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A B S T R A C T  

Introduction : Com pet ing risks arise when sub jects are ex posed to mul ti ple mu tu ally ex clu sive fail ure events, 
and the oc cur rence of one fail ure hin ders the oc cur rence of other fail ure events. In the pres ence of com pet ing 
risks, it is im por tant to use meth ods ac count ing for com pet ing events be cause fail ure to ac count for these 
events might re sult in mis lead ing in fer ences. 
Methods and Objective : Us ing data from a mul ti site ret ro spec tive ob ser va tional lon gi tu di nal study done in 
Ethiopia, we per formed sen si tiv ity analy ses us ing Fine - Gray model, Cause - specific Cox (Cox - CSH) model, 
Cause - specific Ac cel er ated Fail ure Time (CS - AFT) model, ac count ing for death as a com pet ing risk to de ter - 
mine base line co vari ates that are as so ci ated with a com pos ite of un favourable re ten tion in care out comes in 
peo ple liv ing with Hu man Im mune Virus who were on both Iso ni azid pre ven tive ther apy (IPT) and an ti retro vi - 
ral ther apy (ART). Non - cause spe cific (non - CSH) model that does not ac count for com pet ing risk was also per - 
formed. The com pos ite out come com prises of loss to fol low - up, stopped treat ment and death. Age, World 
Health Or gan i sa tion (WHO) stage, gen der, and CD4 count were the con sid ered base line co vari ates. 
Results : We in cluded 3578 pa tients in our analy sis. WHO stage III - or - IV was sig nif i cantly as so ci ated with the 
com pos ite of un favourable out comes, Sub - hazard ra tio (SHR)  =  1.31, 95% con fi dence in ter val (CI):1.04 – 1.65 
for the sub - distribution haz ard model, haz ard ra tio [HR]  =  1.31, 95% CI:1.05 – 1.65, for the Cox - CSH model, 
and HR  =  0.81, 95% CI:0.69 – 0.96, for the CS - AFT model. Gen der and WHO stage were found to be sig nif i - 
cantly as so ci ated with the com pos ite of un favourable out comes, HR  =  1.56, 95% CI:1.27 – 1.90, HR  =  1.28, 
95% CI: 1.06 – 1.55 for males and WHO stage III - or - IV, re spec tively for the non - CSH model. 
Conclusions : Re sults show that WHO stage III - or - IV is sig nif i cantly as so ci ated with un favourable out comes. The 
re sults from com pet ing risk mod els were con sis tent. How ever, re sults ob tained from the non - CSH model were 
in con sis tent with those ob tained from com pet ing risk analy sis mod els. 

1 . Introduction 

Com pet ing risks arise when sub jects are ex posed to mul ti ple mu tu - 
ally ex clu sive causes of fail ure and fail ure due to one cause pre cludes 
the oc cur rence of fail ure from other causes. A com pet ing risk is de - 
fined as an event that pre vents the ob ser va tion of an event of in ter est 
or that in prin ci ple mod i fies the prob a bil ity of oc cur rence of the out - 

come of in ter est in the study [ 12 ]. Death is one of the com mon com - 
pet ing risks in health stud ies, as the oc cur rence of an event of in ter est 
will not be ob served once the par tic i pant is dead. For in stance, in our 
study, death pre cludes the oc cur rence of other un favourable re ten tion 
in care out comes such as loss to fol low - up or stopped treat ment 
among peo ple liv ing with HIV (PL HIV). The death event com petes 
with ob serv ing other events un der in ves ti ga tion, and it pre vents us 
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from know ing when an in di vid ual would have ex pe ri enced an other 
un favourable re ten tion in care out come had they been alive. 

Typ i cally, time to event data are usu ally analysed us ing stan dard 
sur vival analy sis tech niques such as the Ka plan Meier curve and the 
Cox pro por tional haz ard model to es ti mate the ef fect of treat ment and 
risk fac tors on the haz ard of the out come of in ter est. These meth ods 
as sume non - informative cen sor ing and fail ures from com pet ing risks 
are treated as cen sored [ 2 ]. How ever, in the com pet ing risks par a - 
digm, the oc cur rence of com pet ing events can re sult in in for ma tive 
cen sor ing [ 2 – 6 ]. Fail ure to ac count for com pet ing events may re duce 
sta tis ti cal power, over es ti mate prob a bil ity of out comes of in ter est and 
re sult in bi ased in fer ences [ 7 , 8 , 9 ]. 

Ac cord ingly, ex tended sur vival tech niques to ac count for com pet - 
ing risks have been de vel oped, such as the sub - distribution haz ards 
model by Fine and Gray [ 10 ] and cause - specific mod els sug gested by 
Pren tice at al [ 11 ]. Cause - specific mod els are ap pro pri ate if the in ter - 
est is in un der stand ing eti o log i cal ques tions. This model is mod elled 
via an ap pro pri ate time - to - event model to es ti mate the ef fect of co - 
vari ates on the cause - specific haz ard func tion keep ing other events 
fail ing as cen sored. For ex am ple, the ap pli ca tion through a Cox - 
proportional haz ard model, or es ti mat ing the ef fect of co vari ates on 
the cu mu la tive in ci dence func tion (CIF) via the ac cel er ated fail ure 
time frame work [ 1 ]. In the pres ence of com pet ing risks, an un bi ased 
es ti ma tor of the cause - specific event prob a bil i ties can be ob tained by 
us ing its CIF [ 12 , 13 ]. 

On the other hand, most stud ies also re port com pos ite out comes 
with the aim to ac count for com pet ing risks [ 7 , 14 ]. Lunn - McNeill in - 
tro duced an ap proach of com bin ing all fail ure types in one out come 
called a com pos ite out come in the pres ences of com pet ing risks [ 15 ]. 
The com pos ite out come is a com bi na tion of mul ti ple in di vid ual out - 
comes into a sin gle end point. Com bin ing in di vid ual out comes into 
com pos ite out comes can in crease the over all event rate and the sta tis - 
ti cal power for a study be cause of higher event rates [ 16 , 17 ]. Ide ally, 
a com pos ite out come com prises of out comes that in prin ci ple are as - 
sumed to have sim i lar im por tance, sim i lar rel a tive fre quen cies of oc - 
cur rence, sim i lar un der ly ing eti ol ogy, sim i lar pre ci sion of mea sure - 
ment, and sim i lar mag ni tude and di rec tion of the treat ment ef fects 
[ 14 , 18 ]. Com pos ite out comes are deemed ap pro pri ate when the treat - 
ment ef fect across in di vid ual out comes within a com pos ite out come is 
ho mo ge neous [ 7 , 9 ]. How ever, if it is de signed to quan tify risk ben e - 
fits or cap ture com pet ing risks, the as sump tion of ho mo ge neous treat - 
ment ef fect across in di vid ual com po nents can be re laxed [ 14 ]. 

While there ex ist, a wide - ranging lit er a ture com par ing tra di tional 
sur vival mod els and com pet ing risks mod els, lit er a ture com par ing 
these meth ods with ap pli ca tion to em pir i cal data are scares. In ad di - 
tion, there is a lack of ar ti cles fo cus ing on com pos ite out comes in the 
ap pli ca tion of com pet ing risk mod els. Ma jor ity of ar ti cles fo cused on 
the ap pli ca tion of clin i cal tri als data [ 8 , 18 – 22 ]. As a re sult, this study 
aims to com pare time - to - event mod els by analysing a com pos ite out - 
come in the pres ence of death as a com pet ing risk. Since death as a 
com pet ing risk was not ac counted for in the main study, we re - 
analysed data from the TB break through ob ser va tional lon gi tu di nal 
study us ing com pet ing risk analy ses to de ter mine base line co vari ates 
as so ci ated with the com pos ite of un favourable re ten tion in care out - 
comes among peo ple liv ing with HIV who were on IPT plus ART, 
while ex plic itly ac count ing for death and al low ing for within - hospital 
clus ter ing. 

We em ployed the Fine and Gray model in the pri mary analy sis. In 
ad di tion, we per formed sen si tiv ity analy ses us ing cause - specific mod - 
els through the Cox pro por tional haz ard model, ac cel er ated fail ure 
time model, and a Cox - proportional (non - cause - specific haz ard) model 
to as sess ro bust ness of the find ings. Per form ing sen si tiv ity analy ses is 
an es sen tial step in analy sis of health stud ies to as sess the ro bust ness 
or con sis tency of the re sults un der dif fer ent mod els, or as sump tions to 
es tab lish cred i bil ity of study find ings [ 23 , 24 ]. 

2 . Methods 

The dataset used in this study is pub licly avail able through the 
PLOS ONE pol icy, and com pre hen sive de tails on the se lec tion of study 
par tic i pants that pro vided data analysed in this study are de scribed 
else where [ 5 ]. The fol low ing is a brief de scrip tion of the study de sign, 
pop u la tion, set ting, ex po sure vari ables and out comes, data col lec tion 
pro ce dures and eth i cal con sid er a tion. 

2. 1 . Study design, population and setting 

This study is a sec ondary analy sis of a mul ti site ret ro spec tive ob - 
ser va tional lon gi tu di nal study that was done in Ethiopia in volv ing 
n  =  4484 par tic i pants with HIV, for a pe riod of nine years (from the 
year 2005 – 2014) who were ini ti ated on IPT [ 5 ]. The main study 
aimed to as sess the mag ni tude and fac tors as so ci ated with tu ber cu lo - 
sis break through among peo ple liv ing with HIV who were ini ti ated on 
IPT. 

The study in cludes Peo ple Liv ing with HIV (PL HIV) from three re - 
gions in Ethiopia: Ad dis Ababa, Gam bella, and South ern Na tions Na - 
tion al i ties and Peo ples (SNNP) re gion. These re gions were se lected be - 
cause they used a sim i lar data man age ment sys tem. The pop u la tion 
con sists of 35 hos pi tals in these re gions from which 11 hos pi tals were 
ran domly se lected for the sam ple. PL HIV vis ited the 11 ran domly se - 
lected hos pi tals be tween Sep tem ber 2005 and Oc to ber 2013 and were 
in cluded in the sam ple. The main study was ap proved by the Na tional 
Re search Ethics Re view Com mit tee (NR ERC) of Ethiopia and no in - 
formed con sent was re quired be cause pa tien t's in for ma tion was ex - 
tracted from non - identifiable and non - linked data bases. 

2. 2 . Sample size 

As per the rule of thumb, a min i mum of 10 events per ex plana tory 
vari able is ef fi cient to avoid model over fit ting, how ever, when per - 
form ing sen si tiv ity analy sis this rule may be re laxed [ 25 ]. In our 
study, there were at least 10 un favourable re ten tion in care out comes 
per pre dic tor vari able, and we per formed sen si tiv ity analy ses. There - 
fore, by the rule of thumb, a sam ple size of 3578 pa tients ( Fig. 1 ) who 
were on both IPT and ART is ad e quate to fit our mod els. 

2. 3 . Inclusion criteria 

Only in di vid u als who did not have tu ber cu lo sis (TB) were ini ti ated 
on IPT. Last sta tus was only recorded for pa tients who were on both 
IPT plus ART in or der to un der stand re ten tion in care, there fore, only 
pa tients who were on both IPT and ART were in cluded in our analy - 
sis. 

2. 4 . Study measurements 

2. 4. 1 . Explanatory and exposure variables 
The fol low ing base line char ac ter is tics and clinic data were ex - 

tracted from the data bases: pa tient age, gen der, base line WHO Stage, 
and base line CD4 count. The time from start ing IPT to the last ob ser - 
va tion was also recorded. All co vari ates col lected were di chotomised 
in the pri mary study. 

2. 4. 2 . Composite outcome variable 
The pri mary out come of our study was de fined as a com pos ite of 

un favourable re ten tion in care out comes, which com prises of loss to 
fol low - up or stopped treat ment or death as per the pri mary study [ 5 ]. 
These out comes were mea sured dur ing the last visit to un der stand re - 
ten tion in care. No mul ti ple un favourable out comes were recorded per 
sub ject. In ad di tion, no miss ing ness of the out come nor co vari ates 
were ob served in our data. 
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Fig. 1 . Study par tic i pan t's flow di a gram. 

2. 5 . Ethics 

The data used in this study was ob tained from non - identifiable and 
non - linked data bases and no in formed con sent was re quired. In ad di - 
tion, it is pub licly avail able for use. The study was ap proved for ex - 
emp tion of ethics re view by the Stel len bosch Hu man Re search Ethics 
Com mit tee (HREC) un der Pro ject ID 10953 and Ethics Ref er ence 
Num ber X19/ 08/ 029. 

2. 6 . Statistical methods 

2. 6. 1 . Fine - Gray sub - distribution hazard model 
Fine and Gray [ 10 ] in tro duced a semi - parametric re gres sion analy - 

sis used to es ti mate the ef fects of treat ment and co vari ates in the pres - 
ence of com pet ing risks called sub - distribution haz ard model. This 
model is used when the in ter est is in an swer ing prog nos tic ques tions. 
That is, it mod els the prob a bil ity of an event hap pen ing. Fine - Gray 
sub - distribution haz ard model es ti mates the ef fects of co vari ates on 
the sub - distribution haz ard func tion. The sub - distribution haz ard 
func tion shows the in stan ta neous rate of oc cur rence of the event of in - 
ter est at time t for sub jects who are ei ther event free or have ex pe ri - 
enced the com pet ing event be fore time t. The crude in ci dence of the 
oc cur rence of the jth event while ac count ing for com pet ing risks is es - 
ti mated us ing the cu mu la tive in ci dence func tion F (t) also re ferred to 
as sub dis tri b u tion func tion. F j ( t ) is the cu mu la tive prob a bil ity of fail - 
ure from a cause j prior to time t in the pres ence of com pet ing risks 
and it de scribes the in ci dence of the oc cur rence of an event while ac - 
count ing for com pet ing risks. The cu mu la tive in ci dence func tion is 
given by . The sub - distribution haz ard func tion 
is math e mat i cally de fined as 

, where T is time 
to fail ure, and J is the type of event for that sub ject. 

2. 6. 2 . Cox cause - specific (Cox - CSH) regression model 
The cause spe cific model is a semi - parametric model in tro duced by 

Kalbfleish and Pren tice 2002 used to analyse time to event data in the 
pres ence of com pet ing risks [ 26 ] in or der to ad dress eti o log i cal or bi - 
o log i cal ques tions. The CSH model es ti mates the ef fect of co vari ates 
on the cause - specific haz ard func tion. The es ti ma tion of the ef fect of 
co vari ates on the cause - specific haz ard func tions is mod elled via an 
ap pro pri ate stan dard time to event model. For ex am ple, the ap pli ca - 
tion of a cox - proportional haz ard model, and an ac cel er ated fail ure 
time model were used in this study. In the pres ence of com pet ing 
risks, an un bi ased es ti ma tor of the cause - specific event prob a bil i ties 
can be ob tained by us ing its cu mu la tive in ci dence func tions (CIFs) 
[ 12 , 13 ]. The CIF of the cause - specific haz ards is de fined as the prob a - 
bil ity of fail ing from the event of in ter est by time t while still at risk 
of fail ing from other com pet ing events. Math e mat i cally, it is de fined 
as . The cause - specific haz ard func tion for the 
jth fail ure is given by . Fail ures 
from com pet ing events are treated as cen sored. Haz ard ra tios ob - 
tained from this model are in ter preted as the as so ci a tion with the rate 
of the event, in this case the as so ci a tion be tween the co vari ate and 
the rate of the un favourable re ten tion in care out comes. 

2. 6. 3 . Cause - specific AFT (CS - AFT) model 
Cause - specific AFT is a lin ear com pet ing risks re gres sion model 

used to analyse time to event data in the pres ence of com pet ing risks 
[ 26 ]. The AFT model is used to as sess the ef fect of co vari ates on mean 
sur vival time [ 1 ]. Typ i cally, when us ing cause - specific haz ard mod els 
in the pres ence of com pet ing risks, there is no di rect ef fect of co vari - 
ates on the fail ure time. Fur ther more, fail ure due to all other causes 
ex pect for the events of in ter est are treated as cen sored. This model is 
math e mat i cally writ ten as , where T de note the 
la tent fail ure time due to the un favourable out come j, α j de note a vec - 
tor of pa ra me ters es ti mates mea sur ing the crude co vari ate ef fects on 
the fail ure time of the un favourable out come j only, Z ' de note a vec tor 
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of co vari ates, and ε j de note an er ror term with an un spec i fied dis tri b - 
u tion func tion. 

2. 6. 4 . Non - cause - specific hazard (non - CSH) model 
The Cox pro por tional haz ard model is a semi - parametric model 

used to as sess the ef fect of treat ment and co vari ates on a sin gle event 
of in ter est [ 27 ]. It is rep re sented by a haz ard func tion, base line haz - 
ard func tion and the co vari ates, and it is math e mat i cally rep re sented 
as ℎ ( t )  =  h 0 ( t ) exp ( β ’ X ), where ℎ ( t ) is the haz ard func tion, h 0 ( t ) is the 
base line haz ard func tion which is left un spec i fied, β is a col umn vec - 
tor of the re gres sion co ef fi cients, and X is a col umn vec tor of the co - 
vari ates. The Cox re gres sion model as sumes that there is the pro por - 
tion al ity of the haz ard rate. Pro por tional haz ards mean that the haz - 
ard ra tio is con stant over time such that the ef fect of a co vari ate is the 
same at all points in time. Typ i cally, when mul ti ple out comes are 
com bined in a com pos ite out come, it is deemed ap pro pri ate to per - 
form a non - cause - specific haz ard model to es ti mate the ef fect of co - 
vari ates on the un favourable out comes by com bin ing all out comes 
with out cen sor ing pa tients who ex pe ri enced the com pet ing event. 

2. 7 . Statistical analyses 

De scrip tive sta tis tics for par tic i pants' base line char ac ter is tics were 
pre sented as fre quen cies and per cent ages. In all the analy ses, par tic i - 
pants’ age cat e go rized <15 years and ≥ 15 years; gen der, WHO Stage 
cat e go rized I or II, and III or IV, and CD4 cell count cat e go rized 
<100, 100 – 349, and > 349 were con sid ered as co vari ates. In ad di - 
tion, a graph i cal ex am i na tion us ing cu mu la tive in ci dence func tion 
curves were used to es ti mate the in ci dence of un favourable re ten tion 
in care out comes at any time point be tween base line and time t. 

For the pri mary analy sis, a mul ti vari able Fine and Gray sub - 
distribution haz ard model was per formed to as sess the base line co - 
vari ates as so ci ated with the com pos ite of un favourable re ten tion in 
care out comes, while ac count ing for death as a com pet ing risk and al - 
low ing for within hos pi tal clus ter ing. Also, sen si tiv ity analy ses were 
per formed us ing Cox - CSH, AFT model and a non - cause - specific haz ard 
model (where we com bined all the three un favourable re ten tion in 
care out comes). Haz ard ra tios (HR), cor re spond ing 95% con fi dence 
in ter vals (CIs) and as so ci ated p - values were re ported for all the mod - 
els. 

Graph i cal ex am i na tions based on Schoen feld resid u als were used 
to check for the as sump tion of pro por tional haz ards. In ad di tion, a 
con fir ma tory test was per formed by in clud ing an in ter ac tion be tween 
time and the co vari ates in the model us ing a tvc (time vary ing co vari - 
ates) op tion in STATA. The tvc op tion is used to gether with texp to 
cre ate in ter ac tions of the pre dic tors and a func tion of sur vival time in 
the model. Co vari ates vi o lat ing the pro por tional haz ard as sump tion 
i.e. co vari ates with a p - value of less than 0.05 un der the tvc func tion 
were in cluded in the mod els as time - varying co vari ates. The cri te ria 
for sta tis ti cal sig nif i cance was set at 0.05 for all tests. All analy ses 
were per formed in STATA Ver sion 15.1 (Stata Corp., Col lege Sta tion, 
TX) and cu mu la tive in ci dence func tions graph i cal dis play for the com - 
pos ite end point, and the in di vid ual com po nents of the com pos ite were 
done in R - version 3.61. 

3 . Results 

3. 1 . Baseline characteristics 

De scrip tive sta tis tics for base line co vari ates of par tic i pants who 
were on IPT plus ART against their last sta tus are shown in Table 1 . 
Briefly, 3212 (89.8%) par tic i pants had favourable re ten tion in care, 
and 366 (10.2%) pa tients had one of the un favourable re ten tion in 
care out comes (loss to fol low up or stop treat ment or death) at last 
visit or ob ser va tion. The un favourable re ten tion in care com pos ite 

Table 1 
Base line char ac ter is tics of pa tients on IPT plus ART (n  =  3578). 

Baseline 
covariates 

Subcategories Favourable outcome 
(n  =  3212) 

Unfavourable outcome 
(n  =  366) 

Age (years) n 
(%) 

<15 292 (94.81) 16 (5.19) 

 
≥ 15 

2920 (89.30) 350 (10.70) 

Gender n (%) Male 1165 (87.14) 172 (12.86) 
 Female 2047 (91.34) 194 (8.66) 
WHO Stage n 

(%) 
I or II 1495 (91.33) 142 (8.67) 

 III or IV 1717 (88.46) 224 (11.54) 
CD4 Count n 

(%) 
<100 701 (88.62) 90 (11.38) 

 100 – 349 2278 (89.83) 258 (10.17) 
 ≥350 233 (92.83) 18 (7.17) 

WHO - World Health Or gan i sa tion, CD4 − clus ter of dif fer en ti a tion 4. 

out come com prises of death (66), stopped treat ment (2) and loss to 
fol low - up (298). Un favourable out comes were fre quently recorded 
among adults (age ≥ 15 years) (10.7%), and only 5.19% was recorded 
among chil dren (age <15 years). There was a mi nor dis crep ancy in 
the oc cur rence of un favourable out comes by gen der. Fur ther more, 
11.54% of pa tients with WHO stage III or IV had un favourable re ten - 
tion in care out comes, and 8.67%of pa tients with WHO stage I or II 
had un favourable out comes. 11.38% pa tients who had less than 100 
CD4 cells per cu bic mil lime ter of blood had un favourable re ten tion in 
care out comes. The me dian fol low - up time to the last sta tus was 3.16 
years. 

Fig. 2 shows the CIF curves of loss to fol low up, stopped treat ment, 
and death, along with the CIF curve for the com pos ite out come of all 
the un favourable re ten tion in care out comes. The cu mu la tive in ci - 
dence of the com pos ite out come is equal to the sum of all the cu mu la - 
tive in ci dences of all the cause - specific un favourable re ten tion in care 
out comes. 

3. 2 . Primary analysis: Fine and Gray sub - distribution hazard model 

Re sults from the sub dis tri b u tion haz ard model are pre sented in 
Fig. 3 . CD4 cell count vi o lated the as sump tion of pro por tional haz ards 
i.e. un der the tvc op tion CD4 count had a p - value  =  0.001 which is 
less than 0.05, in di cat ing the vi o la tion of pro por tional haz ards. As a 
re sult, we in cluded an in ter ac tion be tween CD4 cell count and sur - 
vival time in or der to ac count for the vi o la tion of the pro por tional 
haz ards as sump tion. A sig nif i cant dif fer ence in the risk of un - 
favourable re ten tion in care out comes be tween WHO stages was ob - 
served. The es ti mated ad justed SHR and as so ci ated 95% con fi dence 

Fig. 2 . Cu mu la tive in ci dence func tions, and KM Ka plan - Meier. WHO - World 
Health Or gan i sa tion, CD4 − clus ter of dif fer en ti a tion 4, CI - Con fi dence In ter val. 
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Fig. 3 . For est plot for base line co vari ates based on dif fer ent mod els. 

in ter val was 1.33 (1.05 – 1.68) for WHO stage III or IV com pared to 
WHO stage I or II af ter con trol ling for sex, age and CD4 cell count in 
the model. WHO stage III or IV was sig nif i cantly as so ci ated with a 
33% in crease in the in ci dence of un favourable re ten tion in care out - 
comes in sub ject who had favourable out comes or ex pe ri enced the 
com pet ing event (death). There was an in signif i cant in crease in the 
in ci dence of un favourable re ten tion in care out comes among adults 
( ≥ 15 years) than in chil dren among in di vid u als who had favourable 
out comes or who died. The in ter ac tion be tween CD4 cell count and 
time was in signif i cant. There was no ev i dence that the ef fect of an in - 
crease in CD4 cell count lev els de creased the in ci dence of un - 
favourable out comes over time in both mod els. Lastly, there was no 
sig nif i cance dif fer ence in un favourable re ten tion in care out comes be - 
tween males and fe males. 

3. 3 . Sensitivity analyses 

Fig. 3 shows re sults ob tained from three mul ti vari able sen si tiv ity 
analy ses mod els. CD4 cell count vi o lated the as sump tion of pro por - 
tional haz ards i.e. un der the tvc op tion CD4 count had a p - 
value  =  0.001 which is less than 0.05, in di cat ing the vi o la tion of pro - 
por tional haz ards. As a re sult, we in cluded an in ter ac tion be tween 
CD4 cell count and sur vival time in all mod els. 

WHO stage III or IV was sig nif i cantly as so ci ated with the com pos - 
ite of un favourable re ten tion in care out comes in both CS mod els, ad - 
justed HR  =  1.33, 95% CI: 1.06 – 1.68, p - value  =  0.016, HR  =  0.81, 

95% CI: 0.69 – 0.96, p - value  =  0.016 for the Cox - CSH and CS - AFT 
model, re spec tively. From the Cox - CSH model, WHO stage III or IV is 
sig nif i cantly as so ci ated with a 33.2% in crease in the in ci dence of un - 
favourable re ten tion in care out comes among pa tients who were hav - 
ing favourable re ten tion in care out comes. WHO stage III or IV was 
sig nif i cantly as so ci ated with 18% de crease in the mean sur vival to un - 
favourable re ten tion in care out comes in those who were cur rently 
hav ing favourable re ten tion in care out comes for the CS - AFT model. 

Age, sex, and CD4 cell count were not sig nif i cantly as so ci ated with 
the un favourable re ten tion out comes as they were ob served with p - 
values equal to or greater than 0.05 ( Fig. 3 ). 

Sim i larly, age group, sex and CD4 cell count were not sig nif i cantly 
as so ci ated with the un favourable out comes for the CS - AFT model ad - 
justed HR  =  1.05, 95% CI: 0.73 – 1.52, p - value  =  0.783 for adults 
(age ≥ 15 years); ad justed HR  =  0.77, 95% CI: 0.59 – 1.01, p - 
value  =  0.061 for males com pared to fe males; ad justed HR  =  0.98, 
95% CI: 0.77; 1.25, p - value  =  0.88 and ad justed HR  =  0.78, 95% CI: 
0.87 – 1.88, p - value  =  0.21 for CD4 cell count 100 – 349, and≥350, re - 
spec tively. 

Ad di tion ally, the non - CSH model shows be ing Male and WHO 
stage III or IV to be sig nif i cantly as so ci ated with the com pos ite of the 
un favourable re ten tion in care out comes af ter con trol ling age and 
CD4 cell count in the model. Males were more likely to have un - 
favourable re ten tion in care out comes (loss to fol low up, stopped 
treat ment or death) as com pared to fe males (ad justed HR  =  1.56, 
95% CI: 1.29 – 1.90, p - value <0.001). Pa tients with WHO stage IIV or 
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IV were sig nif i cantly more likely to have un favourable re ten tion in 
care out comes as com pared to those with WHO stage I or II. 

4 . Discussion 

We per formed com pet ing risk analy ses to de ter mine base line co - 
vari ates that are as so ci ated with a com pos ite of un favourable re ten - 
tion in care out comes (stopped treat ment or loss to fol low up or 
death) among peo ple liv ing with HIV who were on both IPT and ART, 
ac count ing for death as a com pet ing risk. Com pet ing analy ses (sub - 
distribution haz ard model and CS mod els) showed that WHO stage III 
or IV is sig nif i cantly as so ci ated with an in crease in the in ci dence of 
un favourable re ten tion in care out comes. The AFT model shows that 
WHO stage III or IV is sig nif i cantly as so ci ated with a re duc tion in sur - 
vival mean time of un favourable re ten tion in care out comes among 
in di vid u als who are cur rently hav ing favourable re ten tion in care out - 
comes. Ad di tion ally, gen der was sig nif i cantly as so ci ated with un - 
favourable re ten tion in care out comes from the non - CSH model. 

Find ings from three com pet ing risk analy ses were con sis tent. How - 
ever, re sults ob tained from the CS - AFT model has ef fect es ti mates go - 
ing in the op po site di rec tion of those ob tained in the sub - distribution 
haz ard model, and Cox - CSH model. This is due to the fact that AFT 
mod els mea sures the ef fect of co vari ates on the sur vival mean time of 
the out come in stead of haz ard ra tio con trary to the sub - distribution 
haz ard model and Cox - CSH haz ards mod els [ 1 ]. Ef fect of co vari ates 
ob tained from the AFT mod els are in ter preted as time ra tios and the 
ra tio de notes the ac cel er a tion fac tor. A time ra tio less than one im - 
plies that the event is more likely to hap pen, sim i larly to when the 
haz ard ra tio is greater than. These mod els reached the same con clu - 
sion though a neg a tive cor re la tion be tween the AFT, Cox - CSH and the 
sub - distribution haz ard model is ob served. Re sults from sub - 
distribution haz ard model, Cox - CSH, and non - CSH model were 
roughly sim i lar. CSH and sub - distribution haz ard yields sim i lar re sults 
when there are few events or when a co vari ate only af fects one of the 
cause - specific haz ards [ 13 ]. 

More over, find ings from com pet ing risk mod els were not in agree - 
ment with re sults from the non - CSH model, which showed both gen - 
der and WHO stage to be sig nif i cantly as so ci ated with un favourable 
re ten tion in care out comes. A com pos ite out come of all fail ure events 
is deemed ap pro pri ate to cap ture com pet ing risks with out cen sor ing 
in di vid u als who ex pe ri ence com pet ing event. 

How ever, re sults from the non - CSH model were not con sis tent 
with those ob tained from the Fine and Gray sub - distribution haz ard 
model and CSH mod els be cause of the dif fer ence in base line char ac - 
ter is tics of par tic i pants that were sig nif i cantly as so ci ated with un - 
favourable re ten tion in care out come. There fore, es ti mates from the 
non - CSH model might not be the most ac cu rate in this case hence the 
re sults from the non - CSH model need to be in ter preted with thought - 
ful ness. Our find ings are con sis tent with those found in Dig nam JJ et 
al. [ 22 ], that when the rate of com pet ing events is low, the two com - 
pet ing risk mod els tends to have sim i lar re sults. Ad di tion ally, this was 
also con firmed that when the in ci dence of the com pet ing events is 
small, there will be min i mal bias af ter per form ing tra di tional sur vival 
meth ods that ig nores com pet ing events, how ever, bias es ca lates as the 
in ci dence of the com pet ing risks in creases [ 28 ]. 

There were some lim i ta tions to our study. The ma jor lim i ta tion of 
our study is bias re sult ing from resid u als of loss to fol low - up out - 
comes that might have been clas si fied as out come of in ter est since we 
could not con firm whether in di vid u als who are lost to fol low up are 
dead or not be cause we utilised sec ondary data. The non - discreteness 
of death from lost to fol low up might have over es ti mated the prob a - 
bil ity of the out come of in ter est and un der es ti mate the prob a bil ity of 
those who died. An other sig nif i cant lim i ta tion is that our study used 
em pir i cal data for analy sis, thus any con clu sion made from this study 
may not mir ror find ings in other set tings hence re sults from this study 

can not be gen er alised to other pop u la tion. Ad di tion ally, the use of 
sec ondary data could not spare us on lim i ta tions that arises from the 
use of ex ist ing records such as resid ual con found ing when cru cial 
vari ables that needed to be ac counted for in the analy sis are omit ted 
dur ing data col lec tion. Also, the aim of the study was to ex plore the 
per for mance of mod els via these data not to make clin i cal con clu - 
sions. Our study will con tribute to lit er a ture to help re searchers iden - 
tify ef fec tive mod el ling ap proaches in com pet ing risk set tings to en - 
able un bi ased in fer ences. 

Lit er a ture around the par a digm of com pet ing risks in com par i son 
to tra di tional time to event mod els found that ig nor ing com pet ing 
risks may lead to an over es ti ma tion of cu mu la tive in ci dence and 
hence lead ing to mis lead ing re sults [ 2 , 4 , 6 , 21 , 22 , 26 , 29 - 32 ]. Con sid er - 
ing the fact that com pet ing risks arises in most stud ies be it ob ser va - 
tional stud ies were rou tine data is col lected at health fa cil i ties or in 
clin i cal tri als were pa tients are sub jected to mul ti ple out comes, com - 
par i son of time to event mod els cater ing for dif fer ent sce nar ios such 
as com pet ing events are in fre quently ap plied to em pir i cal data. Also, 
rarely com pos ite out comes are con sid ered. This pa per of fers an em pir - 
i cal com par i son of such meth ods with an ap pli ca tion to em pir i cal data 
fo cus ing on com pos ite out comes and it will help re searchers around 
this area with analy sis as well as pro vide a grasp of how to in ter pret 
re sults from var i ous com pet ing risks mod els. Our study will con tribute 
to lit er a ture to help re searchers iden tify ef fec tive mod el ling ap - 
proaches in com pet ing risk set tings, par tic u larly when analysing sur - 
vival data from ob ser va tional stud ies as this lit er a ture is lim ited as op - 
posed to lit er a ture fo cus ing on data from ran domised clin i cal tri als. 

5 . Conclusions 

In both com pet ing risk analy ses, we found ev i dence that WHO 
stage was found to be sig nif i cantly as so ci ated with the com pos ite of 
un favourable re ten tion in care out comes. How ever, we did not find 
any sig nif i cant ef fect of gen der, age and CD4 cell count on the un - 
favourable re ten tion in care out comes was found in these analy ses. 
Non - competing risk analy sis showed ev i dence of gen der be ing as so ci - 
ated with un favourable out comes, in ad di tion to the WHO stage. Re - 
sults from com pet ing risk analy ses were con sis tent, how ever, not in 
agree ment with those ob tained from the non - CSH model. There fore, 
re sults from the non - CSH model need to be in ter preted with cau tion. 
We have pro vided an em pir i cal com par i son of the re sults from dif fer - 
ent mod els. These mod els may re sult into dif fer ent re sults as they ad - 
dress dif fer ent re search ques tions, cause spe cific ad dresses eti o log i cal 
ques tions, while sub - distribution ad dresses prog nos tic ques tions; 
hence it is ad vis able to per form both mod els in the pres ence of com - 
pet ing risks to en sure valid in fer ences. In con clu sion, the model 
choice must be guided by the type of re search ques tion to be ad - 
dressed. 
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