeed, i t remain s unclea r whethe r th e ris k o f fal l i s presen t fo r eac h benzodiazepin e 

[128, 119 , 121 , 122 , 123] , an d whethe r ther e ar e systemati c difference s betwee n 

products wit h shor t versu s lon g half-live s [114 , 115 , 116 , 117 , 118 , 110 , 120] . I n 

addition, whil e som e studie s sugges t a  dose-respons e relationshi p betwee n curren t 

dose o f benzodiazepin e an d th e ris k o f fal l [110 , 119] , other s sugges t a n effec t 

of th e duratio n o r t imin g o f th e treatmen t o f benzodiazepine s [124 , 121] . Thes e 

findings underlin e th e nee d fo r furthe r benzodiazepine-specifi c analyses , i n whic h 

both th e dos e an d th e timin g o f exposur e ar e take n int o account . Th e possibilit y o f 

a cumulativ e effec t mus t b e evaluated , a s th e pharmacokinetic s literatur e suggest s 

that effectiv e concentration s o f som e benzodiazepine s ma y persis t i n th e bloo d fo r 

many hour s afte r thei r intak e [92 , 88] . 

Yet, adequatel y modellin g exposur e t o benzodiazepine s pose s a  particula r chal -

lenge, especiall y give n th e uncertaint y abou t th e etiologica l relevanc e o f dose s take n 

in differen t t im e periods , an d th e potentia l cumulativ e effect s o f exposur e ove r t im e 

[10, 12 , 11] , T o addres s thi s challenge , w e propose to combin e th e informatio n abou t 

duration, intensit y an d timin g o f exposur e int o a  time-varying summar y measure , th e 

weighted cumulativ e exposur e (WCE ) [18 , 19 , 12] , Th e WC E i s obtaine d b y (i ) 

multiplying eac h dos e take n i n th e pas t b y a  weigh t tha t represent s th e importanc e 
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of tha t dos e i n explainin g th e curren t ris k o f fall , an d (ii ) summin g th e weighte d pas t 

doses u p t o th e curren t time . 

The us e o f th e WC E framewor k alread y offere d insight s regardin g th e ris k o f 

falls associate d wit h th e us e o f thre e benzodiazepine s (Flurazepam , Nitrazepam , an d 

Temazepam) [14] , I n tha t study , Abrahamowic z et  al.  provide d empirica l evidenc e 

that th e effec t o f recen t dose s o f benzodiazepine s o n th e ris k o f fal l wa s cumulatin g 

over time , a  featur e tha t conventiona l model s tha t accounte d fo r onl y curren t us e 

or curren t dos e o f benzodiazepin e coul d no t captur e [14] , Furthermore , thei r result s 

suggested a  differen t mechanis m linkin g th e dru g exposur e an d th e ris k o f fall s fo r 

each o f th e thre e benzodiazepine s considered , possibl y reflectin g th e difference s i n 

their eliminatio n half-lif e and/o r withdrawa l effec t [14] , However , a s th e author s 

recognized, thei r modellin g approac h wa s limite d b y th e a  priori  selectio n o f th e 

parametric for m o f th e functio n tha t assign s the weight s t o th e benzodiazepin e dose s 

taken i n th e pas t [14] , Indeed , a n incorrec t specificatio n o f th e parametri c for m 

of suc h weigh t functio n ma y lea d t o biase d estimation , decrease d statistica l powe r 

and/or incorrec t etiologi c conclusion s [12 , 20] . 

We hav e recentl y propose d an d validate d a  flexibl e metho d tha t addresse s thi s 

limitation b y estimatin g th e weigh t functio n use d i n th e WC E framewor k directl y 

from th e data , withou t th e nee d fo r arbitrar y a  priori  assumption s regardin g it s 

parametrization [164] , I n additio n t o avoidin g th e issue s relate d t o potentia l mis -

specification o f th e for m o f th e weigh t function , th e ne w metho d provide s empirica l 

insights regardin g th e mechanism s linkin g th e patter n o f medicatio n us e with th e ris k 

of outcomes . 

In the curren t paper , w e re-asses s th e association s betwee n th e us e of eigh t ben -

zodiazepines an d th e ris k o f fall-relate d injurie s usin g th e ne w flexibl e WC E method . 
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7.3 Method s 

7.3.1 Dat a sourc e 

We re-analyze d a  cohor t o f ne w user s o f benzodiazepine s tha t wa s previousl y 

assembled b y Tambly n et  at.  fro m administrativ e database s fro m th e provinc e o f 

Quebec, Canada , wher e al l resident s age d 6 5 year s an d olde r hav e publi c insuranc e 

coverage fo r prescriptio n drugs , an d hospita l an d medica l car e [123] . Specifically , 

four RAM Q (Regi e d e I'assuranc e maladi e d u Quebec ) database s wer e linke d wit h 

encrypted individua l identifiers . Th e physicia n claim s datase t provide d informatio n 

on th e date , diagnosi s an d medica l service s supplie d a t eac h medica l visit , whil e th e 

hospitalization databas e provide d admissio n an d discharg e date s a s well a s diagnosti c 

causes fo r admissio n (Internationa l Classificatio n o f Diseases , Nint h Revisio n (ICD -

9)). Th e prescriptio n databas e provide d informatio n o n th e drug s prescribed , th e 

dose, th e duratio n o f th e treatment , an d th e dat e whe n th e prescriptio n wa s filled . 

Finally, demographi c informatio n containe d i n th e beneficiar y databas e include d sex , 

age an d dat e o f death . Th e us e o f thes e administrativ e database s fo r pharmacoepi -

demiological studie s ha s bee n validate d elsewher e [165 , 166 , 167] . 

7.3.2 Stud y populatio n 

The initia l cohor t consiste d o f a  random sampl e o f 517,45 0 community-dwellin g 

elderly people , wh o wer e liste d i n the administrativ e databas e an d wer e age d 6 5 year s 

or olde r o n Januar y 1 , 198 9 [123] . Th e prescription , hospitalizatio n an d medica l ser -

vices record s o f th e cohor t member s wer e retrieve d fo r th e followin g fiv e yea r period , 

ending o n Decembe r 31 , 1994 . A  cohor t o f 78,36 7 ne w user s o f benzodiazepine s 

was forme d b y selectin g al l o f elderl y person s wh o ha d bee n prescribe d a t leas t on e 

benzodiazepine betwee n Januar y 1st , 199 0 an d th e en d o f follow-up , bu t ha d no t 

been prescribe d an y benzodiazepin e i n 198 9 [123] . Elderl y wh o ha d die d i n 198 9 o r 

who wer e institutionalize d fo r th e complet e follow-u p perio d wer e excluded . 
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We the n forme d eigh t mutually-exclusiv e sub-cohorts , eac h o f whic h include d 

users o f a  particula r benzodiazepine . Individual s wer e assigne d t o a  given sub-cohor t 

based o n the firs t benzodiazepin e prescribe d durin g follow-up . Subject s wh o switche d 

to anothe r benzodiazepin e durin g follow-up , o r those who were prescribe d tw o o r mor e 

different benzodiazepines , wer e censore d a t th e t im e whe n th e second benzodiazepin e 

was prescribed . 

7.3.3 Fall-relate d injurie s 

The outcom e wa s define d a s the firs t fall-relate d injur y occurrin g betwee n Jan -

uary 1  199 0 an d Decembe r 31 , 1994 . Fall-relate d injurie s consiste d o f a  fractur e 

of th e hip , uppe r o r lowe r extremity , pelvis , skul l an d thorax , o r sof t tissues-injurie s 

[123]. 

7.3.4 Benzodiazepin e us e 

We considered eigh t benzodiazepine s (Alprazolam , Bromazepam , Chlordiazepox -

ide, Clonazepam , Flurazepam , Lorazepam , Nitrazepam , an d Temazepam) . Eac h in -

dividual histor y o f benzodiazepin e exposur e wa s reconstructe d fro m th e dru g type , 

date, dosage , numbe r o f pills , an d duratio n o f consecutiv e benzodiazepin e prescrip -

tions. Wheneve r tw o prescription s o f th e sam e dru g overlappe d b y les s tha n 5  days , 

we assume d tha t th e th e secon d prescriptio n represente d a n earl y refill , an d tha t i t 

would onl y star t whe n th e firs t prescriptio n ha d bee n complete d [123] . 

Daily dosag e o f eac h benzodiazepin e wa s compute d b y firs t dividin g th e numbe r 

of pill s i n a  prescription b y th e duratio n o f th e prescription , an d the n multiplyin g tha t 

by th e dos e o f a  singl e pil l [123] . T o allo w comparison s acros s benzodiazepines , fo r 

each product , w e calculate d a  standardized dail y dos e b y dividing th e dail y dosag e b y 

the World Healt h Organizatio n recommende d dail y adul t dos e for tha t benzodiazepin e 

[123, 168] , 
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7.3.5 Statistica l analysi s 

We use d th e Co x proportiona l hazard s mode l wit h time-dependen t covariate s t o 

assess th e effec t o f exposur e t o benzodiazepine s o n th e ris k o f fall-relate d injurie s 

[30]. T im e zer o corresponde d t o Januar y 1st , 1990 . Elderl y subject s wer e followe d 

up unti l th e firs t fall-relate d injury , o r th e en d o f follow-u p (Decembe r 30 , 1994) , 

whichever cam e first . Sinc e subject s initiate d thei r firs t benzodiazepin e us e a t dif -

ferent period s durin g follow-up , the y ente r th e ris k se t onl y o n th e dat e the y starte d 

their benzodiazepin e prescription . W e censore d individual s wh o died , move d ou t o f 

the province , o r wer e institutionalize d befor e thei r firs t fall-relate d injury . 

Because o f th e uncertaint y abou t th e potentia l mechanism s linkin g th e benzo -

diazepine exposure s an d fall-relate d injuries , fo r eac h product , w e estimate d seve n 

alternative Co x models , eac h o f whic h represente d benzodiazepin e exposur e differ -

ently. Al l seve n model s wa s als o adjuste d fo r sex , ag e a t baselin e an d th e occurrenc e 

of a n injur y i n 198 9 [123 , 14] , 

The firs t fou r model s considere d use d conventiona l time-dependen t variable s t o 

represent benzodiazepin e exposure . Model  1  include d a n indicato r o f curren t use , 

taking th e valu e o f 1  whe n th e elderl y perso n wa s usin g a  benzodiazepin e an d 0 

otherwise. Model  2  represente d exposur e usin g th e th e curren t dail y dose . Model 

3 include d th e cumulativ e (unweighted ) duratio n o f use , a  variable tha t counte d th e 

number o f day s within th e las t 9 0 day s fo r whic h th e benzodiazepin e wa s prescribed . 

Finally, Model  4  represente d expsur e usin g a  cumulative (unweighted ) dos e variable , 

calculated a s the su m o f al l pas t dail y dose s i n th e las t 9 0 days , fro m th e beginnin g 

of th e firs t relevan t prescriptio n t o th e curren t day . Fo r eac h model , w e use d a 

likelihood rati o tes t t o tes t fo r a n associatio n betwee n th e correspondin g measur e o f 

benzodiazepine exposur e an d th e hazar d o f fall-relate d injury , usin g a  critica l valu e 
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of a  =  0.05 . W e use d th e BI C [156 ] fo r t ime-to-even t analysi s t o selec t th e best -

f i t t ing mode l fo r curren t exposur e (betwee n Model  1  an d Model  2)  an d th e bes t 

best-fitting mode l fo r cumulativ e exposur e (betwee n Model  3  an d Model  4),  fo r 

each o f th e benzodiazepines . 

7.3.6 Weighte d cumulativ e benzodiazepin e exposur e 

In additio n t o fou r aforementioned , conventiona l models , w e estimate d thre e 

models that relie d o n weighted cumulativ e exposur e metric s (WCE ) [12 , 14 , 11 , 164] , 

Each metri c assign s differentia l weight s t o pas t exposures , accordin g t o th e t im e 

elapsed sinc e th e exposure . Thes e weight s represen t th e relativ e importanc e tha t 

exposures a t differen t time s hav e o n th e curren t ris k o f fal l [12 , 14 , 11 , 164] , I n 

each WC E models , exposure  t o benzodiazepin e o f eac h subjec t wa s represente d b y 

a time-dependen t weighte d cumulativ e exposur e metric , tha t wa s update d a t eac h 

time u  fro m th e beginnin g t o th e en d o f follow-up . 

Model 5  represente d th e exposur e b y th e weighte d cumulativ e dose . Standard -

ized dail y dose s taken prio r t o t im e u,  represente d b y X(t),  t  =  1  u  were assigne d 

a weigh t w(u  —  t) tha t wa s base d o n th e t im e elapse d sinc e th e curren t t im e u  an d 

that represente d th e importanc e o f th e dos e a t t im e ( u — t ) o n th e ris k o f fall-relate d 

injury a t t im e u.  Fo r example , a  decreasin g weigh t functio n woul d assig n smalle r 

weights t o dose s mor e remot e i n t im e and , thus , woul d assum e tha t th e recen t 

doses wer e mor e importan t i n explainin g th e curren t ris k o f fall-relate d injurie s tha n 

doses take n i n th e past . A t eac h t im e u,  th e correspondin g pas t weighte d doses , 

prior t o t im e u,  wer e summe d t o for m a  time-dependen t weighte d cumulativ e dos e 

variable: 
u 

WCDose(u) =  J2w(u  -  t)X(t),  (7.1 ) 
t 
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The weigh t function , w(u  —  t ), wa s estimate d usin g cubi c regressio n B-splines , 

i.e. piecewis e cubi c polynomia l function s [74 , 60] , Cubi c regressio n spline s provid e 

smooth estimate s tha t ar e flexible enoug h t o represen t a  variety o f clinicall y plausibl e 

shapes [76] , an d tha t ca n easil y b e compute d [155] . Th e flexibilit y o f th e splin e 

function i s determine d b y th e numbe r o f interio r knots , whic h ar e th e point s wher e 

adjacent polynomia l piece s join eac h other. . W e estimate d model s wit h 1  to 3  knots , 

which i s generally considere d sufficien t t o mode l a  smooth uni - o r bi-moda l curv e an d 

reduces th e ris k o f majo r over-fittin g bia s [51] . Knot s wer e place d a t equa l distance s 

within th e etiologicall y relevan t exposur e windo w (se e below) . 

We a  priori assume d tha t dose s taken thre e o r mor e month s ag o coul d no t affec t 

the curren t ris k o f falls . Accordingly , w e restricte d th e weigh t functio n t o smoothl y 

decrease t o zer o fo r exposure s tha t occurre d 9 0 o r mor e day s ago . I n sensitivit y 

analyses, w e als o considere d alternativ e etiologicall y relevan t exposur e window s o f 

60 an d 18 0 days . Th e f i t o f alternativ e models , wit h differen t numbe r o f knots , an d 

different size s o f th e etiologicall y relevan t exposur e window , wa s compaired usin g th e 

BIC, an d th e best-fittin g WC E mode l fo r a  give n benzodiazepin e wa s selected . 

In a  similar fashion , i n Model  6,  w e constructe d a  weighted cumulativ e duratio n 

of treatmen t variabl e (WCDur) , obtaine d b y replacin g th e standardize d dail y dose s 

X(t) i n equation (7.1 ) b y binar y time-varyin g indicator s o f exposur e status , tha t wer e 

taking th e valu e o f 1  on day s where th e subjec t wa s prescribe d a  benzodiazepine an d 

0 otherwise . 

In Model  6  i t wa s represente d b y the weighte d cumulativ e duratio n o f treatmen t 

(WCDur); i n Model  7  exposur e t o benzodiazepin e wa s represente d b y tw o time -

dependent variables : th e curren t dos e an d th e weighte d cumulativ e duration . 

To asses s th e precisio n o f ou r estimates , pointwis e confidenc e interval s fo r th e 

weight functio n w(u  —  t) wer e obtaine d usin g non-parametri c bootstra p re-samplin g 
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technique [160 ] tha t accounte d fo r bot h th e samplin g variatio n o f th e regressio n 

coefficients, an d th e uncertaint y a t th e mode l selectio n stag e [45 , 49] . I n eac h 

model, w e teste d th e associatio n betwee n th e correspondin g WC E an d fall-relate d 

injury usin g th e likelihoo d rati o tes t wit h th e appropriat e degree s o f freedo m [49] . 

For Model  7 , w e teste d th e hypothesi s tha t th e tw o measure s o f benzodiazepin e 

exposure, curren t dos e an d weighte d cumulativ e duration , improv e th e f i t t o th e 

data, b y usin g th e join t likelihoo d rati o tes t wit h degree s o f freedo m calculate d a s 

the degree s o f freedo m fo r th e weighte d cumulativ e duratio n plu s 1  fo r th e curren t 

dose effect . 

To illustrat e th e implication s o f the estimate d associatio n betwee n WC E an d th e 

risk o f fall-relate d injury , fo r eac h mode l w e compute d differen t historie s o f exposure , 

keeping othe r variable s constant . A s showe d i n Tabl e (7-1) , fo r th e spline-base d 

models, w e estimate d fiv e hazar d ratio s correspondin g t o followin g fiv e comparisons : 

(i) w e estimate d th e effec t o f a  singl e dos e o f th e benzodiazepine s b y comparin g a 

current use r a t th e recommende d dail y dos e wh o ha s no t use d th e benzodiazepin e 

previously t o a  non-use r ove r tha t sam e period ; (ii ) similarly , w e estimate d th e effec t 

of short-ter m us e o f benzodiazepin e b y comparin g a  curren t user , a t th e recom -

mended dail y dos e wh o ha s use d th e benzodiazepin e fo r th e las t 7  day s versu s a 

non-user ove r tha t sam e period ; (iii ) w e estimate d th e effec t o f th e timin g o f th e 

exposure b y comparin g a  curren t use r a t th e recommende d dos e wh o ha s use d th e 

benzodiazepine fo r 7  day s an d a  pas t use r wh o ha s use d th e benzodiazepin e fo r a 

week, betwee n 1 4 an d 7  day s ago , a t th e recommende d dose ; (iv ) w e estimate d th e 

effect o f th e duratio n o f th e treatmen t b y comparin g a  curren t use r a t th e recom -

mended dos e wh o ha s use d th e benzodiazepin e fo r 3 0 day s an d a  current use r a t th e 

recommended dos e wh o ha s use d a  benzodiazepin e fo r 7  days ; (v ) w e estimate d th e 

joint effec t o f difference s i n bot h th e timin g an d th e dos e b y comparin g a  curren t 
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user a t th e recommende d dos e wh o ha s use d th e benzodiazepin e fo r 1 4 day s an d a 

past use r wh o use d th e benzodiazepin e a t twic e th e recommende d dos e 7  day s ag o 

for 1 4 days . 

7.4 Result s 

The baselin e characteristic s o f eac h o f th e benzodiazepin e user s ar e reporte d 

in Tabl e 7 -2 . Th e Chlordiazepoxid e cohor t ha d th e smalles t numbe r o f fall-relate d 

injuries (5 0 falls , 6.4%) , whil e th e Lorazepa m cohor t ha d th e larges t (84 1 falls , 

15.8%). I n fact , sinc e th e cohor t fo r Lorazepa m ha d bot h a  larg e sampl e siz e an d 

the highes t numbe r o f events , w e stratifie d th e analysi s o f it s effect s b y sex . Th e 

mean ag e i n 198 9 wa s very simila r acros s cohorts , an d varied betwee n 7 2 an d 73 year s 

(SD aroun d 5  years) . Th e proportio n o f subject s wh o ha d a n injur y i n 198 9 range d 

from 4.1 % i n th e Bromazepa m cohor t t o 6.4 % i n th e Chlordiazepoxid e cohort . Th e 

proportion o f male s varie d betwee n 38.6 % i n th e Bromazepa m cohor t t o 55.9 % i n 

the Flurazepa m cohort . 

We analyze d eac h o f th e cohort s wit h bot h th e conventiona l an d th e weighte d 

cumulative exposur e (WCE ) models , an d compare d th e f i t o f th e model s usin g th e 

BIC. Tabl e 7 - 3 show s th e thre e best-fitt ing , amon g th e seve n candidat e models , fo r 

each benzodiazepine . Fo r th e secon d an d thir d bes t models , w e sho w th e differenc e 

in BI C ( A BIC ) relativ e t o th e minimu m BI C model . Aserisk s indicat e model s fo r 

which th e variable(s ) representin g th e benzodiazepin e exposur e ha d a  statisticall y 

significant association , a t a  =  0.05 , wit h th e fall-relate d injuries . Tabl e 7 - 4 show s 

the estimate d hazar d ratio s (HR ) obtaine d fro m th e conventiona l model s ( Models 

1-4) representin g curren t o r cumulativ e measure s o f exposur e o r dose . Th e weigh t 

functions estimate d wit h th e best-fittin g WC E model s fo r Alprazolam , Flurazepam , 

Nitrazepam an d Temazepa m ar e show n i n Figur e 7 -1 . Finally , Tabl e 7 - 5 show s th e 
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estimated H R fo r th e fiv e comparison s summarize d i n Tabl e (7-1 ) fro m th e WC E 

models fo r selecte d benzodiazepines . 

For tw o o f th e benzodiazepine s (Flurazepa m an d Nitrazepam) , th e best-fitt in g 

models were those tha t represente d exposur e usin g the WCE metric . Fo r Flurazepam , 

the bes t mode l wa s Model  5,  whic h represente d exposur e usin g th e weighte d cumula -

tive dos e ove r 6 0 days . Th e estimate d weigh t function , a s wel l a s it s 95 % pointwis e 

confidence band , i s shown i n Pane l (a ) o f Figur e 7 -1 . Th e estimate d weigh t functio n 

was relativel y f la t i n th e firs t 1 0 day s bu t decrease d thereafter . Thi s shap e suggest s 

cumulative effect s o f exposure s t o flurazepa m durin g firs t 1 0 days . O n th e othe r 

hand, dose s mor e tha n 2 0 day s ag o wer e give n weight s clos e t o zero , suggestin g th e 

effect di d no t las t beyon d thre e week s afte r exposure . 

Hazards ratio s obtaine d fro m th e conventiona l model s indicate d tha t whil e th e 

higher curren t dos e o f Flurazepa m wa s associate d wit h a n increase d ris k o f fall -

related injurie s ( Model 2  H R =  1.67 , 95 % C I 1.14-2.46) , th e cumulativ e dos e ove r 

90 day s was no t (Model  4  H R =  1.1 2 95 % C I 0.94-1.34) . Thi s patter n o f finding s i s 

consistent wit h th e estimate d weigh t functio n fo r Flurazepam , whic h suggest s tha t 

the effect s o f Flurazepa m cumulat e onl y durin g th e firs t 2 0 day s o f use , wit h highe r 

weights assigne d t o recen t dose s (Pane l (a ) o f Figur e 7 -1 ) . Thi s suggest s tha t 

Model 4,  whic h represente d unweighte d cumulativ e Flurazepa m dos e ove r 9 0 days , 

summed th e dose s ove r period s o f us e tha t wer e no t contributin g t o th e curren t ris k 

of falls , resultin g i n a  very wea k association . Th e H R obtaine d fro m th e best-fittin g 

weighted cumulativ e dos e mode l ( Model 5)  fo r comparin g th e ris k associate d wit h 

the us e o f Flurazapa m fo r th e las t 7  days , a t th e recommende d dail y dose , relativ e t o 

a perio d o f non-us e wa s 1.6 8 (95 % C I 0.68-3.05) . Th e uncertaint y i n the estimatio n 

of th e earl y par t o f th e Flurazapa m curve , a s indicate d b y th e larg e widt h o f th e 

95% pointwis e bootstra p confidenc e ban d i n Pane l (a ) o f Figur e 7-1 , explaine d th e 
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wide 95 % C I fo r thi s association . Still , th e WC E curv e showe d i n Pane l (a ) o f Figur e 

7 - 1 f i t te d th e dat a slightl y bette r ( p <  0.001 ) tha n th e mode l tha t assume d n o 

association, whic h emphasize s th e importanc e o f short-term , cumulativ e effect s o f 

Flurazepam. 

The best-fittin g mode l fo r Nitrazepa m wa s Model  6,  which represente d exposur e 

using th e weighte d cumulativ e duratio n ove r a n exposur e windo w o f 6 0 days . Th e 

estimated weigh t functio n fo r Nitrazepa m i s show n i n Pane l (b ) o f Figur e 7 -1 . I n 

comparison t o tha t o f Flurazepam , th e weight functio n fo r Nitrazepa m assigne d muc h 

higher weight s t o ver y recen t doses , an d decrease d mor e rapidly , s o tha t exposure s 

that occurre d mor e tha n a  week ag o wer e give n a  weight clos e t o zero . Thus , Model 

6 indicate d tha t th e highe r ris k o f fal l wa s associate d wit h th e us e o f Nitrazepa m i n 

the previou s week . Thi s findin g wa s consisten t wit h th e conventiona l Model  1,  whic h 

had a  statisticall y significan t hazar d rati o o f 4.6 8 (95 % C I 2.91-7.52 ) fo r curren t 

use o f Nitrazepam . However , th e weighte d cumulativ e duratio n mode l f i t thes e dat a 

better (Tabl e 7 -3 ) an d provide d mor e accurat e assessmen t o f th e impac t o f recen t 

use o f Nitrazepam . 

According t o th e weighte d cumulativ e duratio n o f exposur e model , th e firs t da y 

of us e of Nitrazepa m wa s associate d wit h abou t 80 % ris k increas e (HR=1.8 2 95%C I 

1.22-2.22) bu t th e relativ e ris k increase d t o abou t 6  afte r a  week o f uninterrupte d us e 

(HR=6.35 95%C I 3.25-11.17 ) an d t o abou t 1 5 afte r a  mont h o f uninterrupte d us e 

(HR=15.31 95%C I 7.29-34.10 ) (Tabl e 7 -5 ) . Thi s larg e H R associate d wit h a  30-da y 

period o f uninterrupte d Nitrazepa m us e i s i n par t du e t o th e bum p i n th e estimate d 

weight functio n tha t occurred  a t aroun d 2 5 day s afte r th e initiatio n o f Nitrazepa m 

use (  Pane l (b ) o f Figur e 7 -1 ) . A s a  results , o n a  given day , exposure s t o Nitrazepa m 

that occurre d fro m 2 0 t o 3 5 day s ago ar e assigned positiv e weights , whic h resulte d i n 

a larg e hazar d ratio . I t i s unclear whethe r th e bum p i n the estimate d weigh t functio n 
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for Nitrazepa m i s due t o overfi t bias , o r whethe r i t reflect s th e tru e mechanis m tha t 

links Nitrazepa m us e to fall-relate d injuries . However , th e weigh t function s estimate d 

by the thre e bes t model s fo r Nitrazepa m (Tabl e 7 -3 ) ha d a  similar shap e (graph s no t 

shown), an d th e pointwis e bootstra p confidenc e ban d aroun d th e estimate d weigh t 

function i n Pane l (b ) o f Figur e 7 - 1 i s fairly narrow , indicatin g tha t th e estimatio n o f 

the weigh t functio n fo r Nitrazepa m wa s relativel y robust . 

In th e cas e o f Alprazolam , th e best-fittin g mode l wa s th e conventiona l mode l 

that represente d exposur e b y it s unweighte d cumulativ e duration , an d produce d a 

HR o f 1.2 7 (95%C I 1.13-1.42 ) fo r th e effec t o f a  30-da y exposur e t o Alprazolam . 

Interestingly, Model  6,  whic h represente d exposur e usin g th e weighte d cumulativ e 

duration o f treatmen t ove r 18 0 days , wa s selecte d a s the thir d best-fitt in g mode l b y 

the BIC , an d als o detecte d a  statisticall y significan t associatio n betwee n Alprazola m 

and fal l relate d injury . Th e estimate d weigh t functio n fo r Alprazola m i s show n i n 

Panel (c ) o f Figur e 7-1 . Compare d t o th e othe r weigh t function s show n i n Figur e 7 -

1, the weigh t functio n fo r Alprazola m wa s relativel y fla t wit h weight s decreasin g ver y 

slowly wit h increasin g t im e sinc e exposure . Thus , th e WC E estimat e i s consisten t 

with th e best-fittin g unweighte d cumulativ e duratio n model , whic h correspond s t o 

using th e WC E metri c wit h a  constan t weigh t function , whic h assign s th e sam e 

weight t o al l exposure s i n th e past . 

Similarly, th e best-fittin g mode l fo r Clonazepa m wa s th e unweighte d cumulativ e 

duration o f treatment . Th e increas e i n ris k o f fall-relate d injurie s associate d wit h 

30 day s o f uninterrupte d us e o f Clonazepa m wa s aroun d 20 % (H R =  1.2 3 (95%C I 

1.01-1.46). Non e o f th e WC E model s wer e selecte d a s th e thre e bes t model s fo r 

Clonazepam. 

Finally, th e BIC-optima l model s faile d t o detec t a  statistically significan t associ -

ation wit h fall-relate d injurie s fo r th e othe r fou r benzodiazepine s (Chlordiazepoxide , 
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Lorazepam, Temazepa m an d Bromazepam) . O n th e othe r hand , th e previou s stud y 

that use d th e parametri c WC E metri c ha d foun d tha t i t accuratel y describe d th e 

association betwee n Temazepa m an d fall-relate d injurie s [14] , Therefore , w e investi -

gated furthe r th e result s obtaine d fro m th e bes t WC E mode l fo r Temazepam , whic h 

was Model  7  wit h a  relevan t exposur e t im e windo w o f 18 0 days . Similarl y t o th e 

best-fitting mode l i n [14] , Model  7  include d bot h th e curren t dos e o f Temazepam , 

and the weighte d cumulativ e duratio n o f exposure . A  likelihoo d rati o tes t applie d th e 

joint effect s o f bot h th e curren t dos e an d th e cumulativ e us e detecte d statisticall y 

significant associatio n wit h th e ris k o f fall-relate d injur y (p=0.017) . 

Interestingly, whil e th e effec t o f th e curren t dos e was protectiv e (HR=0.38) , th e 

estimated weigh t function , a s show n i n pane l (d ) o f Figur e 7 -1 , decrease d a s t im e 

since exposur e increased , suggestin g a n increas e i n ris k o f fall s wit h cumulatin g us e 

of Temazepam . Th e join t effec t o f th e curren t dos e an d th e weighte d cumulativ e 

duration o f Temazepa m us e wa s summarize d b y th e H R showe d i n Tabl e 7-5 . Th e 

HR associate d wit h cumulativ e us e o f Temazepa m a t th e recommende d dail y dos e 

for 1 , 7 , an d 3 0 day s was, respectively , 0.4 2 (95 % C I 0.16-0.97) , 0.6 3 (95 % C I 0.29 -

1.15), an d 1.1 7 (95 % C I 0.66-2.01 ) (Tabl e 7 -5 ) . Overall , Model  7  suggeste d tha t 

there i s n o ris k o f fall-relate d injurie s associate d wit h cumulativ e us e o f Temazepam . 

7.5 Discussio n 

We re-assesse d th e association s betwee n the us e of selected benzodiazepine s an d 

fall-related injurie s usin g bot h conventiona l model s (curren t exposure , unweighte d cu -

mulative exposure ) an d model s tha t represente d exposur e usin g weighte d cumulativ e 

exposure (WCE ) metrics . I n th e WC E framework , pas t exposure s ar e weighte d ac -

cording t o a  function tha t assesse s thei r contribution s t o th e curren t risk , dependin g 

on th e t im e elapse d sinc e exposure . Then , th e weighte d exposure s ar e accumulate d 

to creat e a  time-dependen t covariat e representin g th e curren t valu e o f th e WC E 
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[12, 11 , 14 , 164] , W e use d a  recentl y develope d flexibl e metho d [164 ] tha t allowe d 

us t o estimat e th e weigh t functio n directl y fro m th e data , thu s avoidin g makin g a 

priori assumption s abou t th e for m o f thi s function . 

Our result s highligh t th e importanc e o f considerin g th e hypothesi s tha t th e ef -

fects o f benzodiazepine s ma y cumulat e ove r time . Indeed , whil e previou s studie s di d 

not detec t an y associatio n betwee n th e current  us e o f Nitrazepa m an d Alprazola m 

[117, 119 , 122 , 123] , ou r result s sugges t statisticall y significan t an d clinicall y impor -

tant association s betwee n cumulativ e us e o f thes e benzodiazepine s an d fall-relate d 

injuries. Indeed , ou r estimate s sho w tha t subject s wh o use d Nitrazepa m fo r a  week , 

at th e recommende d dail y dose , ma y hav e a  six-fold increas e i n the ris k o f fall-relate d 

injuries. Furthermore , th e lowe r boun d o f th e 95 % confidenc e interva l suggest s tha t 

the ris k i s increase d b y a  facto r o f a  leas t thre e (scenari o (ii ) i n Tabl e 7 -5 ) . 

In addition , simila r t o previou s studies , w e provid e evidenc e o f a  statisticall y 

significant associatio n betwee n th e us e o f Flurazepa m an d th e ris k o f fall-relate d 

injuries [122 , 123 , 14] , However , th e us e o f th e weighte d cumulativ e dos e metri c 

offered additiona l insight s regardin g th e mechanis m linkin g Flurazepa m us e t o th e 

risk o f falls , b y suggestin g that , o n a  give n day , th e windo w o f etiologicall y relevan t 

exposure fo r Flurazepa m i s limite d t o approximatel y th e 1 0 previou s days . 

All bu t on e [122 ] o f the previou s studies that investigate d th e effec t o f Temazepa m 

on fall-relate d injurie s detecte d a  statisticall y significan t associatio n [117 , 119 , 123 , 

14], Consisten t wit h [14] , w e find tha t th e us e o f Temazepa m onl y ha s a  statisticall y 

significant associatio n wit h th e ris k o f fall-relate d injurie s whe n bot h th e curren t dos e 

and th e cumulativ e us e ar e take n int o account . However , th e correspondin g hazar d 

ratios sugges t tha t ther e i s n o ris k o f fall-relate d injurie s associate d wit h cumulativ e 

use o f Temazepam . 
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Our result s fo r Bromazepa m ar e consisten t wit h othe r studies , wh o als o di d no t 

find an y associatio n betwee n Bromazepa m us e an d fall-relate d injurie s [122 , 123] . 

Unlike th e curren t study , th e onl y stud y tha t considere d th e effec t o f curren t us e 

of Chlorazepoxid e o n th e ris k o f fall-relate d injur y detecte d a  statisticall y significan t 

association (H R =  1.8 3 (1.04-3.22) ) [123] . Ou r cohor t o f Chlorazepoxid e user s 

had th e smalles t numbe r o f fall-relate d injurie s (n=50) , an d th e lo w statistica l powe r 

might hav e prevente d u s from detectin g a  statistically significan t association . Finally , 

unlike othe r studies , ou r result s di d no t sugges t a  statisticall y significan t associatio n 

between Lorazepa m an d fall-relate d injurie s [122 , 119 , 123] . 

It ha s bee n suggeste d tha t th e us e o f benzodiazepine s wit h a  lon g half-lif e wa s 

riskier tha n shorte r half-lif e benzodiazepine s becaus e a  prolonged eliminatio n half-lif e 

implied a  longe r presenc e o f th e dru g i n th e bod y [131] . Ou r result s agre e wit h 

two previou s studie s tha t di d no t suppor t th e hypothesi s tha t th e half-lif e o f benzo -

diazepines explain s th e difference s i n th e ris k associate d wit h thei r us e [110 , 119] . 

Similarly, ou r result s d o no t sugges t an y systemati c effec t o f th e dos e o f benzodi -

azepine. I n fact , whil e dos e see m t o b e a n importan t ris k facto r fo r Flurazepam , i t 

is no t fo r othe r benzodiazepine s suc h a s Alprazolam , Nitrazepa m an d Clonazepam , 

for whic h th e duratio n o f treatmen t seem s t o b e a  mor e importan t determinan t o f 

the ris k o f fall-relate d injuries . 

Although th e WC E model s provide d mor e insigh t tha n th e conventiona l model s 

regarding th e association s betwee n exposur e t o selecte d benzodiazepine s an d th e ris k 

of falls , the y tende d t o produc e estimate s with slightl y wide r 95 % confidenc e interval s 

than th e conventiona l models . Thi s i s commo n t o nonparametri c methods , wher e 

attempts t o avoi d incorrec t specificatio n o f th e parametri c for m o f th e exposur e 

metric lea d t o mor e comple x models , whic h i n tur n resul t i n increase d varianc e an d 

wider confidenc e interval s [63] . 
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In addition , th e interpretatio n o f ou r result s shoul d accoun t fo r th e limitation s 

related wit h th e us e o f administrativ e dataset s fo r pharmacoepidemiologica l studies . 

First, ou r measur e o f exposur e wa s base d o n prescription s o f benzodiazepines , an d 

not o n thei r actua l us e [163 , 169 , 26] , This , combine d wit h th e fac t tha t benzodi -

azepines ma y b e prescribe d o n a n as-neede d basi s (PR N pro  re  nata),  coul d caus e 

misclassification o f th e exposur e [123] . I t wa s reporte d tha t th e proportio n o f fall s i n 

users o f PR N an d no n PR N benzodiazepine s wa s relativel y simila r [110] , whic h woul d 

imply tha t th e exposur e misclassificatio n wa s non-differential , and , thus , woul d lea d 

to attenuate d estimate s o f th e hazar d ratio s [163 , 123] . Furthermore , althoug h ou r 

analyses controlle d fo r age , sex , an d previou s falls , w e di d no t accoun t fo r othe r 

factors tha t coul d hav e partl y confounde d th e associatio n betwee n benzodiazepin e 

exposure an d falls-relate d injuries , suc h a s othe r medicatio n us e o r co-morbidit y 

[163, 169] , 

In conclusion , ou r stud y highlight s th e importanc e o f considerin g th e possibilit y 

that th e effect s o f us e o f som e benzodiazepine s o n fall-relate d injurie s ma y cumulat e 

over time . I t als o indicate s tha t mechanism s affectin g th e ris k o f fall s diffe r acros s 

benzodiazepines. Thi s suggest s tha t benzodiazepine-specifi c analyses , whic h conside r 

both th e dos e an d th e timin g o f th e exposure , shoul d b e preferre d ove r simple r 

analyses that grou p al l benzodiazepine s together , assum e the effect s are similar withi n 

categories o f half-life , and/o r limi t exposur e measuremen t t o curren t us e o r curren t 

dose. Thes e methodologica l recommendation s migh t likel y appl y t o th e studie s o f 

other medications , wher e th e pattern s o f us e and/o r dos e var y ove r t ime . 
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Table 7-1 : Scenario s fo r estimatin g th e relativ e risk s (adjuste d hazar d ratios ) fro m 
the weighte d cumulativ e exposur e model s 

Pattern o f us e Referenc e 
Dose Duration Timing Dose Duration T iming 

Scenario (i ) 1 1 da y current not expose d 180 day s current 
Scenario (ii ) 1 7 day s current not expose d 180 day s current 
Scenario (iii ) 2 7 day s current 1 7 day s current 
Scenario (iv ) 1 7 day s current 1 7 day s 14 t o 7  day s ag o 
Scenario (v ) 1 14 day s current 2 14 day s seven day s ag o 
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T a b l e 7 - 4 : C o n v e n t i o n a l e s t i m a t e s o f t h e a s s o c i a t i o n b e t w e e n b e n z o d i a z e p i n e s a n d 

fa l l r e l a t e d in ju r ie s 

Benzodiazepines Curren t exposure * Cumulativ e exposure * 
HR 9 5 % C I H R 9 5 % C I 

Flurazepam2 4 1.67 (1.14-2.46) 1.12 (0.94-1.34) 
Chlordiazepoxide2,4 1.33 (0.53-3.35) 1.16 (0.75-1.80) 
Clonazepam 1 3 1.19 (0.77-1.83) 1.23 (1.04-1.46) 
Ni t razepam1 3 4.68 (2.91-7.52) 1.20 (1.04-1.39) 
Alprazolam1 3 1.46 (1.11-1.92) 1.27 (1.13-1.42) 
Lorazepam (men) 1 , 4 0.96 (0.68-1.35) 1.14 (0.93-1.43) 
Lorazepam (women) 2-3 0.69 (0.47-1.03) 0.99 (0.85-1.15) 
Temazepam1 ,3 1.06 (0.74-1.50) 1.10 (0.96-1.26) 
Bromazepam1 ,3 0.93 (0.63-1.39) 1.11 (0.95-1.30) 

f H R associate d wit h a  1-da y exposur e t o benzodiazepin e a t th e standar d dos e compare d t o a  da y 
of non-use , a s estimate d b y th e lowes t BI C mode l betwee n th e mode l wi t h curren t us e Model  1  an d 
the mode l wi t h curren t dos e Model  2.  Th e firs t superscrip t besid e th e nam e o f th e benzodiazepin e 
represents th e mode l use d fo r th e curren t exposure . 
J H R associate d wit h a  30-da y exposur e t o benzodiazepin e a t th e standar d dos e compare d t o a  30 -
day perio d o f non-us e a s estimate d b y th e lowes t BI C mode l betwee n th e mode l wit h unweighte d 
cumulative duratio n ( Model 3 ) an d th e mode l wi t h unweighte d cumulativ e dos e ( Model 4).  Th e 
second superscrip t besid e the nam e o f the benzodiazepin e represent s the mode l use d for th e cumulativ e 
exposure. 

1 4 3 



Ta
bl

e 
7-

5
: W

ei
gh

te
d 

cu
m

ul
at

iv
e 

ex
po

su
re

 h
az

ar
d 

ra
ti

o 
es

tim
at

e
s 

o
f t

h
e 

as
so

ci
at

io
n 

be
tw

ee
n 

se
le

ct
e

d 
be

nz
od

ia
ze

pi
ne

s 
an

d 
fa

ll
 

re
la

te
d 

in
ju

rie
s 

(9
5

%
 C

I
) B

en
zo

di
az

ep
in

es
 

C
om

pa
ris

on
 (

i)
 

C
om

pa
ris

on
 (

ii
) 

C
om

pa
ris

on
 (

iii
) 

C
om

pa
ris

on
 (

iv
) 

1-
da

y 
ex

po
su

r
e 

7-
da

y 
ex

po
su

r
e 

30
-d

ay
 e

xp
os

ur
e 

T
im

in
g 

Fl
ur

az
ep

am
5 

1.
07

 
1.

68
 

2.
83

 
1.

37
 

(0
.7

0-
1.

26
) 

(0
.6

8-
3.

05
 ) 

(1
.4

5-
4.

34
) 

(0
.4

3-
3.

45
) 

N
itr

az
ep

am
6 

1.
82

 
6.

35
 

15
.3

1 
4.

62
 

(1
.2

2-
2.

22
) 

(3
.2

5-
11

.1
7)

 
(7

.2
9-

34
.1

0)
 

(2
.3

5-
8.

03
) 

A
lp

ra
zo

la
m

6 
1.

01
 

1.
10

 
1.

37
 

1.
03

 
(0

.9
8-

1.
04

) 
(0

.9
0-

1.
30

) 
(0

.9
4-

1.
93

) 
(0

.8
7-

1.
17

) 
T

em
az

ep
am

7 
0.

42
 

0.
63

 
1.

17
 

0.
52

 
(0

.1
6-

0.
97

) 
(0

.2
9-

1.
15

) 
(0

.6
6-

2.
01

) 
(0

.2
2-

1.
04

) 

5 E
st

im
at

e
s 

fr
o

m
 t

h
e 

w
ei

gh
te

d 
cu

m
ul

at
iv

e 
do

s
e 

m
od

e
l (

M
od

el
 5

). 
£ 6

 E
st

im
at

e
s 

fr
o

m
 t

h
e 

w
ei

gh
te

d 
cu

m
ul

at
iv

e 
du

ra
tio

n 
o

f t
re

at
m

en
t m

od
e

l (
M

od
el

 6
). 

4s»
 7

 E
st

im
at

e
s 

fr
o

m
 t

h
e 

cu
rr

en
t d

os
e 

+
 w

ei
gh

te
d 

cu
m

ul
at

iv
e 

du
ra

tio
n 

o
f t

re
at

m
en

t m
od

e
l (

M
od

el
 7

). 
S

ce
na

rio
 (

i)
 c

om
pa

re
s 

a
 c

ur
re

n
t u

se
r a

t t
h

e 
re

co
m

m
en

de
d 

do
s

e 
w

h
o 

ha
s 

us
e

d 
th

e 
be

nz
od

ia
ze

pi
n

e 
fo

r 1
 d

ay
s 

an
d 

a
 n

on
-u

se
r.

 
S

ce
na

rio
 (

ii
) c

om
pa

re
s 

a
 c

ur
re

n
t u

se
r a

t t
h

e 
re

co
m

m
en

de
d 

do
s

e 
w

h
o 

ha
s 

us
e

d 
th

e 
be

nz
od

ia
ze

pi
n

e 
fo

r 7
 d

ay
s 

an
d 

a
 n

on
-u

se
r.

 
S

ce
na

rio
 (

iii
) c

om
pa

re
s 

a
 c

ur
re

n
t u

se
r a

t t
h

e 
re

co
m

m
en

de
d 

do
s

e 
w

h
o 

ha
s 

us
e

d 
th

e 
be

nz
od

ia
ze

pi
n

e 
fo

r 3
0 

da
y

s 
an

d 
a

 n
on

-u
se

r.
 

S
ce

na
rio

 (
iv

) c
om

pa
re

s 
a

 c
ur

re
n

t u
se

r a
t t

h
e 

re
co

m
m

en
de

d 
do

s
e 

w
h

o 
ha

s 
us

e
d 

th
e 

be
nz

od
ia

ze
pi

n
e 

fo
r 7

 d
ay

s 
an

d 
a

 p
as

t u
se

r 
w

h
o 

ha
s 

us
e

d 
th

e 
be

nz
od

ia
ze

pi
ne

 f
o

r a
 w

ee
k,

 b
et

w
ee

n 
1

4 
an

d 
7

 d
ay

s 
ag

o
, a

t t
h

e 
re

co
m

m
en

de
d 

do
se

. 



Figure 7-1 : Estimate d weigh t functio n an d 95 % pointwis e bootstra p confidenc e 
intervals (dotte d curves) ; (a ) Flurazepam,  weighte d cumulativ e dose , 6 0 days ; (b ) 
Nitrazepam, weighte d cumulativ e duratio n o f treatment , 6 0 days ; (d ) Alprazolam, 
weighted cumulativ e duratio n o f treatment , 18 0 days ; (d ) Temazepam,  weighte d 
cumulative duratio n o f treatmen t an d curren t dose , 18 0 days . 
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7.6 Additiona l materia l 

The result s o f th e model s ar e presente d fo r eac h benzodiazepin e an d eac h tim e 

window considered . 
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Table 7-22 : Summar y o f f inding s fo r th e associat io n betwee n Chlordiazepoxid e us e 

and fa l l - re late d injurie s i n th e elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1961.46 3939.69 
Weighted cumulativ e dos e 

1 kno t - 0.098 (3 ) -1958.31 3950.17 
2 knot s - 0.045 (4 ) -1956.58 3952.29 
3 knot s - 0.064 (5 ) -1956.25 3957.23 

Weighted cumulativ e durat io n 
1 kno t - 0.001 (3 ) -1953.31 3940.17 
2 knot s - < 0.00 1 (4 ) -1950.87 3940.88 
3 knot s - 0.001 (5 ) -1950.47 3945.66 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.9743 < 0.00 1 (4 ) -1950.65 3940.43 
2 knot s -0.8313 < 0.00 1 (5 ) -1948.94 3942.61 
3 knot s -0.8038 < 0.00 1 (6 ) -1948.69 3947.7 

Alternative T D model s 
Indicator o f curren t us e 0.3774 0.01 (1 ) -1958.15 3938.65 
Current dos e 0.2786 0.226 (1 ) -1960.73 3943.82 
Unweighted cumulativ e us e 0.008 < 0.00 1 (1 ) -1953.00 3928.37 
Unweighted cumulativ e dos e 0.007 0.139 (1 ) -1958.434 3939.23 

Table 7-7 : Summar y o f finding s fo r th e associatio n betwee n alprazola m us e an d 
fall-related injurie s i n th e elderl y -  Exposur e tim e windo w o f 9 0 day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1961.46 3939.69 
Weighted cumulativ e dos e 

1 kno t - 0.118 (3 ) -1958.53 3950.6 
2 knot s - 0.135 (4 ) -1957.95 3955.04 
3 knot s - 0.103 (5 ) -1956.88 3958.48 

Weighted cumulativ e duratio n 
1 kno t - 0.001 (3 ) -1952.87 3939.29 
2 knot s - 0.001 (4 ) -1952.62 3944.37 
3 knot s - 0.001 (5 ) -1951.04 3946.82 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t -1 .01 < 0.00 1 (4 ) -1949.83 3938.79 
2 knot s -0.9815 < 0.00 1 (5 ) -1949.9 3944.52 
3 knot s -0.8657 < 0.00 1 (6 ) -1948.96 3948.23 

Alternative T D model s 
Indicator o f curren t us e 0.3774 0.01 (1 ) -1958.15 3938.65 
Current dos e 0.2786 0.226 (1 ) -1960.73 3943.82 
Unweighted cumulativ e us e 0.008 < 0.00 1 (1 ) -1953.00 3928.37 
Unweighted cumulativ e dos e 0.007 0.139 (1 ) -1958.434 3939.23 
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Table 7-22 : S u m m a r y o f f inding s fo r th e associat io n betwee n Chlordiazepoxid e us e 

and fa l l - re late d injurie s i n th e elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1961.46 3939.69 
Weighted cumulativ e dos e 

1 kno t - 0.107 (3 ) -1958.41 3950.37 
2 knot s - 0.187 (4 ) -1958.37 3955.89 
3 knot s - 0.286 (5 ) -1958.35 3961.43 

Weighted cumulativ e durat io n 
1 kno t - 0.001 (3 ) -1952.7 3938.95 
2 knot s - 0.001 (4 ) -1952.52 3944.19 
3 knot s - 0.003 (5 ) -1952.45 3949.63 

Weighted cumulat iv e durat io n and curren t dos e 
1 kno t -0.9016 < 0.00 1 (4 ) -1949.82 3938.77 
2 knot s -0.9232 < 0.00 1 (5 ) -1949.74 3944.2 
3 knot s -1 .0251 < 0.00 1 (6 ) -1949.31 3948.94 

Alternat ive T D model s 
Indicator o f curren t us e 0.3774 0.01 (1 ) -1958.15 3938.65 
Current dos e 0.2786 0.226 (1 ) -1960.73 3943.82 
Unweighted cumulat iv e us e 0.008 < 0.00 1 (1 ) -1953.00 3928.37 
Unweighted cumulat iv e dos e 0.007 0.139 (1 ) -1958.434 3939.23 

Table 7-9 : Summar y o f finding s fo r th e associatio n betwee n bromazepa m us e an d 
fall-related injurie s i n th e elderl y -  Exposur e tim e windo w o f 6 0 day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1395.9 2807.56 

Weighted cumulat iv e dos e 
1 kno t - 0.239 (3 ) -1393.79 2819.1 
2 knot s - 0.269 (4 ) -1393.31 2823.39 
3 knot s - 0.229 (5 ) -1392.46 2826.93 

Weighted cumulativ e durat io n 
1 kno t - 0.136 (3 ) -1393.13 2817.78 
2 knot s - 0.177 (4 ) -1392.75 2822.26 
3 knot s - 0.038 (5 ) -1390.02 2822.05 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.246 0.227 (4 ) -1393.08 2822.92 
2 knot s -0.1175 0.275 (5 ) -1392.73 2827.49 
3 knot s 0.1668 0.066 (6 ) -1389.99 2827.25 

Alternative T D model s 
Indicator o f curren t us e -0.07 0.731 (1 ) -1395.84 2812.7 

Current dos e 0.0459 0.91 (1 ) -1395.9 2812.8 
Unweighted cumulat iv e us e 0.003 0.207 (1 ) -1395.11 2811.23 

Unweighted cumulat iv e dos e 0.006 0.304 (1 ) -1395.37 2811.76 
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Table 7 - 2 2 : S u m m a r y o f f ind ing s fo r t h e associat io n betwee n C h l o r d i a z e p o x i de use 

and fa l l - re late d injurie s i n t h e elderl y -  Exposur e t i m e w indo w o f 9 0 day s 

Model an d exposur e Pdose L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -1395.9 2807.56 
Weighted cumulativ e dos e 

1 kno t - 0.383 (3 ) -1394.37 2820.26 
2 knot s - 0.396 (4 ) -1393.86 2824.49 
3 knot s - 0.435 (5 ) -1393.48 2828.98 

Weighted cumulativ e durat io n 
1 kno t - 0.344 (3 ) -1394.24 2819.99 
2 knot s - 0.188 (4 ) -1392.83 2822.42 
3 knot s - 0.206 (5 ) -1392.3 2826.62 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.5572 0.413 (4 ) -1393.93 2824.62 
2 knot s -0.2316 0.282 (5 ) -1392.78 2827.57 
3 knot s -0.2177 0.294 (6 ) -1392.26 2831.78 

Alternat ive T D model s 
Indicator o f curren t us e -0.07 0.731 (1 ) -1395.84 2812.7 
Current dos e 0.0459 0 .91 (1 ) -1395.9 2812.8 
Unweighted cumulativ e us e 0.003 0.207 (1 ) -1395.11 2811.23 
Unweighted cumulativ e dos e 0.006 0.304 (1 ) -1395.37 2811.76 

Table 7-11 : Summar y o f finding s fo r th e associatio n betwee n bromazepa m us e an d 
fall-related injurie s i n th e elderl y -  Exposur e tim e windo w o f 18 0 day s 

Model an d exposur e Pdose L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -1395.9 2807.56 
Weighted cumulativ e dos e 

1 kno t - 0.563 (3 ) -1394.88 2821.27 
2 knot s - 0.685 (4 ) -1394.77 2826.3 
3 knot s - 0.707 (5 ) -1394.43 2830.87 

Weighted cumulativ e durat io n 
1 kno t - 0.532 (3 ) -1394.8 2821.12 
2 knot s - 0.705 (4 ) -1394.82 2826.4 
3 knot s - 0.472 (5 ) -1393.62 2829.26 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.8939 0.39 (4 ) -1393.84 2824.45 
2 knot s -0 .911 0.562 (5 ) -1393.95 2829.91 
3 knot s -0.6015 0.508 (6 ) -1393.26 2833.79 

Alternat ive T D model s 
Indicator o f curren t us e -0.07 0.731 (1 ) -1395.84 2812.7 
Current dos e 0.0459 0.91 (1 ) -1395.9 2812.8 
Unweighted cumulativ e us e 0.003 0.207 (1 ) -1395.11 2811.23 

Unweighted cumulativ e dos e 0.006 0.304 (1 ) -1395.37 2811.76 
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Table 7 - 2 2 : S u m m a r y o f f inding s fo r th e associat io n betwee n Chlordiazepoxide use 

and fa l l - re late d injurie s i n th e elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model an d exposur e Pdose L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -1875.31 3767.2 
Weighted cumulativ e dos e 

1 kno t - < 0.00 1 (3 ) -1865.17 3763.51 
2 knot s - < 0.00 1 (4 ) -1864.92 3768.54 
3 knot s - 0.001 (5 ) -1864.78 3773.79 

Weighted cumulativ e durat io n 
1 kno t - < 0.00 1 (3 ) -1865.81 3764.8 
2 knot s - 0.001 (4 ) -1865.49 3769.69 
3 knot s - 0.001 (5 ) -1865.19 3774.62 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t 0.1303 0.001 (4 ) -1865.77 3770.25 
2 knot s 0.2293 0.001 (5 ) -1865.37 3774.98 
3 knot s 0.2724 0.002 (6 ) -1865.02 3779.81 

Alternative T D model s 
Indicator o f curren t us e 0.2917 0.089 (1 ) -1873.86 3769.85 
Current dos e 0.5138 0.014 (1 ) -1872.27 3766.66 
Unweighted cumulativ e us e 0.002 0.468 (1 ) -1875.04 3772.21 
Unweighted cumulativ e dos e 0.004 0.234 (1 ) -1875.60 3771.31 

Table 7-13 : Summar y o f finding s fo r th e associatio n betwee n flurazepa m us e an d 
fall-related injurie s i n th e elderl y -  Exposur e tim e windo w o f 9 0 day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1875.31 3767.2 
Weighted cumulativ e dos e 

1 kno t - < 0.00 1 (3 ) -1865.4 3763.97 
2 knot s - < 0.00 1 (4 ) -1865.22 3769.14 
3 knot s - 0.001 (5 ) -1864.86 3773.96 

Weighted cumulativ e durat io n 
1 kno t - 0.001 (3 ) -1866.93 3767.04 
2 knot s - 0.001 (4 ) -1865.91 3770.53 
3 knot s - 0.001 (5 ) -1865.46 3775.16 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.1169 0.002 (4 ) -1866.89 3772.49 
2 knot s 0.0994 0.002 (5 ) -1865.89 3776.01 
3 knot s 0.2097 0.003 (6 ) -1865.36 3780.48 

Alternative T D model s 
Indicator o f curren t us e 0.2917 0.089 (1 ) -1873.86 3769.85 
Current dos e 0.5138 0.014 (1 ) -1872.27 3766.66 
Unweighted cumulativ e us e 0.002 0.468 (1 ) -1875.04 3772.21 
Unweighted cumulativ e dos e 0.004 0.234 (1 ) -1875.60 3771.31 
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Table 7 - 2 2 : S u m m a r y o f f inding s fo r th e associat io n betwee n Chlordiazepoxide use 
and fa l l - re late d injurie s i n th e elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1875.31 3767.2 
Weighted cumulativ e dos e 

1 kno t - 0.001 (3 ) -1866.58 3766.33 
2 knot s - 0.001 (4 ) -1865.31 3769.33 
3 knot s - 0.001 (5 ) -1865.33 3774.89 

Weighted cumulat iv e durat io n 
1 kno t - 0.003 (3 ) -1868.23 3769.63 
2 knot s - 0.002 (4 ) -1866.8 3772.31 
3 knot s - 0.005 (5 ) -1866.96 3778.15 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t 0.1724 0.006 (4 ) -1868.11 3774.93 
2 knot s -0.0708 0.004 (5 ) -1866.79 3777.81 
3 knot s -0 .1331 0.01 (6 ) -1866.91 3783.59 

Alternative T D model s 
Indicator o f curren t us e 0.2917 0.089 (1 ) -1873.86 3769.85 
Current dos e 0.5138 0.014 (1 ) -1872.27 3766.66 
Unweighted cumulat iv e us e 0.002 0.468 (1 ) -1875.04 3772.21 
Unweighted cumulat iv e dos e 0.004 0.234 (1 ) -1875.60 3771.31 

Table 7-15 : Summar y o f finding s fo r th e associatio n betwee n nitrazepa m us e an d 
fall-related injurie s i n th e elderl y -  Exposur e t im e windo w o f 6 0 day s 

Model an d exposur e Pdose L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -563.6 1141.13 
Weighted cumulativ e dos e 

1 kno t - < 0.00 1 (3 ) -528.61 1085.09 
2 knot s - < 0.00 1 (4 ) -522.62 1077.75 
3 knot s - < 0.00 1 (5 ) -523.47 1084.1 

Weighted cumulativ e durat io n 
1 kno t - < 0.00 1 (3 ) -523.34 1074.56 
2 knot s - < 0.00 1 (4 ) -514.54 1061.59 
3 knot s - < 0.00 1 (5 ) -515.96 1069.07 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t 0.4982 < 0.00 1 (4 ) -520.7 1073.9 
2 knot s 0.3718 < 0.00 1 (5 ) -513.14 1063.43 
3 knot s 0.3682 < 0.00 1 (6 ) -514.63 1071.05 

Alternative T D model s 
Indicator o f curren t us e 1.5427 < 0.00 1 (1 ) -537.41 1093.4 
Current dos e 0.8527 < 0.00 1 (1 ) -541.25 1101.08 
Unweighted cumulat iv e us e 0.006 0.031 (1 ) -561.26 1141.10 
Unweighted cumulativ e dos e 0.004 0.031 (1 ) -561.28 1141.15 
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Table 7 - 2 2 : Summar y o f f inding s fo r th e associat io n betwee n C h l o r d i a z e p o x i de use 

and fa l l - re late d injurie s i n th e elderl y -  Exposur e t i m e w indo w o f 9 0 day s 

Model an d exposur e Pdose L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -563.6 1141.13 
Weighted cumulativ e dos e 

1 kno t - < 0.00 1 (3 ) -526.12 1080.11 
2 knot s - < 0.00 1 (4 ) -526.09 1084.68 
3 knot s - < 0.00 1 (5 ) -525.5 1088.15 

Weighted cumulativ e duratio n 
1 kno t - < 0.00 1 (3 ) -522.72 1073.3 
2 knot s - < 0.00 1 (4 ) -522.05 1076.61 
3 knot s - < 0.00 1 (5 ) -520.74 1078.64 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t 0.4232 < 0.00 1 (4 ) -520.7 1073.91 
2 knot s 0.4966 < 0.00 1 (5 ) -519.4 1075.96 
3 knot s 0.4235 < 0.00 1 (6 ) -518.9 1079.59 

Alternative T D model s 
Indicator o f curren t us e 1.5427 < 0.00 1 (1 ) -537.41 1093.4 
Current dos e 0.8527 < 0.00 1 (1 ) -541.25 1101.08 
Unweighted cumulativ e us e 0.006 0.031 (1 ) -561.26 1141.10 
Unweighted cumulativ e dos e 0.004 0.031 (1 ) -561.28 1141.15 

Table 7-17 : Summar y o f finding s fo r th e associatio n betwee n nitrazepa m us e an d 
fall-related injurie s i n th e elderl y -  Exposur e tim e windo w o f 18 0 day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -563.6 1141.13 
Weighted cumulativ e dos e 

1 kno t - < 0.00 1 (3 ) -526.11 1080.09 
2 knot s - < 0.00 1 (4 ) -524.96 1082.43 
3 knot s - < 0.00 1 (5 ) -524.35 1085.85 

Weighted cumulativ e durat io n 
1 kno t - < 0.00 1 (3 ) -523.72 1075.32 
2 knot s - < 0.00 1 (4 ) -521.33 1075.17 
3 knot s - < 0.00 1 (5 ) -521.33 1079.82 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t 0.434 < 0.00 1 (4 ) -521.14 1074.78 
2 knot s 0.3331 < 0.00 1 (5 ) -519.98 1077.12 
3 knot s 0.4089 < 0.00 1 (6 ) -519.43 1080.65 

Alternative T D model s 
Indicator o f curren t us e 1.5427 < 0.00 1 (1 ) -537.41 1093.4 
Current dos e 0.8527 < 0.00 1 (1 ) -541.25 1101.08 
Unweighted cumulativ e us e 0.006 0.031 (1 ) -561.26 1141.10 
Unweighted cumulativ e dos e 0.004 0.031 (1 ) -561.28 1141.15 
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Table 7 - 2 2 : S u m m a r y o f f inding s fo r th e associat io n betwee n Chlordiazepoxide use 
and fa l l - re late d injurie s i n th e elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -620.64 1255.12 

Weighted cumulativ e dos e 
1 kno t - 0.735 (3) -620.0 1267.69 
2 knot s - 0.609 (4) -619.29 1270.88 
3 knot s - 0.711 (5) -619.17 1275.27 

Weighted cumulativ e durat io n 
1 kno t - 0.225 (3) -618.46 1264.61 
2 knot s - 0.077 (4) -616.41 1265.14 
3 knot s - 0.114 (5) -616.2 1269.32 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.7935 0.336 (4) -618.36 1269.03 
2 knot s -0.4212 0.131 (5) -616.38 1269.69 
3 knot s -0.3215 0.179 (6) -616.18 1273.9 

Alternative T D model s 
Indicator o f curren t us e 0.1709 0.447 (1) -620.35 1259.16 
Current dos e 0.6812 0.564 (1) -620.47 1259.4 
Unweighted cumulativ e us e 0.007 0.018 (1) -617.83 1254.12 

Unweighted cumulativ e dos e 0.017 0.194 (1) -619.79 1258.05 

Table 7-19 : Summar y o f finding s fo r th e associatio n betwee n clonazepa m us e an d 
fall-related injurie s i n th e elderl y -  Exposur e tim e windo w o f 9 0 day s 

Model an d exposur e Pdose L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -620.64 1255.12 

Weighted cumulativ e dos e 
1 kno t - 0.574 (3 ) -619.64 1266.97 
2 knot s - 0.676 (4 ) -619.47 1271.25 
3 knot s - 0.718 (5 ) -619.2 1275.31 

Weighted cumulativ e durat io n 
1 kno t - 0.124 (3 ) -617.76 1263.21 
2 knot s - 0.15 (4 ) -617.26 1266.83 
3 knot s - 0.145 (5 ) -616.53 1269.98 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -1.0787 0.191 (4 ) -617.58 1267.47 
2 knot s -0.7793 0.225 (5 ) -617.17 1271.25 
3 knot s -0.5333 0.217 (6 ) -616.48 1274.5 

Alternative T D model s 
Indicator o f curren t us e 0.1709 0.447 (1 ) -620.35 1259.16 

Current dos e 0.6812 0.564 (1 ) -620.47 1259.4 

Unweighted cumulativ e us e 0.007 0.018 (1 ) -617.83 1254.12 

Unweighted cumulativ e dos e 0.017 0.194 (1 ) -619.79 1258.05 
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T a b l e 7 - 2 2 : S u m m a r y o f f i n d i n g s f o r t h e a s s o c i a t i o n b e t w e e n Chlordiazepoxide use 

a n d f a l l - r e l a t e d i n ju r i e s i n t h e e lde r l y -  E x p o s u r e t i m e w i n d o w o f 90  day s 

Model an d exposur e Pdose LRT p-valu e (df ) Likelihood BIC 
No exposur e - - -620.64 1255.12 
Weighted cumulativ e dos e 

1 kno t - 0.423 (3) -619.23 1266.16 
2 knot s - 0.399 (4) -618.61 1269.53 
3 knot s - 0.536 (5) -618.59 1274.1 

Weighted cumulativ e duratio n 
1 kno t - 0.078 (3) -617.23 1262.16 
2 knot s - 0.073 (4) -616.35 1265.0 
3 knot s - 0.097 (5) -615.97 1268.87 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t -0.6818 0.138 (4) -617.15 1266.61 
2 knot s -1.0762 0.112 (5) -616.18 1269.27 
3 knot s -0.9087 0.144 (6) -615.85 1273.24 

Alternative T D model s 
Indicator o f curren t us e 0.1709 0.447 (1) -620.35 1259.16 
Current dos e 0.6812 0.564 (1) -620.47 1259.4 
Unweighted cumulativ e us e 0.007 0.018 (1) -617.83 1254.12 
Unweighted cumulativ e dos e 0.017 0.194 (1) -619.79 1258.05 

Table 7-21 : Summar y o f finding s fo r th e associatio n betwee n Chlordiazepoxid e us e 
and fall-relate d injurie s i n th e elderl y -  Exposur e tim e windo w o f 6 0 day s 

Model an d exposur e Pdose LRT p-valu e (df ) Likelihood BIC 
No exposur e - - -292.17 596.08 
Weighted cumulativ e dos e 

1 kno t - 0.823 (3) -291.71 606.9 
2 knot s - 0.899 (4) -291.64 610.66 
3 knot s - 0.952 (5) -291.61 614.51 

Weighted cumulativ e duratio n 
1 kno t - 0.996 (3) -292.14 607.75 
2 knot s - 0.985 (4) -291.98 611.35 
3 knot s - 0.938 (5) -291.54 614.37 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t 0.5547 0.965 (4) -291.88 611.15 
2 knot s 0.5139 0.978 (5) -291.77 614.84 
3 knot s 0.599 0.934 (6) -291.25 617.71 

Alternative T D model s 
Indicator o f curren t us e -0.069 0.883 (1) -292.16 599.97 
Current dos e 0.2833 0.592 (1) -292.03 599.7 
Unweighted cumulativ e us e 0.002 0.770 (1) -292.13 592.25 
Unweighted cumulativ e dos e 0.005 0.524 (1) -292.17 591.93 
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T a b l e 7 - 2 2 : S u m m a r y o f f i n d i n g s f o r t h e a s s o c i a t i o n b e t w e e n C h l o r d i a z e p o x i d e us e 

a n d f a l l - r e l a t e d in ju r ie s i n t h e e lder l y -  E x p o s u r e t i m e w i n d o w o f 9 0 day s 

Model an d exposur e Pdose LRT p-valu e (df ) Likelihood BIC 

No exposur e - - -292.17 596.08 
Weighted cumulativ e dos e 

1 kno t - 0.823 (3 ) -291.72 606.9 
2 knot s - 0.91 (4 ) -291.67 610.73 
3 knot s - 0.936 (5 ) -291.52 614.35 

Weighted cumulativ e duratio n 
1 kno t - 0.998 (3 ) -292.15 607.77 
2 knot s - 0.999 (4 ) -292.16 611.7 
3 knot s - 0.912 (5 ) -291.42 614.13 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t 0.5709 0.959 (4 ) -291.85 611.08 
2 knot s 0.5803 0.988 (5 ) -291.87 615.04 
3 knot s 0.4862 0.93 (6 ) -291.23 617.67 

Alternative T D model s 
Indicator o f curren t us e -0.069 0.883 (1 ) -292.16 599.97 
Current dos e 0.2833 0.592 (1 ) -292.03 599.7 
Unweighted cumulativ e us e 0.002 0.770 (1 ) -292.13 592.25 
Unweighted cumulativ e dos e 0.005 0.524 (1 ) -292.17 591.93 

Table 7-23 : Summar y o f finding s fo r th e associatio n betwee n Chlordiazepoxid e us e 
and fall-relate d injurie s i n th e elderl y -  Exposur e tim e windo w o f 18 0 day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -292.17 596.08 
Weighted cumulativ e dos e 

1 kno t - 0.807 (3) -291.68 606.84 
2 knot s - 0.751 (4) -291.21 609.81 
3 knot s - 0.888 (5) -291.32 613.93 

Weighted cumulativ e duratio n 
1 kno t - 0.996 (3) -292.14 607.75 
2 knot s - 0.991 (4) -292.03 611.45 
3 knot s - 0.999 (5) -292.11 615.52 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t 0.4796 0.969 (4) -291.9 611.18 
2 knot s 0.447 0.985 (5) -291.84 614.97 
3 knot s 0.5306 0.996 (6) -291.85 618.92 

Alternative T D model s 
Indicator o f curren t us e -0.069 0.883 (1) -292.16 599.97 
Current dos e 0.2833 0.592 (1) -292.03 599.7 
Unweighted cumulativ e us e 0.002 0.770 (1) -292.13 592.25 
Unweighted cumulativ e dos e 0.005 0.524 (1) -292.17 591.93 

1 5 5 



Table 7 - 2 2 : S u m m a r y o f f inding s fo r th e associat io n betwee n Chlordiazepoxide use 

and fa l l - re late d injurie s i n t h e elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1156.47 2328.26 
Weighted cumulat iv e dos e 

1 kno t - 0.593 (3 ) -1155.52 2341.68 
2 knot s - 0.62 (4 ) -1155.15 2346.05 
3 knot s - 0.664 (5 ) -1154.85 2350.56 

Weighted cumulat iv e durat io n 
1 kno t - 0.22 (3 ) -1154.26 2339.16 
2 knot s - 0.332 (4 ) -1154.18 2344.1 
3 knot s - 0.345 (5 ) -1153.66 2348.17 

Weighted cumulat iv e durat io n and curren t dos e 
1 kno t -0 .9371 0.04 (4 ) -1151.46 2338.67 
2 knot s -0 .9551 0.074 (5 ) -1151.44 2343.74 
3 knot s -0.8938 0.112 (6 ) -1151.32 2348.59 

Alternat ive T D model s 
Indicator o f curren t us e 0.0548 0.76 (1 ) -1156.42 2333.27 
Current dos e -0 .0041 0.98 (1 ) -1156.47 2333.37 
Unweighted cumulat iv e us e 0.003 0.170 (1 ) -1155.53 2331.49 
Unweighted cumulat iv e dos e 0.001 0.523 (1 ) -1156.27 2332.97 

able 7-25 : Summar y o f finding s fo r th e associatio n betwee n temazepa m us e a n 
all-related injurie s i n th e elderl y -  Exposur e tim e windo w o f 9 0 day s 

Model an d exposur e Pdose L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -1156.47 2328.26 
Weighted cumulat iv e dos e 

1 kno t - 0.318 (3 ) -1154.71 2340.05 
2 knot s - 0.471 (4 ) -1154.7 2345.14 
3 knot s - 0.579 (5 ) -1154.57 2349.99 

Weighted cumulat iv e durat io n 
1 kno t - 0.209 (3 ) -1154.21 2339.05 
2 knot s - 0.313 (4 ) -1154.09 2343.93 
3 knot s - 0.429 (5 ) -1154.02 2348.89 

Weighted cumulat iv e durat io n and curren t dos e 
1 kno t -0 .8861 0.036 (4 ) -1151.33 2338.4 
2 knot s -0.9326 0.065 (5 ) -1151.28 2343.41 
3 knot s -0.9676 0.103 (6 ) -1151.2 2348.35 

Alternat ive T D model s 
Indicator o f curren t us e 0.0548 0.76 (1 ) -1156.42 2333.27 

Current dos e -0 .0041 0.98 (1 ) -1156.47 2333.37 

Unweighted cumulat iv e us e 0.003 0.170 (1 ) -1155.53 2331.49 

Unweighted cumulat iv e dos e 0.001 0.523 (1 ) -1156.27 2332.97 
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Table 7 - 2 2 : Summar y o f f ind ing s fo r th e associat io n betwee n Chlordiazepoxide use 
and fa l l - re late d injurie s i n th e elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model an d exposur e Pdose LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1156.47 2328.26 
Weighted cumulativ e dos e 

1 kno t - 0.705 (3 ) -1155.77 2342.18 
2 knot s - 0.845 (4 ) -1155.77 2347.29 
3 knot s - 0.289 (5 ) -1153.38 2347.61 

Weighted cumulativ e durat io n 
1 kno t - 0.316 (3 ) -1154.7 2340.04 
2 knot s - 0.515 (4 ) -1154.84 2345.42 
3 knot s - 0.08 (5 ) -1151.55 2343.95 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.9547 0.017 (4 ) -1150.48 2336.7 
2 knot s -1.0192 0.041 (5 ) -1150.68 2342.21 
3 knot s -0.8338 0.02 (6 ) -1148.96 2343.88 

Alternat ive T D model s 
Indicator o f curren t us e 0.0548 0.76 (1 ) -1156.42 2333.27 
Current dos e -0 .0041 0.98 (1 ) -1156.47 2333.37 
Unweighted cumulativ e us e 0.003 0.170 (1 ) -1155.53 2331.49 
Unweighted cumulativ e dos e 0.001 0.523 (1 ) -1156.27 2332.97 

Table 7-27 : Summar y o f finding s fo r th e associatio n betwee n lorazepa m us e an d 
fall-related injurie s i n elderl y me n -  Exposur e tim e windo w o f 6 0 day s 

Model Coefficient LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1497.89 3006.41 
Weighted cumulativ e dos e 

1 kno t - 0.425 (3 ) -1496.49 3019.58 
2 knot s - 0.161 (4 ) -1494.61 3021.13 
3 knot s - 0.152 (5 ) -1493.85 3024.93 

Weighted cumulativ e durat io n 
1 kno t - 0.24 (3 ) -1495.79 3018.16 
2 knot s - 0.078 (4 ) -1493.69 3019.3 
3 knot s - 0.065 (5 ) -1492.69 3022.6 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t -0.5712 0.257 (4 ) -1495.23 3022.38 
2 knot s -0.36 0.116 (5 ) -1493.47 3024.18 
3 knot s -0.2419 0.101 (6 ) -1492.59 3027.72 

Alternative T D model s 
Indicator o f curren t us e -0.0465 0.787 (1 ) -1497.85 3011.66 
Current dos e 0.0292 0.919 (1 ) -1497.88 3011.72 
Unweighted cumulativ e us e 0.001 0.676 (1 ) -1497.8 3011.56 
Unweighted cumulativ e dos e 0.0046 0.229 (1 ) -1497.16 3010.28 
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Table 7 - 2 2 : Summar y o f f inding s fo r th e associat io n betwee n Chlordiazepoxide use 
and fa l l - re late d injurie s i n the  elderl y -  Exposur e t i m e w indo w o f 9 0 day s 

Model Coefficient LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1497.89 3006.41 

Weighted cumulativ e dos e 
1 kno t - 0.494 (3 ) -1496.69 3019.97 
2 knot s - 0.256 (4 ) -1495.23 3022.37 
3 knot s - 0.229 (5 ) -1494.44 3026.12 

Weighted cumulativ e duratio n 
1 kno t - 0.113 (3 ) -1494.9 3016.4 
2 knot s - 0.041 (4 ) -1492.9 3017.7 
3 knot s - 0.052 (5 ) -1492.4 3022.03 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.7842 0.087 (4 ) -1493.82 3019.55 
2 knot s -0.5419 0.052 (5 ) -1492.4 3022.02 
3 knot s -0.4507 0.07 (6 ) -1492.06 3026.67 

Alternative T D model s 
Indicator o f curren t us e -0.0465 0.787 (1 ) -1497.85 3011.66 
Current dos e 0.0292 0.919 (1 ) -1497.88 3011.72 

Unweighted cumulativ e us e 0.001 0.676 (1 ) -1497.8 3011.56 
Unweighted cumulativ e dos e 0.0046 0.229 (1 ) -1497.16 3010.28 

Table 7-29 : Summar y o f finding s fo r th e associatio n betwee n lorazepa m us e an d 
fall-related injurie s i n elderl y me n -  Exposur e t im e windo w o f 18 0 day s 

Model Coefficient LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -1497.89 3006.32 

Weighted cumulativ e dos e 
1 kno t - 0.419 (3 ) -1496.47 3019.31 
2 knot s - 0.53 (4 ) -1496.3 3024.25 
3 knot s - 0.529 (5 ) -1495.82 3028.55 

Weighted cumulativ e duratio n 
1 kno t - 0.169 (3 ) -1495.37 3017.1 
2 knot s - 0.155 (4 ) -1494.56 3020.76 
3 knot s - 0.062 (5 ) -1492.63 3022.17 

Weighted cumulativ e duratio n and curren t dos e 
1 kno t -0.2759 0.248 (4 ) -1495.19 3022.01 
2 knot s -0.5115 0.172 (5 ) -1494.03 3024.97 
3 knot s -0.8349 0.044 (6 ) -1491.41 3025.01 

Alternative T D model s 
Indicator o f curren t us e -0.0465 0.787 (1 ) -1497.85 3011.52 

Current dos e 0.0292 0.919 (1 ) -1497.88 3011.59 
Unweighted cumulativ e us e 0.001 0.676 (1 ) -1497.8 3011.42 

Unweighted cumulativ e dos e 0.0046 0.229 (1 ) -1497.16 3010.15 
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Table 7 - 2 2 : Summar y o f f inding s fo r t h e associat io n betwee n Chlordiazepoxide use 
and fa l l - re late d injurie s i n the  elderl y -  Exposur e t i m e w indo w o f 90  day s 

Model Coefficient L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -5307.75 10628.45 
Weighted cumulativ e dos e 

1 kno t - 0.264 (3 ) -5305.77 10643.88 
2 knot s - 0.35 (4 ) -5305.54 10649.89 
3 knot s - 0.118 (5 ) -5303.37 10652.03 

Weighted cumulativ e durat io n 
1 kno t - 0.532 (3 ) -5306.66 10645.67 
2 knot s - 0.413 (4 ) -5305.78 10650.38 
3 knot s - 0.062 (5 ) -5302.5 10650.29 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -1.1275 0.03 (4 ) -5302.41 10643.65 
2 knot s -1.0546 0.05 (5 ) -5302.21 10649.72 
3 knot s -0.8739 0.017 (6 ) -5300.02 10651.81 

Alternat ive T D model s 
Indicator o f curren t us e -0.1837 0.067 (1 ) -5306.08 10631.57 
Current dos e -0 .3651 0.059 (1 ) -5305.97 10631.34 
Unweighted cumulativ e us e -2e-04 0.851 (1 ) -5307.74 10634.89 
Unweighted cumulativ e dos e -4e-04 0.871 (1 ) -5307.74 10634.9 

Table 7-31 : Summar y o f finding s fo r th e associatio n betwee n lorazepa m us e an d 
fall-related injurie s i n elderl y wome n - Exposur e t im e windo w o f 9 0 day s 

Model Coefficient LRT p-valu e (d f ) Likelihood BIC 

No exposur e - - -5307.75 10628.45 
Weighted cumulativ e dos e 

1 kno t - 0.941 (3 ) -5307.56 10647.47 
2 knot s - 0.2 (4 ) -5304.76 10648.35 
3 knot s - 0.298(5) -5304.71 10654.72 

Weighted cumulativ e durat io n 
1 kno t - 0.95 (3 ) -5307.58 10647.51 
2 knot s - 0.367 (4 ) -5305.61 10650.04 
3 knot s - 0.431 (5 ) -5305.32 10655.93 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -1.2339 0.022 (4 ) -5302.02 10642.87 
2 knot s -1.1137 0.027 (5 ) -5301.43 10648.16 
3 knot s -1.0964 0.05 (6 ) -5301.45 10654.67 

Alternat ive T D model s 
Indicator o f curren t us e -0.1837 0.067 (1 ) -5306.08 10631.57 
Current dos e -0 .3651 0.059 (1 ) -5305.97 10631.34 
Unweighted cumulativ e us e -2e-04 0.851 (1 ) -5307.74 10634.89 
Unweighted cumulativ e dos e -4e-04 0.871 (1 ) -5307.74 10634.9 
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Table 7-32 : Summar y o f finding s fo r th e associatio n betwee n lorazepa m us e an d 
fall-related injurie s i n elderl y wome n -  Exposur e t im e windo w o f 18 0 day s 

Model Coefficient L R T p-valu e (d f ) Likelihood BIC 

No exposur e - - -5307.75 10628.45 
Weighted cumulativ e dos e 

1 kno t - 0.992 (3 ) -5307.71 10647.77 
2 knot s - 0.998 (4 ) -5307.69 10654.21 
3 knot s - 0.993 (5 ) -5307.52 10660.33 

Weighted cumulativ e durat io n 
1 kno t - 0.523 (3 ) -5306.63 10645.62 
2 knot s - 0.68 (4 ) -5306.6 10652.03 
3 knot s - 0.814 (5 ) -5306.63 10658.56 

Weighted cumulativ e durat io n and curren t dos e 
1 kno t -0.958 0.024 (4 ) -5302.15 10643.12 
2 knot s -1.1297 0.024 (1 ) -5301.27 10647.83 
3 knot s -1.2345 0.036 (1 ) -5301.03 10653.82 

Alternat ive T D model s 
Indicator o f curren t us e -0.1837 0.067 (1 ) -5306.08 10631.57 
Current dos e -0 .3651 0.059 (1 ) -5305.97 10631.34 
Unweighted cumulativ e us e -2e-04 0.851 (1 ) -5307.74 10634.89 
Unweighted cumulativ e dos e -4e-04 0.871 (1 ) -5307.74 10634.9 
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C H A P T E R 8 
Discussion 

Exposures tha t var y ove r time , bot h i n term s o f statu s an d intensity , ar e fre -

quently encountere d i n clinica l an d epidemiologica l research . Whil e ignorin g th e 

time-varying natur e o f th e exposur e ma y lea d t o biase d estimate s o f th e associatio n 

between th e exposur e an d a n outcom e [7 , 8 , 9] , modellin g comple x pattern s o f expo -

sure i s a  challenging task , partl y becaus e th e etiologica l relevanc e o f pas t exposure s 

is often unclea r [10 , 11 , 12 , 13] . Th e overal l objectiv e o f thi s thesi s wa s to develo p a 

flexible metho d t o combin e th e informatio n abou t th e duration , intensit y an d timin g 

of exposur e int o a  time-varyin g summar y measure , th e weighte d cumulativ e expo -

sure, i n th e Co x proportiona l hazard s (PH ) mode l [18 , 19 , 12] , I n the WC E method , 

a weigh t functio n assign s eac h exposur e i n th e pas t a  weigh t tha t represente d th e 

importance o f tha t exposur e i n explainin g th e curren t risk , an d th e curren t WC E i s 

obtained b y summing th e weighte d pas t exposure s u p to th e curren t t ime . I  propose d 

a nove l parametrizatio n o f th e Co x proportiona l hazard s mode l wit h time-dependen t 

covariates, whic h allow s fo r a  convenient estimatio n o f th e weigh t functio n usin g re -

gression cubi c B-splines . Th e flexibilit y o f th e cubi c regressio n spline s allowe d m e t o 

avoid th e restrictiv e assumption s abou t th e functiona l for m o f th e weigh t function . 

The developmen t o f the weighted cumulativ e dos e method presente d i n manuscrip t 

2 involve d severa l methodologica l challenges , an d som e o f th e propose d solutions , 

which ma y b e usefu l i n othe r flexibl e modellin g applications . First , th e propose d 

parametrization o f th e initiall y non-linea r mode l int o a  linea r model , illustrate d ho w 

nonlinear function s o f time-dependen t covariates , o r time-dependen t effect s [49] , 
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can b e represente d b y artificia l time-dependen t variable s an d estimate d wit h stan -

dard software . Second , manuscrip t 2  offere d a  pragmati c solution , adapte d fro m 

a differen t contex t [159] , t o perfor m hypothesi s testin g conditiona l o n model s tha t 

have bee n selecte d a  posteriori,  base d o n goodnes s o f f i t criteria . Thi s addresse s a 

major proble m relate d t o inferenc e abou t flexibl e models , wher e a  posteriori selectio n 

of th e mode l complexity , o r degre e o f smoothness , improve s th e accurac y o f th e esti -

mates, but , a t th e sam e time , invalidate s conventiona l statistica l inferenc e [47 , 49] . 

Third, th e bootstra p metho d use d t o calculat e pointwis e confidenc e band s aroun d 

the weigh t functio n incorporate d th e uncertaint y a t th e mode l selectio n stage , i n 

addition t o th e samplin g variatio n o f th e regressio n coefficients . 

Conceptually speaking , th e idea  o f a  time-weighted cumulativ e exposur e metri c 

is relate d t o tha t o f time-varyin g coefficient s i n th e P H model , wher e th e con -

stant lo g HR P  i s replace d b y 0(t)  [11] . On e commo n applicatio n o f th e genera l 

varying-coefficient model s propose d b y Hasti e an d Tibshiran i i s the Co x P H model , i n 

which th e coefficient s o f baselin e o r fixed-in-tim e covariate s ar e allowe d t o change d 

smoothly ove r th e follow-u p tim e [170] . Thi s relaxe s th e assumptio n o f proportiona l 

hazards and estimates ho w the hazar d ratio s associate d wit h a  given covariat e chang e 

over t im e [31] . 

In comparison , whil e regressio n th e coefficien t associate d wit h th e WC E vari -

able doe s no t depen d o n time , th e estimate d weigh t functio n provide s a n indicatio n 

of ho w th e ris k associate d wit h a n exposur e change s ove r time . However , i n th e 

time-varying coefficien t model , /3(t ) i s generall y multiplie d b y a  baselin e o r fixed -

in-time exposure , an d th e mode l doe s no t incorporat e potentia l cumulativ e effects . 

In contrast , th e WC E framewor k allow s t o investigat e ho w th e effec t o f pas t dose s 

cumulate ove r t im e t o produc e th e curren t ris k o n a  given day , an d allow s assessin g 

different importanc e o f pas t exposures . Thi s i s reflecte d i n th e calculatio n o f hazar d 

162 



ratios associate d wit h specifi c pattern s o f exposure , whic h var y accordin g t o bot h 

t iming an d intensit y o f pas t exposures . Extension s o f th e coefficient-varyin g Co x 

PH mode l hav e bee n suggeste d t o incorporat e time-dependan t variable s bu t the y ar e 

restricted t o indicator s o f one-tim e chang e i n exposur e statu s [171 , 172] , Conse -

quently, i n compariso n t o th e model s wit h time-varyin g coefficients , th e propose d 

WCE mode l offer s a  riche r representatio n o f pas t exposur e history , an d allow s fo r 

both cumulativ e an d time-dependent effect s o f curren t an d pas t intensit y o f exposur e 

on th e hazard . 

In manuscrip t 3 , th e WC E metho d wa s applie d t o re-asses s th e associatio n 

between exposur e t o benzodiazepine s an d fall-relate d injuries . I t provide d substantiv e 

evidence tha t differen t benzodiazepine s ha d differen t mechanism s underlyin g thei r 

association wit h th e ris k o f fall-relate d injuries , an d supporte d t o th e conjectur e tha t 

the effect s o f som e benzodiazepine s cumulate d ove r time . Thi s applicatio n provide d 

an illustratio n o f potentia l advantage s du e to th e us e of a  more precis e representatio n 

of exposur e tha n conventiona l exposur e metric s base d o n curren t use , curren t dose , 

or indicator s o f us e durin g specifi c t im e windows . 

Furthermore, th e applicatio n o f th e WC E fo r th e benzodiazepin e an d fall-relate d 

injuries associatio n als o highlighte d severa l feature s o f th e WC E model . First , i n 

manuscript 3 , i t wa s showed ho w th e WC E mode l coul d b e adapte d t o mode l cumu -

lative duratio n o f exposure , wit h o r withou t a n additiona l time-dependen t variabl e 

representing th e curren t dos e [14] . Thi s prove d usefu l a s the bes t WC E mode l varie d 

for differen t benzodiazepines . I n addition , th e us e of severa l t im e window s provide d a 

way t o tes t th e robustnes s o f th e estimate d weigh t function . However , th e exampl e 

for Nitrazepa m als o illustrate d that , i n real-lif e application s wit h a  limite d numbe r o f 

events, i t coul d b e difficul t t o asses s whethe r a  mor e bump y weigh t functio n wer e 
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representing th e t ru e underlying , comple x mechanis m o r whe the r i t s impl y ref lecte d 

the over f i t t i n g bias . 

The applicatio n o f th e WC E metho d t o re-asses s th e association s betwee n ben -

zodiazepine us e and th e ris k o f fall-relate d injurie s als o generate d programmin g chal -

lenges, whos e solution s migh t prov e usefu l i n futur e analyse s o f larg e datasets . Th e 

database, whic h spanne d ove r fiv e year s o f dail y data , ha d t o b e restructure d i n a 

counting proces s forma t wher e eac h individua l da y o f follow-u p wa s represente d b y 

a ro w i n th e dat a matrix . Carefu l programmin g wa s require d t o restric t th e com -

putational burde n o n th e computer' s memory . Accordingly , generi c program s wer e 

created t o partitio n th e dat a i n manageabl e subsets , i n whic h WCE-relate d variable s 

were created , befor e bein g subsequentl y merge d togethe r t o creat e a  dat a matrix . 

To optimiz e th e estimatio n o f th e WC E models , th e row s o f th e dat a matri x tha t 

corresponded t o day s whe n event s occurre d wer e extracte d t o for m a  smalle r dat a 

matrix, o n whic h th e model s wer e estimated . Thi s reduce d th e siz e o f th e datase t 

considerably, withou t impactin g o n th e accurac y o f th e estimation , sinc e th e line s 

that corresponde d t o a  da y o n whic h n o even t di d occu r woul d no t appea r i n an y o f 

the ris k set s use d t o estimat e th e Co x P H model . While , alternatively , th e WCE -

related variable s coul d hav e bee n create d dynamicall y a t th e estimatio n stage , thi s 

would hav e require d keepin g excessivel y larg e dat a matrice s i n memory . Wi t h thes e 

automated approaches , th e WC E metho d ende d u p bein g a  computationally efficien t 

alternative approac h t o neste d cas e contro l fo r th e analyse s o f cohor t studies . 

The WC E mode l develope d i n manuscrip t 2  wa s validate d usin g simulations . 

Since th e WC E metho d wa s computer-intensive , efficien t method s wer e require d t o 

accurately generat e cohort s i n whic h th e even t time s wer e conditiona l o n comple x 

time-dependent covariates . Thi s motivate d th e us e o f th e permutationa l algorith m 

and the developmen t o f it s extension t o includ e a  rejection sample , whic h significantl y 
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reduced th e computationa l time . I n additio n t o it s abilit y t o generat e dataset s that , 

once analyzed , provide d virtuall y unbiase d estimate s wit h smal l variances , th e clas s 

of permutationa l algorithm s allow s th e use r t o easil y selec t th e margina l distributio n 

of th e even t and/o r censorin g times . 

It i s important tha t researcher s facilitat e th e replicatio n o f thei r finding s b y othe r 

researchers i n orde r t o accumulat e scientifi c evidenc e [173] . On e ste p toward s tha t 

is to mak e th e compute r cod e o r instruction s fo r th e analysi s availabl e publicl y [173] . 

In tha t sense , th e commente d cod e fo r th e propose d permutationa l algorith m an d 

the cod e associate d wit h th e permutationa l algorith m an d th e WC E metho d wil l b e 

publicly availabl e o n reques t an d ar e include d i n Appendi x A  an d B . Ideally , inte -

grated, dynami c document s tha t contai n text , code , data , an d an y auxiliar y conten t 

needed t o recreat e th e computation s woul d b e availabl e [174] , Accordingly , I  wil l 

also conside r writin g a  R  packag e fo r th e clas s o f permutationa l algorith m an d fo r 

the WC E model s [65] , 

The validit y o f th e estimate s fro m th e WC E mode l depend s o n thre e underlyin g 

assumptions tha t warran t som e discussion , especiall y i n orde r t o guid e it s us e i n fu -

ture applications . First , simila r t o standar d Co x proportiona l models , th e propose d 

WCE mode l relie s o n th e assumptio n o f proportionalit y o f hazard s (PH ) [30] . I n ou r 

context, th e P H assumptio n woul d b e violate d i f tw o identica l pattern s o f exposur e 

that occurre d a t differen t time s wer e leadin g t o differen t effect s o n th e risk . Fo r 

example, i n cohort s wit h lon g follow-up , earl y versu s lat e effect s o f th e sam e treat -

ment ma y hav e differen t effect s becaus e o f a  chang e i n ris k ove r time , fo r example , 

due t o th e underlyin g agin g proces s o r diseas e progression . I n th e contex t o f ou r 

application, thi s coul d occu r i f the prescribin g o f benzodiazepine s change d ove r time , 

for example , i f th e tendenc y t o prescrib e a  give n benzodiazepin e t o individual s wh o 

were suspecte d t o b e a t a  greate r ris k o f fall s woul d becom e weake r ove r time . 

165 



Several method s hav e bee n propose d t o chec k th e P H assumption , rangin g fro m 

a visua l inspectio n o f th e Schoenfel d residual s t o man y forma l test s [175] . Al l thes e 

methods ar e eithe r performe d o n th e complet e model , o r o n eac h o f th e variable s 

in th e model . Thi s become s problemati c i n th e cas e o f th e WC E model , becaus e 

the hazar d rati o fo r th e weighte d cumulativ e exposur e i s no t directl y estimated , bu t 

constructed fro m eac h o f th e coefficient s o f th e artificia l time-dependen t covariate s 

used t o represen t th e exposure . I n orde r t o us e th e availabl e method s t o chec k 

the proportionalit y o f hazard s assumptio n I  would eithe r nee d t o chec k eac h o f th e 

coefficients o f th e artificia l time-dependen t covariates , o r us e a  globa l tes t o f th e 

proportionality o f hazard s for the entir e model . I t remain s unclea r ho w the violation o f 

the proportiona l hazard s assumptio n b y on e o f th e artificia l time-dependen t variable s 

used i n the WC E mode l woul d affec t th e accurac y o f th e entir e WC E model . Neithe r 

testing eac h artificia l time-dependen t covariate s coefficient s no r th e globa l mode l 

is a  completel y satisfyin g approac h t o tes t th e proportionalit y o f hazard s an d thi s 

issue need s t o b e investigate d further . Thi s doe s no t affec t th e result s reporte d i n 

manuscript 2  sinc e th e simulation s conducte d i n manuscrip t 2  were designe d s o tha t 

the proportionalit y o f hazard s assumption s woul d hold . I f the assumptio n i s violated , 

in som e cases , a n alternativ e coul d b e to us e a n accelerate d failur e t im e mode l [176 ] 

or flexibl e extension s o f th e P H mode l tha t accoun t fo r time-dependen t effect s [49] . 

Second, th e WC E mode l assume s a linear effec t o f the weighte d cumulativ e dos e 

on the lo g hazar d fo r th e event . I n the cas e of a  non-linear dose-respons e relationship , 

the WC E mode l ma y provid e biase d estimate s o f th e effec t an d eve n fai l t o detec t 

existing associations . I t i s unlikel y tha t th e result s o f th e us e o f th e WC E mode l t o 

re-assess th e associatio n betwee n benzodiazepin e exposur e an d fall-relate d injurie s 

would b e significantl y affecte d b y a  violatio n o f th e linearit y assumption . Indeed , 

the empirica l rang e o f th e dail y dose s o f benzodiazepin e wa s restricte d t o a  very fe w 
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values, i n mos t case s correspondin g t o 0.5 , 1  or 2  times th e recommende d adul t dail y 

dose. However , th e linearit y assumptio n ma y no t b e plausibl e i n othe r application s o f 

the WC E model . A s Vace k suggeste d [12 ] th e weighte d cumulativ e metri c ma y ac -

commodate th e assumptio n o f nonlinearit y o f th e effec t o f th e exposur e b y replacin g 

the dos e X ( t ) b y a  smoot h dose-respons e functio n o f th e dos e g(X(t)).  Th e dose -

response functio n ca n b e estimate d wit h a  flexbile metho d suc h a s regressio n spline s 

but th e resultin g WC E mode l i s n o longe r linea r i n th e coefficient s t o estimate , s o 

the conventiona l estimatio n technique s use d in  thi s thesi s cannot  be  used  [12 , 140] . 

Still, i n future , i t ma y b e possibl e t o simultaneousl y estimat e th e weigh t functio n an d 

the dose-respons e effec t b y usin g mor e sophisticate d estimatio n technique s suc h a s 

alternative conditiona l estimation , a s describe d i n [177] , 

Finally, i n ou r analyses , I  assumed tha t ther e wer e n o time-dependen t covariate s 

that confounde d th e associatio n betwee n th e exposur e an d th e ris k o f a n event . 

If th e time-dependen t exposur e i s bot h affecte d b y an d affectin g a  time-dependen t 

covariate tha t i s also relate d t o th e event , the n th e time-dependen t covariat e i s bot h 

a confounde r an d a n intermediat e variabl e i n th e pathwa y betwee n th e exposur e 

and th e outcom e [178] , Standar d adjustmen t method s wil l giv e biase d result s fo r 

the estimate s o f th e exposur e o n th e hazar d becaus e the y wil l als o adjus t fo r th e 

effect o f th e exposur e o n th e confounde r [179] . I f a  time-dependent predicto r o f th e 

risk o f a n even t als o predict s subsequen t treatments , specialize d method s suc h a s 

structural equatio n modelling , estimate d wit h g-estimatio n ca n b e use d [180 , 181] . 

In dept h discussion s o f th e proble m o f time-dependen t confoundin g includ e Herna n 

et al.  [182] , Robin s an d Greenlan d [183 ] an d Robin s [184] , 

Depending o n th e specifi c application , i t remain s unclea r t o wha t exten t th e 

WCE mode l i s affecte d b y violation s o f th e assumption s describe d below . Sinc e 

the simulation s i n manuscript s 1  an d 2  wer e designe d t o mee t thes e assumptions , 
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addi t ional s imu la t ion s ma y b e neede d t o chec k whe the r th e W C E wil l (o r no t ) b e 

robust t o mi l d an d mor e sever e v io la t ion s o f assumpt ions . 

The us e o f th e WC E mode l wa s validate d usin g simulation s base d o n clini -

cally plausibl e assumption s tha t resemble d genera l feature s o f th e dat a analyze d i n 

manuscript 3 . However , additiona l simulation s ma y b e required t o evaluat e th e effec t 

of th e followin g parameters : (i ) ho w th e estimate s an d statistica l powe r woul d b e 

affected b y the us e of th e WC E metho d o n a  dataset wit h a  markedl y smalle r numbe r 

of event s (e.g . <  100) ; (ii ) ho w th e abilit y o f th e WC E metho d t o captur e th e shap e 

of th e weigh t functio n woul d b e affecte d weakenin g o f th e exposur e effec t (e.g . lo g 

hazard fo r th e WC E <  2) ; (iii ) ho w th e WC E metho d woul d perfor m i n a  case wher e 

the measur e o f exposur e ar e spars e i n time , fo r exampl e i f th e metho d wa s use d o n 

the biannua l assessment s o f th e cardiovascula r ris k factor s i n the Framingha m cohor t 

[178], 

Furthermore, th e interpretatio n o f th e result s o f manuscrip t 3  mus t accoun t fo r 

the limitation s relate d wit h th e us e o f administrativ e dataset s fo r pharmacoepidemi -

ological studies , suc h a s th e potentia l exposur e misclassificatio n du e t o usin g pre -

scriptions a s a  prox y fo r th e actua l medicatio n us e [163 , 169] . I n addition , althoug h 

our analyse s controlle d fo r age , sex , an d previou s falls , the y di d no t accoun t fo r othe r 

factors tha t coul d hav e partl y confounde d th e associatio n betwee n benzodiazepin e 

exposure an d falls-related injuries , suc h a s other medicatio n us e or co-morbidit y [123] . 

In conclusion , wit h th e underlyin g assumption s an d limitation s o f th e WC E 

method i n mind , I  see variou s potentia l application s wher e i t coul d b e use d instea d 

of mor e conventiona l model s t o possibl y gai n additiona l insight s regardin g th e effec t 

of th e intensity , duratio n an d timin g o f exposur e o n a n outcome . Pharmacoepidemi -

ological studie s o f bot h therapeuti c o r advers e event s o f drug s whos e pattern s o f 
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use chang e ove r t im e woul d likel y benefi t fro m usin g th e WC E methods . Alterna -

tively, th e WC E metho d coul d b e used i n environmenta l o r occupationa l epidemiolog y 

studies o f th e healt h effect s o f long-ter m exposur e t o pollutants . 

Furthermore, th e metho d ca n b e employed t o asses s the etiologica l relevanc e o f 

risk facto r value s measure d a t differen t time s o r ages . Fo r example , i n cardiovascula r 

epidemiology ther e i s a n ongoin g controvers y regardin g th e relativ e importanc e o f 

risk facto r value s on e ha d i n middl e lif e versu s i n olde r ag e [185 , 186] . Similarly , th e 

latency o r la g o f exposure s suc h a s smoking ma y var y considerabl y dependin g o n th e 

outcome [13] . Th e abilit y o f th e propose d metho d t o estimat e differentia l weight s 

assigned t o exposure s tha t occurre d a t differen t period s i n th e past , whil e avoidin g 

a priori  assumption s abou t th e shap e o f th e weigh t function , make s i t a  promissin g 

tool t o addres s suc h comple x issues . 

Additionally, i t wil l b e interesting t o develo p a n extension o f the WCE mode l tha t 

allows fo r non-linea r dose-respons e relationship s an d t o validat e thi s mor e comple x 

version o f th e propose d metho d wit h simulations . Th e extende d WC E metho d coul d 

then b e applie d t o investigat e th e effec t o f lifetim e pattern s o f cardiovascula r ris k 

factors, suc h a s bloo d pressure , o n cardiovascula r risk , fro m dat a source s lik e th e 

Framingham stud y wher e suc h variable s ar e measure d biannually . Indeed , severa l 

cardiovascular ris k factor s hav e bee n show n t o hav e non-linea r effect s o n th e ris k o f 

myocardial infarctio n [187 , 188 ] o r cardiovascula r mortalit y [189] , Thi s applicatio n 

would warran t additiona l simulation s o n th e effec t o f usin g th e WC E o n a  mor e 

sparse matri x o f exposure . 

In conclusion , I  hop e tha t th e implementatio n o f th e flexibl e modellin g o f th e 

weighted cumulativ e dos e i n the familiar Co x proportiona l hazard s mode l wil l motivat e 

a more widespread us e of the recency-weighte d cumulativ e dos e metric , provid e usefu l 
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insights regardin g th e mechanism s l inkin g th e histor y o f t ime-dependen t exposur e 

w i th th e ris k o f event s invest igate d i n cl inica l an d epidemiologica l studies . 
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Appendix A  -  R  cod e fo r th e permutationa l algorith m 

This Appendi x contain s th e cod e fo r th e permutationa l algorith m wit h an d with -

out rejectio n sampling . I t i s written fo r a  model that use s three fixed-in-time variables , 

age, sex , comorbidity , an d on e T D covariate , bin.exp . I t i s als o writte n assumin g 

that th e coefficien t o f th e se x variabl e i s negativ e bu t tha t ca n obviousl y b e easil y 

changed. 

# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# Code  for  the  permutational  algorithm  and  its  extension 

# Goal  is  to  generate  event  times conditional  on  t i m e - d e p e n d e n t covariates 
# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# Author:  Marie-Pierre  Sylvestre 

# Department  of  Epidemiology,  Biostatistics  and  Occupational  Health, 

# McGill  University,  Montreal,  Quebec,  Canada. 

# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# This  program  is  meant  to  be  used  for  non-  commercial  purposes  only. 

# Please  report  any  problems/  suggestions  to  Marie-Pierre  Sylvestre  at: 

# marie-pierre.  sylvestre@mail.mcgill.ca 

# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# Please  reference  the  manuscript  below  if  the  results  of  this  program  are 

# used  in  any  published  material. 

# 
# Sylvestre,  MP  and  Abrahamowicz,  M.  Comparison  of  algorithms  to  generate  e v e n t 
# t i m e s conditional  on  time-dependent  covariates.  Statistics  in 

# Medicine,  2008  (e-print). 

# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# This  file  contains  two  algorithms,  PA  and  PARS  for  the  two  m o d e l s i n the 
# paper. 

# 

l i b r a r y ( s u r v i v a l ) 

# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# # # 

### Functions 
### 

# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 

# need  to  evaluate  partial  hazard  from  a  given  risk  set  and  with  given 

^parameters AT  A  GIVEN  time  t 

# covlist  i s t h e l i s t of  covariates  a s index  in  mylist  (listed  by  individual 

#then time*var) 

# returns  a  vector  of  lengh(ID)  with  partial.hazard  at  that  time. 
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# model  1 

partial.hazard.t.matrix < - function(betas,covnatrix,t , idlist,ra) { 

PH < - vector(1ength=1ength(idlist) ) #  storage  vector 

for ( i i n 1:length(idlist)) { 

id=idlist [i] 

ind.data=covmatrix[((id-l)*m+l) : (id*m) ,] 

bin.at.t=ind.data[t,4] 

age=ind.data[t,l] 

sex = ind . data [t , 2] 

coraorb=ind.data[t,3] 

PH[i]=exp(betas [1]*age +  betas[2]*se x +  betas[3]*comor b + 

betas[4]*bin.at.t) 
} 

return(PH) 

> 

# generates  a  vector  according  to  a  given  marginal  dist'n  and  round  if  necessary 

# dis t i s the  distribu tion, par  are  the  parameters,  roun d i s the  numbe r of 

ffdecimal places  when  rounding 

# return s a  vector  of  simulated  values 

gen < - function(dist,n,pa r 1,par2,round){ 

vec = round(dist(n,parl,par2) ,round) 

return(vec)} 

# choose.min 

# choosing  the  minimum  of  two  items  in  two  columns  (to  put  in  an  apply) 

chose.min < - function(vec) { 

min = min(vec [1] , vec [2]) 

return(min)} 

# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# # # 

### PA  Algori  thm  without  Rejection  sampling 
### 

# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 

# IMPORTANT'.  In  the  perm  a  lgo with  RS,  the  mi n ma x hav e t o b e changed  according 

#to the  signs  of  the  true  betas!!!! 

# parameters  are  passed  through  parms.v 

# n  is  numbe r of  subjects,  m  is  the  length  of  follow-up 

# H  calibrate  the  random  censorin g function 

# mymatrix  is  a  (n*m)  x  5  matrix  of  predictors  of  the  form  cbind(age,  sex, 

Mcomorb ,  bin.exp,  time))  where  time  indexes  the  follow-up  time . 

perm.algo < - function(n , m , T.dist , parms. v ,  H, betas , myraatrix) { 

### Ste p 1:  Survival  times 

T.star < - g e n d . d i s t , n , parm s . v [1 , 6] , parms . v [2 , 6] , 0 ) 

### Step  2:  Censoring  time s 

C < - round(runif(n,1,H),0 ) #  I  have  assume  uniform  censoring  but  any  other 

^distribution can  be  used. 

### Step  3  Sortin g 

# observe d tim e is  the  minimum  between  event  tim e an d censorin g time 

obs.t = apply(cbind(T.star , C) , 1,chose.min) 

# d  is  a  non-censoring  indicator  that  takes  value of  1  when  C>T.star 

d=rep(1,n) 

d[C<T.star]=0 
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# id.tuple s keeps  track  of  tuples  as  they  were created  and  before  they  were 
sorted b y even t tim e 
id.tuples=seq(1,n) 
tuples=cbind(obs.t,d,id.tuples) 

tuples[,2][tuples[,1]>m &  tuples[,2]==1]= 0 #  if  event  after  m  then  censored 
tuples [, 1] [tuples[,1]>m]=m #  if  obs  after  m  then  admin  censoring 
T.star[T.star>m]=m 
obs.t[obs.t >m]=m 

sorted.tuples=tuples[order(tuples [ , 1]) ,] 
sorted.tuples=data.frame(sorted.tuples) 

### Step  4  Pairing 

# k  is  the  numbe r of  distinct  outcome  event s 

# numbe r of  similar  T.star 
# 'unique  '  returns a  vector,  dat a frame  or  array  like  'x'  but  wit h duplicate 
elements removed . 
distint.Tstar=sort(unique(T.star)) 
k=1ength(distint.Tstar) 

# remaining  id  will  be  a  list  of  id updates  so  that  people  are  not  chosen  twice 

# starting  at  earliest  observed time...  (will  put  that  in  a  loop) 
distinct.obs.t=sort(unique(obs.t)) 
# how  many  distinct  observed  times??? 
kk=length(distinct.obs.t) 

# these  are  two  elements  to  keep  track  of  who  is  matched  and  who is  moving  in 
#and ou t of  risksets  or  availability 
matched.id=c(0,0) 

idlist=seq(1,n) #  a t first,  everybody  is  in 

# w e will  pair  th e even t with  an  individual  at  time  '  current time' 
# we  will  have  to  repea t this  ste p kk  time s BUT  the  indexing  is  done  over  the 
if observed times 
for ( i i n l:kk) { 
# what  is  current  time 

current.time = distinct.obs.t [i] 
current.tuples < - subset(sorte d . tuples , sorted.tuples$obs.t==current.time ) 

# who  is  in  the  risk  set  ?  People stil l alive  and  not  censore d a t curren t time 
# stil l alive 

current . risk . set < - subse t ( sorted . tuples , s or t ed . tupl es $ obs . t > current . t ime) 
#### this  is  people  at  risk  +  current  event s 

number.tuples = dim(current .tuples) [1] 

# t o record  the  selected 
selected=vector(length=number.tuples) 

for ( h i n 1:number.tuples ) {  #  w e matched  every  individual  who  has  an  even t 
ffnow 

if (current.tuples$ d [h]==1) {  #  s o th e person  is  not  censored 
# select  individual  who  has  a  failure  at  curren t tim e from  corresponding 

#risk set  with  prob  proportional  to  HR  at  curren t time 

if (length(idlist)==1 ) {current.ind=idlis t [ 1]} #  i f reached  end  of  list 
if (length(idlist)!=1 ) { 

current.PH < - partial.hazard.t.Matrix(betas.mymatrix,current.time , 
idlist , m) *  MEED  NOT  SUM  TO  1 

current.ind < - sample(idlis t ,1,rep lace = FALSE, pro b = current.PH) 

> 
# someon e ha s bee n chosen  so  update  idlist 

idlist=idlist[idlist!=current.ind] 

selected[h]=current.ind 

} 
if (current.tuples$ d [h]= = 0) { 

if (length(idlist)==1 ) {current.ind=idlist[1] } #  i f reached  end  of  list 

if (length(idlist)!=1 ) { 
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it select  individual  who  i s censored  at  current  time  by  SRS  from 
it corresponding risk  set  (since  censorin g in d o f cov) 

it so  sampl e from  the  list 

it so  I select  out  of  cov  (list.id)  who  have  not  been  matched  to  tuples  yet 
Hand I  do  that  at  current.time 

current.ind=sample(idlist,1, replace=FALSE , prob=NULL) } #  current. ind is 
itthen the  id  from  mylist 

it someon e ha s been  chosen  so  updat e idlis t 
idlist=idlist[idlist!=current.ind] 
selected[h]=current.ind 

} 
> 

ititit so  here  we  have  tuples  matched  with  cov.  id so  we can  update  the  datase t 
matched.id=rbind(matched.id,cbind(current.tuples$id.tuples,selected)) 

} 

matched.id=data.frame(matched.id) 

matched.id=matched.id [-1 ,] #  remov e th e bogus  column 
names(matched.id)[1] < - 'tuples.id ' 
names(matched.id) [2] < - 'cov.id ' 

ordered.matched.id = matched.id[order(matched.id$tuples.id) ,] 

### Construc t the  dat a se t 

data=matrix(nrow=m*n, ncol=13 ) 

info=data.frame(cbind(tuples,cov.id=ordered.matched.id$cov.id)) 
ordered.info=info[order(info$cov.id) , ] 

data[,l]=RepSeqfun(n,m) 
data[,2]=RepVeqfun(ordered.info$d,m) 

data[,3]=RepVeqfun((l-ordered.info$d),m) 
data[,4]=mymatrix[,1] 
data[,5]=mymatrix[,2] 
data[ ,6]=mymatrix [ ,3] 

data[ ,7]=mymatrix [,5] 
data[,8] = RepVeqfun(ordered.info$obs.t,m) 
data[,8][data[,7]>data[,8]]=NA 

# Change  it  to  1 
data [ ,8] [data [ ,8] ! = dat a [ , 7] ] =0 
data [ ,8] [data [ ,8] >1] = 1 
data [ , 9] = data [ , 8] 
data[ ,9] [data[,3]= = 1]=0 

data[,10] = RepVeqfun(ordered.info$obs.t,m) 

data[,ll]=mymatrix [ ,4] 
data[,12] = data [ ,7]-1 
data [ , 13] = data [ , 7] 
data=data.frame(data) 

data=subset(data,is.na(data[,8])==FALSE) 
or even t tim e 

it ID 

it event  redundant 
it censored 
it age 
it sex 
it comorbid 

# time 
it obs  . time 

it data  [, 6] [data [, 6] >0]=1 

it event  . time 

it bin 
it 

it delete  what  happens  after  censoring 

names(data) < - c('id' , 'event' , 'censored' , 'age' , 'sex' , 'comorb' , 
'time', 'obs.time' , 'event.time' , 'fu.time' , 'bin.exp' , 'start ' 'stop' ) 

dd < - subset(data , data$time==1 ) 
ne < - sum(dd$event ) 
nc < - sum(dd$censored ) 

# returns  a  list  with  the  dat a set , th e number  of  events  and  the  numbe r o f 

subjects censored . 

return(1ist(data =  data , ne=ne , nc=nc)) } 
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# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 

# # # 
### Algorithm  with  Rejection  sampling 
# # # 

# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 

# Replace  Step  4  in  the  previous  function  by  the  following: 

### Step  4  Pairing  with  rejection  sampling 

elements removed . 

distint.Tstar=sort(unique(T.star)) 

k=length(distint.Tstar) 

distinct.obs,t=sort(unique(obs.t)) 

kk=length(distinct.obs.t) 

matched.id = c(0 ,0) 

i d l i s t = s e q C 1 , n ) #  at  f i r s t , e v e r y b o d y i s i n 

# we  will  pair  the  event  with  an  individual  at  time  ' c u r r e n t time' 
# we  will  have  to  repeat  t h i s step  kk  times  BUT  the  indexing  is  done  over  the 

# observed  t i m e s ! ! ! 

count < - 0 

# theoritical  max  i s for  someone  who  would  have  been  exposed  all  the time  but 

Mthis is  H V to o high! 

#max.h <-

exp (betas [1] »max (myiatrix [ ,l])+betas [2]+betas [3] * m ax (mymatrix [ ,3] )+betas [4] + 
betas [5] * seq(1 ,m)) 

fixed < - subset(myiatrix , mymatrix[,5]==1 ) 

maxl < - max(fixe d [ , 1]) 

max2 < - min(fixed[,2])######### # because  beta2  is  negative ! 

max3 < - max(fixed[,3] ) 

which.maxl < - which.max(fixe d [, 1]) 

which.max2 < - which.min(fixed[,2])######### # because  beta2  is  negative! 

which.max3 < - which.max(fixe d [ , 3]) 

if (betas[4]>0 ) current.max. h < -

exp(betas[1]*maxl + betas [2] *max2 + betas[3]*max3+betas [4]*(1)) els e curren t .max.h 

<- ex p (betas [1] *maxl+betas [2] *max2 + betas [3] *max3+betas [4] * (0) ) 

for ( i i n l:kk) { 

# what  is  curren t tim e 

current.time=distinct.obs.t[i] 

current . tuples < - subse t ( sorted . tuples , so r ted . tupl e s $ obs . t == current . t iitie) 

# who  is  in  the  risk  set  ?  People still  alive and  not  censored  at  current  time 

# still  alive 

current.risk.set < - subset(sorted.tuples , sorted.tuples$obs.t>current.time ) 

#### this  is  people  at  ris i +  curren t events 

number,tuples=dim(current.tuples)[1] 

# to  recor d the  selected 

selected=vector(length=number.tuples) 

for ( h i n 1:number.tuples ) {  #  w e matched  every  individual  who  has  an  even t 

#now 

if (current.tuples$d[h]==1 ) {  #  s o the  person  is  not  censored 

# select  individual  who  has  a  failure  at  current  time  from  corresponding 

risk se t wit h pro b proportiona l t o H R a t curren t tim e 

if (length(idlist) = = 1) {current.ind=idlis t [ 1]} #  if  reached  end  of  list 

flag < - 0 

if (length(idlist)!=1 ) { 

while(flagcl){ 

U < - runif(1 ) 

192 



X < - s  ampl e ( idl i s t , 1) 
if ( U < = ex p (betas[1] *(mymatrix[(m*(X-1)+current . time) , 1] ) + 

bet as[2]*(mymatrix[(m*(X-1) + current.time) ,2]) + 
betas[3] *(mymatrix[(m*(X-1) + current . time) ,3]) + 

bet as[4]*(mymatrix[(m*(X-1) + current.time) , 4])) /  current.max.h ) 

{ 
current . ind < - X 

flag < - 1  > 

if ( U >  exp(betas[1]*(mymatrix[(m*(X-l)+current.time),1] ) + 
betas[2]*(mymatrix[(m*(X-l)+current.time) ,2]) + 
betas[3]*(mymatrix[(m*(X-1) + current.time) ,3]) + 
bet as [4]*(mymatrix[(m*(X-1) + current.time) ,4])) / 

current.max . h) { 

count < - count+1 } 

> 
> 

# someon e ha s been  chose n s o updat e idlist 
idlist=idlist[idlist!=current.ind] 
selected[h]=current.ind 
# IF  necessary,  modify  max 
if (current.in d = = which.maxl ) { 

# choisir  dans  ce  qui  reste 
maxl < - max(fixe d [idlist , 1 ]) 

which.maxl < - whic h . max(fixed [ idlist , 1]) 
if (betas[4]>0 ) current.max. h < -

exp(betas[1]*maxl + betas[2]*max2+betas[3]*max3 + betas [4]*(1)) els e current.max. h 
<- ex p (betas [1] *maxl + betas [2] *max2+betas [3] *max3 + betas [4] * (0) ) } 

if (current.in d = = which.max2 ) { 

# choisir  dans  ce  qu i rest e 
max2 < - min(fixe d [idlist ,2]) ############## # becaus e beta 2 i s 

#negative!!! 
which.max2 < - which.min(fixed[idlist,2] ) 
if (betas[4]>0 ) current.max. h < -

exp(betas [1]*maxl+betas[2]*max2+betas[3]*max3+betas [4]*(1) ) els e current.max. h 
<- exp(betas[1]*maxl+beta s [2]*max2 + betas[3]*max3 + betas[4]*(0))} 

if (current.in d = = maxl ) { 

# choisir  dan s c e qui  rest e 
max3 < - max(fixe d [ idlist , 3]) 

which.max3 < - which.max(fixed[idlist,3] ) 
if (betas[4]>0 ) current.max. h < -

exp(betas[1]*maxl + betas[2]*max2+betas [3]*max3 + betas [4]*(1)) els e current.max. h 

<- ex p (betas [1] *maxl+betas [2] *max2+betas [3] *max3 + betas [4] * (0) ) 

} 

> #END  OF  IF  NOT  CENSORED 

if (current.tuples$d[h]==0 ) { 
if (1ength(idlist)==1 ) {current.ind=idlis t [ 1]} #  if  reached  end  of  list 
if (length(idlist)!=1 ) { 

# select  individual  who  is  censored  at  current  time  by  SRS  from 
ffcorresponding risk  set  (since  censoring  ind  of  cov) 

# so  sample  from  the  list 

# so  I  select  out  of  cov  (list.id)  who  have  not  been  matched  to  tuples  yet 
#and I  do  that  at  current.time 

current.ind=sample(idlist,1, replace=FALSE , prob=NULL) } #  current.ind  is 
Uthen the  id  from  mylist 

# someone  has  been  chosen  so  updat e id  list 
idlist=idlist[idlist!=current.ind] 
selected[h]=current.ind 

# IF  necessary,  modify  max 
if (current.in d = = which.maxl ) { 

# choisir  dans  ce  qu i reste 
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maxl < - max(fixed[idlis t , 1 ]) 
which.maxl < - which.max(fixed[idlis t ,1] ) 
if (betas[4]>0 ) current,»ax.h < -

exp(betas[1] *maxl + betas[2]*max2+betas [3]*max3+betas [4]* (1)) els e current.max. h 
<- exp(beta s [1]*maxl + betas [2]*max2+betas[3]*max3+betas[4]*(0)) } 

if (current.in d = = which.max2 ) { 

# choisir  dans  ce  q u i reste 
max2 < - min(fixed[idlist,2] ) ############## # becaus e beta 2 i s 

tnegative !M 
which.max2 < - which.min(fixed[idlist,2] ) ############## # becaus e beta 2 

#is negative!  !  ! 

if (beta s [4]>0) current.max. h < -
exp(betas[1]*maxl+betas [2]*max2+betas[3]*max3+betas[4]*(1)) els e current.max. h 
<- ex p (betas [1] *maxl + betas [2] *max2 + betas [3] *max3 + betas [4] * (0) ) > 

if (current.in d = = maxl ) { 

# choisir  dans  ce  qui  reste 
max3 < - max(fixed[idlist,3] ) 
which.max3 < - which.max(fixed[idlist,3] ) 
if (beta s [4]>0) current.max. h < -

exp(betas[1]*maxl + betas[2]*max2 + betas [3]*max3 + betas [4]*(1)) els e current.max. h 

<- exp(betas[l]*maxl+betas[2]*max2+betas[3]*max3+betas[4]*(0)) } 

> 

} 
### so  here  we  have  tuples  matched  with  cov.id  so  we  ca n updat e the  dataset 

matched.id=rbind(matched.id,cbind(current.tuples$id.tuples,selected)) 

> 

matched.id=data.frame(matched.id) 
matched.id=matched.id[-1,] #  remove  the  bogus  column 
names(matched.id)[1] < - 'tuples.id ' 
names(matched.id)[2] < - 'cov.id ' 
ordered.matched.id = matched.id[order(matched.id$tuples.id) ,] 
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Appendix B  -  R  cod e fo r th e W C E mode l 

This Appendi x contain s th e cod e fo r th e WC E mode l fo r th e manuscrip t 3 . It s 

input i s a  dataset i n th e countin g proces s forma t tha t contain s th e variables : id , sex , 

age, injur y a t baselin e (labelle d a s comorb) , dose , fu.time , event.time , start , stop . 

If individua l /  ha d a n event , the n fo r thi s individual , event . t ime= l o n th e da y o f th e 

event an d event.tim e =  0  otherwise . 
################################################################################ 

# 
# Code  for  the WCE  models 

# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# Author : Marie-Pierre  Sylvestre 

# Department  of  Epidemiology,  Biostatistics and  Occupational  Health, 

# McGill  University,  Montreal,  Quebec,  Canada. 

# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# This  program  is  meant  to  be  used  for  non-commercial  purposes  only. 

# Please  report  any  problems/  suggestions  to  Marie-Pierre  Sylvestre  at: 

# marie-pi  erre.  sylvestre@mail.meg  ill.ca 

# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# 

# Please  reference  the  manuscript  below  if  the  results  of  this  program  are 

# used  in  any  published  material. 

# 
# Sylvestre,  MP  and  Abrahamowicz,  Flexible  modelling  of  the  cumulative  effects 

# of  time  - dependent exposures  on  the  hazard  (unpublished) 

# 
# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 

library(splines) 

library(survey) 

# functions  required: 

# equidistant  interior  knots 

period. 

knots.equi < - function(n.knots , m) { 

if (n.knots==1) { f  < - round(quanti1e(seq(1,m ) ,seq (0 ,1, 

by = l/(n . knots + 1) )) ,0) [2]} 

if (n.knot s > 1) { 

f < - round(quantile(seq(1,m ) ,seq(0,1, b y = 1/(n.knots +1))) , 0) [-1]> 

return(f [1 : (length(f)-1)])> 

# adding  the  outte r knots 

augm.knots < - function(inner , f.up) { 

return(c(-3,-2,-1,0, inner , f.up,(f.up+1) , (f.up+2) , (f.up+3))) } 

# Functions  for  spline  modelling 
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# star t b y calculating  Dj(t)  for  1  j  for  1  individual  and  for  1  t 

DForlForlt < - function(ve c , ColBmatrix,t) { 

elt < - sum(ColBmatri x [ 1:t]*rev(vec [ 1 :t]) ) # t his parts 

return(elt) } 

# repeat  for  all  t 

# need  to  apply  this  to  all  t  of  a  vec 

DForl < - functio n (vec , ColBmatrix) { 

u < - length(vec ) 

whatever < - unlist( 1 apply(1:u, function(i ) DFor 1 For11(vec, ColBmatrix , i)) ) 

return(whatever)} 

# repeat  for  all  D's 

A11D < - function(ve c , Bmatrix) { 

return(matrix(unlist(lapply(l:dim(Bmatrix)[2], function(i ) DForl(vec , 

Bmatrix[,i]))) , ncol = dim(Bmatrix) [2] , byrow=FALSE)) } 

# repeat  for  all  individuals 

BuildD < - function(n , Bmatrix , data) { 

beg < - index.beg(data ) 

end < - index.end(data ) 

return(do.call("rbind", lapply(l:n , function(i ) A1ID(da t a$ do se[beg[i] :end[i]] , 

Bmatrix))))} 

# have  the  list  of  lengths 

uGet < - function(data) { 

return(subset(data, data$start==0)$fu.time) } 

# hav e the  list  of  indexe s 

index.beg < - function(data) { 

u < - c(0 , uGet(data)[1:(length(uGet(data))-1)] ) 

beg < - cumsum(u)+ l 

return(beg)} 

index.end < - function(data) { 

end < - index.beg(data) + uGet(data)- l 

return(end)} 

# BIC 

my.bic < - function(mod , n.events) { 

bic < - -2*(mod$logli k [2]) +  length(coef(mod) ) *  log(n.events ) 

return(bic)} 

# LRT 

LRT . exp < - function(mode l ,nul1 ) { 

LRT < - -2 * nul 1 $ 1 ogl ik [2] +  2  * mode 1 $ 1 ogl ik [2] 

df < - 1ength(mod e 1 $coefficients)-1ength(nul1 $coefficients) 

cat("\n","LRT: " , LRT , "  wit h " , df , "  p-va l " , (1-pchisq(LRT , df)),"\n" ) 

} 

# # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # # 
# input  data 

# benz o name 

b.name < - "Alpra " 

cutoff < - 6 0 

dir.create(paste("/home/mariepierre/PhD/Thesis/Splines/Benzo", b.name , 

"Results", sep="/") , showWarning s =  TRUE , recursiv e =  FALSE ) 

dir.create(paste("/home/mariepierre/PhD/Thesis/Splines/Benzo", b.name , 

"Results", paste("Cutoff" , cutoff , sep="") , sep="/") , showWarning s =  TRUE , 

recursive =  FALSE ) 

# di r 
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input.dir < - paste("/home/mariepierre/PhD/Thesis/Splines/Benzo" , b.name , 
sep="/") 
output.dir < - paste("/home/mariepierre/PhD/Thesis/Splines/Benzo" , b.name , 
"Results", pasteC"Cutoff" , cutoff , se p = ""), se p = "/") 

# input  dat a se t i n the  counting  process  format 
loadCpaste(input.dir, "data.RData" , sep="/") ) 
n < - 1engthCunique(data$id) ) 
n.event < - sum(subset(data , data$event.time==1)$event ) 
m < - max(data$fu.time ) 
################################################################################ 

# calculate  the  b-spline  basis 

kevl < - augm.knots(knots.equi(1 , cutoff) , cutoff ) 
Bbasis < - splineDesign(knot s =  kevl , x  =  licutoff , ord=4 ) 
Bmatrixl < - rbindCBbasis , matrix(0 , ncol=dim(Bbasis)[2] , nrou=m-dim(Bbasis)[l]) ) 

kev2 < - augm.knots(knots.equi(2 , cutoff) , cutoff ) 
Bbasis < - splineDesign(knot s =  kev2 , x  =  1:cutoff , ord=4 ) 
Bmatrix2 < - rbindCBbasis , matrixCO , nco l = dim C Bbas is ) [2] , nrow=m-dim(Bbasis)[1]) ) 

kev3 < - aug m . knot s (knot s . equi (3 , cutoff), cutoff ) 
Bbasis < - sp l ineDes ign C knot s =  kev3 , x  =  1:cutoff , ord=4 ) 
Bmatrix3 < - rbindCBbasis , matrixCO , nco 1 = dim(Bbasis) [2] , nrow=m-dimCBbasis)[1]) ) 

#split data  in  manageable  chunks 

l a s t . i d < - d a t a $ i d [ d i m C  d at a ) [ 1 ] ] 
m a x . s i z e < - r o u n d ( l a s t . i d / 1 2 ) 
i t e r < - 1 2 

i.beg < - repCO.iter ) 
i.end < - repCO.iter ) 

block < - re p CO , dim(data) [1] ) 

f o r C i i n l : i t e r ) { 
i.beg[i] < - Ci~1)*max.siz e +  1 
i.end[i] < - i.beg[i ] +  max.siz e 
if Ci.end[i ] >  last.id ) i.end[i ] < - las t . id 
first < - whichCdata$id==i.be g [i]) [1] 
lala < - which(data$id==i.en d [i]) 
l a s t < - l a l a [ l e n g t h C l a l a ) ] 
block[first:last] < - i } 

block[block==0] < - ite r 
data$block < - bloc k 

split.data < - splitCdata , data$block ) 
rm C dat a) 
save(split.data, fil e =  pasteCinput.dir , "splitdata.RData" , sep="/") ) 
rm C split.data) 

# evaluat e the  D  variables  on  each  chunk  and  save 
partDl < - functionCi , output.dir , Bmatrix) { 

loadCpasteCinput.dir, "splitdata.RData" , sep="/") ) 
data < - split.data[[i] ] 
rm C spl i t . dat a) 

n < - 1engthCuniqueCdata$id) ) 

g c ( ) 
assignCpasteC"D1", i,sep="") , data.frameCBuildD(n , Bmatrix , data)) ) 

197 



save(1ist=paste("DI", i,sep="") , file=paste(output.dir , "/","D1" , i,".RDat a 
sep="")) 

rm(list=paste("Dl", i,sep="") ) 

g c O 
} 

partD2 < - function(i , output.dir , Bmatrix) { 
load(paste(input.dir, "splitdata.RData" , sep="/") ) 
data < - split.dat a [ [i]] 
rm(split.data) 
n < - 1ength(unique(data$id) ) 

ge t ) 
assign(paste("D2", i,se p = ""), data.frame(BuildD( n , Bmatrix , data)) ) 
save(1ist = paste("D2", i,se p = ""), fil e = paste(output . dir, " /" ,"D2" , i,".RDat a 

sep="")) 
rm(list = paste("D2", i  , sep = "")) 
g c ( ) 
} 

partD3 < - functionCi , output.dir , Braatrix) { 

load(paste(input.dir, "splitdata.RData" , sep="/") ) 
data < - split.dat a [ [i]] 
ri(split.data) 
n < - 1ength(unique(data$id) ) 
g c O 
assign(paste("D3", i,sep="") , data.frame(Bu i 1dD(n, Bmatrix , data)) ) 
save(1ist=paste("D3", i,sep="") , file=paste(output.dir , "/","D3" , i,".RDat a 

sep="")) 

rm(list=paste("D3", i,sep="") ) 

g e t ) 
> 

for ( i i n l:iter) { 
g c O 
partDl(i, output.dir , Bmatrixl ) 
partD2(i, output.dir , Bmatrix2 ) 
partD3(i, output.dir , Bmatrix3 ) 
#partD4(i, output.dir , Bmatrix4) 

get) 
} 

# put  it  all  together  now 
load(paste(output.dir, "/","D1" , 1,".RData" , sep="") ) 
DI < - DI 1 
for ( i i n 2:i t er){ 

load(paste(output.dir, "/","D1" , i,".RData" , sep="") ) 
DI < - rbind(Dl,get(pasteC'Dl" , i , sep="")) ) 
rm(1ist=paste("DI", i , sep="") ) 

g c O 
} 

save(DI, file=paste(output.dir , "/","D1.RData" , sep="") ) 
rm(Dl) 

load(paste(output.dir, "/","D2" , 1,".RData" , sep="") ) 
D2 < - D2 1 

for ( i i n 2:iter ) { 
load(paste(output.dir , "/","D2", i,".RData" , se p = "")) 
D2 < - rbind(D2,get(paste("D2" , i , sep="")) ) 
rm(1ist=paste("D2", i , sep="") ) 

g c O 
> 

save(D2, fi1e=paste(output.dir , "/","D2.RData" , sep="") ) 
rm(D2) 

load(paste(output.dir, "/","D3" , 1,".RData" , sep="") ) 
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D3 < - D3 1 
for ( i i n 2:iter) { 
1 oad ( pas t e ( output . dir , "/" , "D3" , i , 11 . RData" , sep = "")) 
D3 < - rbind(D3,get(paste("D3" , i , sep="")) ) 
rm(1ist=paste("D3", i , sep="") ) 

gc() 
> 

save(D3, file=paste(output.dir , "/","D3.RData" , sep="") ) 
rm(D3) 

1oad(paste(input . dir , "data.RData " , sep = "/")) 

it deal  wit h hospitalization  (Benzo-rel ate issue  -  not require d fo r other  WCE 
# applications 
it When  people  are  hospitalized,  and  15  dats  after  their  hospitalizations  ,  they 
it are  not  considered  at  risk,  so  they 
it should  *not*  be  in  any  risk  set.  Now  that  the  variables  hav e all  been 
it computed,  I  will  simply  remove  the  lines. 

AddNA < - function(vec) { 
if (length(vec)>14) { 

for ( i i n (length(vec)-14): 1 ) { 
if (is.na(vec[i])= = T R U E H ve c [i:(i + 14)] < - NA } 

>> 
return(vec)> 

data$hosp < - uniist(sapply(split(data$old.dose,data$id),AddNA) ) 
save(data, file = paste(input.dir , "dataNA.RData" , sep="/") ) 

# Now  back  to  WCE 
it Remove  lines  that  do  not  enter  any  risJ f se t 

load(paste(input.dir, "dataNA.RData" , sep="/") ) 
# event  times 
e.time < - sort(unique(data$fu.time[data$event.time==1]) ) 

it remove  from  da  taset 
flag < - rep( 0 , dim(data) [1] ) 
f lag [data$stop '/.in'/ , e.time] = l 
NEWDATA < - da t a[f1ag==1,] 

save(NEWDATA, fil e =  paste(output.dir , "NEWDATA.RData" , sep="/") ) 
rm(NEWDATA) 
rm(dat a) 
gc() 

# remov e from  D 
load(paste(output.dir, "Dl.RData" , sep="/") ) 
names(Dl) < - pasteC'Dl" , 1:dim(D1 ) [2] , sep="" ) 
sumD < - apply(Dl,2,su m , na.rm=TRUE ) 
Dl < - Dl[ , which(sumD>0 ) [1] : which(sumD>0) [1ength(sumD[sumD>0])]] 
NEWD < - Dl[flag==l, ] 

# merge  data  and  D 
load(paste(output.dir, "NEWDATA.RData" , sep="/") ) 
newdat a 1 < - cbind(NEWDAT A , NEWD ) 
rm(NEWDATA) 
rm(NEWD) 

g c ( ) 
newdatal < - subset(newdat a 1,is.na(newdata 1$hosp)==FALSE) 
save(newdata 1 , file =  paste(output.dir , "newdat a 1 .RData", sep="/") ) 
rm(newdatal) 
rm(Dl) 
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g c O 

load(paste(output.dir, "D2.RData" , sep="/") ) 
names(D2) < - paste("D2" , 1:dim(D2)[2] , sep=" M) 
sumD < - apply(D2,2,su m , na.rm=TRUE ) 

D2 < - D2[ , which(sumD>0 ) [1] : which(sumD>0)[1ength(sumD[sumD>0])] ] 

NEWD < - D2[flag==l, ] 

load(paste(output.dir, "NEWDATA.RData" , sep="/") ) 
newdata2 < - cbind(NEWDATA , NEWD ) 
rm(NEWDATA) 
rm(NEWD) 

get) 
newdata2 < - subset(newdata2,is.na(newdata2$hosp)==FALSE ) 
save(newdata2 , file =  paste(output.dir , "newdata2.RData" , sep="/") ) 
rm(newdata2) 
rm(D2) 

get) 

load(paste(output.dir, "D3.RData" , sep="/") ) 
names(D3) < - paste("D3 " , 1:dim(D3) [2] , sep = "") 
sumD < - apply(D3,2,sum , na.rm=TRUE ) 

D3 < - D3[ , which(sumD>0 ) [1] : which(sumD>0) [1ength(sumD[sumD>0])]] 
NEWD < - D3[f1ag==1, ] 

load(paste(output.dir, "NEWDATA.RData" , sep="/") ) 

newdata3 < - cbind(NEWDATA , NEWD ) 
rm(NEWDATA) 
rm(NEWD) 

g c O 
newdata3 < - subset(newdata3,is.na(newdata3$hosp)==FALSE ) 
save(newdata3, fil e =  paste(output.dir , "newdata3.RData" , sep="/") ) 
rm(newdata3) 
rm(D3) 

get) 

# Estimation 

1oad(paste(output.dir, "newdat a 1.RData", se p = "/")) 
load(paste(output.dir, "newdata2.RData" , sep="/") ) 
load(paste(output.dir, "newdata3.RData" , sep="/") ) 

DVAR1 < - cC'Dll","D12" , "D13" ) 
DVAR2 < - c("D21","D22","D23" , "D24" ) 
DVAR3 < - c("D31","D32","D33","D34" , "D35" ) 

newdata < - cbind(newdatal , newdata2[,DVAR2] , newdata3[,DVAR3] ) 

rm(newdatal) 
rm(newdat a2) 
rm(newdata3) 

g c O 

# Formulas 
formulal<- as.formula(paste ( 
+ cluster(id ) + " , paste(DVAR l 
formula2<- as.formula(paste ( 
+ cluster(id ) + " , paste(DVAR 2 
formula3<- as.formula(paste l 
+ cluster(id ) + " , paste(DVAR 3 
formula5<- as.foriula("Surv(star t 
cluster(id)+ bin" ) 

formula6<- as.foriula("Surv(star t 

Surv(start , 
collapse= 

Surv(start , 

collapse= 
Surv(start , 
collapse= 

stop , 

stop , 
'+"))) 
stop , 
'+"))) 
stop , 
'+"))) 
event 

event.t ime) 

event.time) 

event.time) "  se x + 

time) "  se x 

age 

age 

age 

c omorb 

comorb 

comorb 

stop, event.time ) 

age 

age 

comorb 

comorb 
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cluster(id)+ dose" ) 

formula7<- as.formula("Surv(start , stop , event.time ) ~  se x +  ag e +  comor b 

cluster(id)+ cum" ) 

formula9<- as.formula("Surv(start , stop , event.time ) ~  se x +  ag e +  comor b 

cluster(id)+ cum.dose" ) 

# Cox  models 

coxl < - c  oxph ( f ormul a 1 , 

robust=TRUE, model=FALS E 

cox2 < - coxp h ( f ormul a2 , 

robust=TRUE, model=FALS E 

cox3 < - coxph(formula3 , 

robust=TRUE, model=FALS E 

cox5 < - coxph(formula 5 , 

robust=TRUE, model=FALS E 

cox6 < - coxph(formula 6 , 

robust=TRUE, model=FALS E 

cox7 < - coxph(formula 7 , 

robust=TRUE, model=FALS E 

cox9 < - coxph(formula 9 , 

robust=TRUE, model=FALS E 

data=newdata, method="efron " 

, x  = FALSE, y=TRU E , iter.ma x 

data=newdata, method="efron " 

, x=FALSE , y=TRUE , iter.ma x 

data=newdata, method="efron " 

, x=FALSE , y=TRUE , iter.ma x 

data=newdata, method="efron " 

, X =FALSE, y=TRUE , iter.ma x 

data=neudata, method="efron " 

, x=FALSE , y=TRUE , iter.ma x 

data=newdata, method="efron " 

, x=FALSE , y=TRUE , iter.ma x 

data=ne«data, method="efron " 

, x  = FALSE, y  = TRUE , iter.ma x 

s ingular.ok = TRUE, 

20, ep s = 1 e -04) 

singular.ok=TRUE, 

20, eps=le-04 ) 

singular.ok=TRUE, 

20, eps=le-04 ) 

singular.ok=TRUE, 

20, eps=le-04 ) 

singular.ok=TRUE, 

20, eps=le-04 ) 

singular.ok=TRUE, 

20, ep s =1e-04) 

singular.ok=TRUE, 

20, eps=le-04 ) 

null.mod < - coxph(Surv(start , stop , event.time ) ~  se x +  ag e +  comor b + 

cluster(id), data=newdata , method="efron" , singular.ok=TRUE , robust=TRUE , 

model = FALSE, x=FALSE , y=TRUE , iter.ma x =20 , eps=le-04 ) 
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C -  Lette r o f acceptanc e fo r th e manuscrip t 1  fro m Statistic s i n 
Medicine 

D a t e : 3 0 - A u g - 2 0 0 7 

M a n u s c r i p t N u m b e r : S I M - 0 7 - 0 1 1 0 . R 1 

T i t l e : " C o m p a r i s o n o f a l g o r i t h m s t o g e n e r a t e e v e n t t i m e s 

c o n d i t i o n a l o n t i m e - d e p e n d e n t c o v a r i a t e s " 

D e a r M s . S y l v e s t r e : 

I a m p l e a s e d t o i n f o r m y o u t h a t y o u r P a p e r h a s b e e n a c c e p t e d f o r 

p u b l i c a t i o n i n S t a t i s t i c s i n M e d i c i n e . 

T h e p u b l i s h e r i s a b l e t o a c c e s s t h e f i n a l v e r s i o n o f y o u r P a p e r 

o n l i n e . 

T o e n a b l e t h e p u b l i s h e r t o d i s s e m i n a t e t h e a u t h o r ' s w o r k t o t h e 

f u l l e s t e x t e n t , t h e a u t h o r m u s t s i g n a  C o p y r i g h t T r a n s f e r 

A g r e e m e n t , t r a n s f e r r i n g t h e c o p y r i g h t o f t h e a r t i c l e f r o m t h e 

a u t h o r t o t h e p u b l i s h e r . P l e a s e n o t e t h a t t h i s d o e s n o t t a k e 

a w a y y o u r r i g h t s t o r e u s e y o u r o w n a r t i c l e a f t e r p u b l i c a t i o n , 

a n d t h a t i f t h e c o p y r i g h t b e l o n g s t o y o u r e m p l o y i n g i n s t i t u t i o n , 

t h e y s h o u l d s i g n t h e f o r m i n s t e a d o f y o u . 

I f y o u h a v e a l r e a d y p r o v i d e d u s w i t h t h e s i g n e d f o r m , y o u d o n o t 

n e e d t o d o a n y t h i n g a t t h i s s t a g e . Y o u w i l l b e c o n t a c t e d b y o u r 

t y p e s e t t e r s / c o p y e d i t o r s s h o r t l y . 

I f y o u n e e d t o s u b m i t t h e c o p y r i g h t f o r m a  c o p y i s a t t a c h e d f o r 

y o u r c o n v e n i e n c e . P l e a s e w r i t e t h e m a n u s c r i p t r e f e r e n c e n u m b e r 

a t t h e t o p o f t h e f o r m , s c a n t h e s i g n e d f o r m , a n d s e n d i t a s a n 

e - m a i l a t t a c h m e n t t o s t o m p s o n @ b u . e d u . O r , i f y o u p r e f e r , y o u 

m a y f a x t h e f o r m t o W i l e y ' s P r o d u c t i o n D e p a r t m e n t a t +  4 4 ( 0 ) 

1 2 4 3 7 7 0 4 5 0 . 

S h o u l d y o u h a v e a n y q u e s t i o n s a b o u t t h i s p r o c e s s p l e a s e c o n t a c t 

t h e J o u r n a l A d m i n i s t r a t o r , S u z a n n e T h o m p s o n ( s t o m p s o n @ b u . e d u ) . 

T h a n k y o u f o r y o u r s u p p o r t o f S t a t i s t i c s i n M e d i c i n e . W e l o o k 

f o r w a r d t o s e e i n g m o r e o f y o u r w o r k i n t h e f u t u r e . 

S i n c e r e l y , 

D r . R a l p h D ' A g o s t i n o 

E d i t o r 

S t a t i s t i c s i n M e d i c i n e 
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Appendix E  -  Waive r fro m Wile y an d Son s fo r manuscrip t 1 

I hav e bee n authorize d b y Wiley an d Sons , th e publishe r o f Statistic s i n Medicin e 

where manuscrip t 1  was published , t o includ e th e manuscrip t i n the thesis . However , 

Wiley an d Son s di d no t gran t permissio n t o reproduc e th e manuscrip t i n th e cop y o f 

the thesi s tha t i s goin g t o th e Librar y o f Canada . 

As approve d b y Associat e Dea n Dr . Heathe r Durham , th e cop y o f th e manuscrip t 1 

will b e remove d fro m th e cop y o f th e thesi s tha t wil l b e availabl e a t th e Librar y o f 

Canada. Instead , a  ful l referenc e t o th e journa l i s provided . 

The document s fro m Wile y an d Son s an d th e confirmatio n lette r fro m Associat e 

Dean Dr . Heathe r Durha m ar e copie d here . 
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