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Abstract

This paper extends dynamic prediction by landmarking to recurrent event data. The motivating data
comprised post kidney transplantation records of repeated infections and repeated measurements
of multiple markers. At each landmark time point 5, a Cox proportional hazards model with a frailty
term was fitted using data of individuals who were at risk at landmark s. This model included the time-
updated marker values at t, as time-fixed covariates. Based on a stacked data set that merged all
landmark data sets, we considered supermodels that allow parameters to depend on the landmarks
in a smooth fashion. We described and evaluated four ways to parameterize the supermodels for
recurrent event data. With both the study data and simulated data sets, we compared supermodels
that were fitted on stacked data sets that consisted of either overlapping or non-overlapping landmark
periods. We observed that for recurrent event data, the supermodels may yield biased estimates
when overlapping landmark periods are used for stacking. Using the best supermodel amongst the
ones considered, we dynamically estimated the probability to remain infection free between ¢, and a
prediction horizon t;,,, conditional on the information available at .
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Introduction

In clinical practice it is commonplace to monitor markerstioé disease state of patients at several
time points, alongside information on non terminal evehtterest often focuses on characterizing the
relationship between both quantities, and a typical quesiat of evaluating the prognostic value of
the markers for the event time, as well as how updated marfernnation changes prognosis. This
is valuable in understanding the disease process, and nipycliicians to make better decisions
as regards to patient caréhe motivating example considered in this paper compriieweup data
of patients after kidney transplantatioh Patients experienced repeated opportunistic infectafns
different types and several immunlogical markers were tsedonitor their immune status over time.
Since infection complications are one of the leading can$esorbidity and mortality amongst such a
patient populatiof, it is important to be able to identify frailer patients wiior, instance, might benefit
from a modification of their immunosuppressive treatmenteceive prophylaxes. Therefore tools that
make use of updated patient information (e.g. updated mardees) to describe their future risk of
infection are advocated.

Consider the time to an evefitand a longitudinal markey'. Let Y ¥ (¢) be the entire marker history
until time ¢. Survival analysis methods for time-dependent covaridgtaismodel the hazard of the form

H 1 < H
Mty ")} }zltﬂ%Pr {t<T <t+dt|T >¢,Y"(t)} /dt 1)

have been used to associate the time-dependent markeryhisto(¢) with the instantaneous hazard
A(t). In order to compute survival probabilities based on thestadlependent marker values, knowledge
of the distribution of marker development is required. Oreywo do this is to use joint models for

models at certain moments in time for individuals who ar# atirisk at those moments. This is the
subject of landmarking or partly conditional modellivg .

The landmarking paradigm offers a flexible and relativeiydie way to characterize the association
between a longitudinal marker and the time until an eveneakh landmark, the longitudinal marker
value at a landmark time point, is handled as a time-fixed variable, hence facilitating tivecl
prediction of event risks. Statistical aspects of dynamedftion of time-to-event data has received a
lot of attentior? ??? 7?7 . An overview of existing methods for dynamic prediction é@en landmarking
has been provided by Van Houwelingen and Pdttdihey restrict their overview to single-type events
that can occur only once. Extensions to a competing risksssiehave also been addres$éd. In this
paper, we generalize the landmarking approach to a setithg&current events.

We focus on the repeated urinary tract infections and founumological markers (CD4+ T cell,
CD8+ T cell, natural killer(NK) cell, and B cell counts) frothe post-kidney transplantation data’set
Our main interest was to dynamically predict the infectiamdil defined prediction horizong,,,’s,
conditioning on information that was available at landmtmie points (e.g. the updated marker values
att,). At each landmark, since patients could experience mae time infection, a Cox proportional
hazards model with a frailty term was fitted. Dependency efttazards on markers was assumed to be
via fitted marker values at the landmark time pdinthat were obtained using mixed effects models.
Since some patients had a large time difference betweemshenarker measurement and the landmark
time point, it was more plausible to use fitted values as opghds the commonly used last observed
marker value before,. This has the extra benefit of accounting for possible measent error in the
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original marker measurements. Specific to recurrent exdatitsis the possibility to use observed event
history as a characteristic of patients’ state of healthrédligt the risk of future events. Hence the number
of previous infections within a time window, prior to a givemdmark time point was considered as a
time-updated covariate as well.

Additionally, we fitted supermodeig to an enlarged data set that stacked all landmark data sets
together. Usually, in settings with single-type events, dtacked data set comprises overlapping landmark
periods . For recurrent events data, it could be a problem to use aweirig landmark periods since
there might be multiple counting of recurrent events overdtiferent landmark data sets. Using both
the study data and simulated data sets, we compared supgmibdt were fitted to stacked data sets
that comprised either overlapping or non-overlapping taack periods. We considered four ways of
parameterizing a supermodel in the context of recurrenitewiata. This was based on making different
model assumptions to describe the correlation betweeretfaate landmark frailty terms, as well as how
parameters varied over landmark periods. We settled fampeterizations that can be implemented with
existing software. Using our best supermodel amongst tks oonsidered, we estimated the probability
to experience at least one infection until,., conditional on the information available @t Predictive
performance was quantified using the area under the ROC (AU@).

The rest of this paper is organized as follows. A descriptibthe motivating data is given in section
2. Section 3 provides a brief description of the landmarkingrapch for a setting with a single event
type that can occur only onc8ection 4 introduces notation and a description of the lar@rmodels
for recurrent event data. In a simulation study in sectiowé& evaluate if the parameter estimates from
a supermodel are affected by how the stacked data is créatedways of creating a stacked data set
are considered;) a setting with overlapping landmark periods where infoiorafrom the same patient
is repeatedly used over different landmark data sets(andx setting with non-overlapping landmark
periods where there is no overlap of information over théedt landmark data sets. In section 6, we
present an application of our landmark models to the kidraysplantation data, and performed dynamic
prediction of infection probabilities based on our bestesopdel. The last section presents a discussion.

The kidney transplantation data

The data comprised post kidney transplantation record§®patients with end-stage renal diseasat
transplantation, covariates such as age, gender andaludtdialysis prior to transplant were recorded.
The duration of follow-up after transplant varied betwe@ndhys and 9.66 years (median=3.1 years).
During this period, 161 patients experienced at least omeany tract infection (UTI). The number of
infections per subject ranged between 1 and 10 (mean=2ith) 1% of the infected individuals having
at least 4 re-infections. The remaining 197 patients wexe from UTI’s throughout follow-up. The
immunological markers CD4+ T cell, CD8+ T cell, natural &lNK) cell, and B cell counts were
repeatedly measured to monitor patients’ immune status towe. Marker measurements were taken
at irregular time intervals, with the number of repeated sneaments varying betwedrand18 (mean

= 3.0) per patient. All markers were reported as the absolute eurabcells (<10°/L) and shall be
referred to as cd4, cd8, nk and bcl respectively. Indiviguafiles for the markers (Figur® exhibited
varying patterns within patients, which could be attrilolite short term fluctuations and measurement
error. Also, patients varied in how their markers evolvedrdime.
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Landmark basics for single events

Here were refer to a setting with a single event type that canroonly once, for instance death. At each
landmarks, s = 1,2, ...Q2, only patients who are still at risk at landmark time paiptare selected. So
patients that had an event or were censored before landsrakremoved. Also, only the information
available from¢ up till a desired prediction horizof,,,., which represents a landmark window, is used:
thor = ts + w, Wherew is the width of the landmark window. Van Houwelingeargued that it suffices
to fit a simple Cox model, that is with no time-dependent paxtam of the form

As(tY () = Aso(t)exp {Y (£5)5(s)} ()

to data on the intervadk,, ¢4, ), enforcing administrative censoringtt,., to construct valid prediction
models forP {T > tpor|Y (ts), T > ts}. In (2), the value of the time-dependent covariate & handled
as a time-fixed covariate. Even when the validity of the propoal hazards assumption is questionable,
it is still a convenient and useful way to obtain dynamic jcgdns atty,,. without having to fit models
with complicated time varying effects Furthermore, since landmark models handle a time-depénde
covariate as a time-fixed covariate, they can be easily drtéto accommodate several time-dependent
covariates

If @ =100, then fitting(2) for each of the landmark points separately yiel@8 sets of landmark
specific parameters which are too many and might be diffioyttractice to communicate, for instance,
to a clinical user. Parsimony can be achieved by defining areupdel that combines a sequence of
landmark models in the range €flandmark points and postulating hg¥s) and,o(.) change oves.
Typically a stacked data set is created by combining all #pagate landmark data sets. Since the stacked
data often comprise overlapping information from the sanfgexts over the different landmark data
sets, correct standard errors can be obtained by correctirgiustering via the sandwich estimator of
Lin and Wef’ . Landmark models usually require few modelling assumtitvence are robust and can
be easily implemented in practice since no specializedvsnét is required. SEE? for more details.

Landmark model for recurrent events

Notation

A patient: (i = 1,...,n) could have an infection observeld; times; M; can be zeroAfter the
last infection patients were followed further in time, anére right censored at the last visitet
Ti1,Tia, ..., Ti v, represent the recurrent event times andllgt, 1 be the censoring time, taken from
time of transplant onwards. We assumed that the censoriojanesms were independent of the infection
time distribution and that values from the different patsewere independent. L&; = (Y;, X;) be a
vector of covariates of patientY; = (y,;, ..., Y;x ) Wherey,, is vector of length;;, comprising values
of the longitudinal marker of type (k = 1, 2, ..., K') measured at time points; » (j = 1,2, ..., nx). X;

is a vector of baseline covariates.

Recall that at landmark, ¢, is the landmark time point and the prediction horizep, = ¢t + w,
wherew is the window over which the conditional probabilities vii# estimated. We refer to the interval
(ts,thor) @s the landmark period landmark data setatas contains only patients who are at riskat
Thus, thedata, for patienti comprisesTin(s), Zi(s)). {Tim(s)},, ez, WhereZ = {1,..., I;s}, are the
infection times for patient occurring in the interval ¢, t1,,,] . I;s denotes the number of infections for
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subjecti in that interval, and could be equal to zero in the case of fextions. We defind;o(s) = ¢,
andT;r, +1(s) = min(tpor, T; ar,+1)- Zi(s) comprises all baseline covariates, the fitted values of the
time varying markeré?i(ts) atts, and the number of infectioris (s) observed in the previous landmark
period.

Model definition

First we consider the analysis per landmark. We assume thgoreship between the rate of infection
andZ to be according to a frailty model. For a single landmark psjmwe postulate

A(HZi(9), i 6() = N (Bexp {XTa(s) + FT(£)B() + B(s)0(s) 4 i} (3)

with t, <t <t,+w. Ao s(t) is the landmark specifichbaseline hazarda(s), B(s) and d(s) are
respectively vectors of parameters for all baseline catesiX;, the marker value?ffi(ts) and number

of infections prior tos. f’i(s) att, were estimated using univariate linear mixed effects (Lvto)dels
where, similar to Musoret al.? , we included a natural cubic spline function of time for tlogplation
trend because it improved model fitach LME model included age, gender and duration of diafysis

to transplant as fixed effects and was fitted using the comfiddibw-up information for each subject in
the kidney transplantation data sfs) = («(s), B(s), (s)) andv;, is the frailty term for subjectwhich

is assumed to be N(0, 0,). Applying model 8) separately to every landmark allows every component
to be landmark specific. The likelihood fduta is given by

Iis+1

L(0(s)) = ﬁ/ { H fl(S(tim(5)|Zi(3)ansv9(5))} X fas(Vis|os)dvis 4)
i=1""Yis {m=1

n, is the number of individuals at risk at landmatkfs, is a mean zero normal density function for the
random effect; of patienti for landmarks, and f1s (tim ($)|Zi(s), vis, 0(s)) is defined as

As (tzm(5)|z74(8), Vis,y 0(8)) X SS (tlm(s)|ZZ(s), Vis, 0(8), tim_l(s)) if meZ
fls(~) = S (tim(s)‘zi(5)7vi87 B(S)atimfl(s)) if m=1I+1
SS (tL(S)|Zi(S)7 Vis, 0(5)) if 7= (0
()
Ss(.) is the probability to remain infection-free for a specifidividual since a previous infection given
its frailty, and is defined as

Se(t|1Z;(s),vis, O(8), tim—1(8)) = exp {/t " /\s(u|Zi(s),vis,0(s))du} ) (6)

Fitting frailty models to each landmark-specific data sstuted in sets of baseline hazar{i&svo(t)},
coefficients of fixed effect{&(s)}, coefficients of covariates that were updated at new lankknar
{B(s)} and {5(5) } and landmark specific frailty variancés?}.
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Alternatively, the use of supermodels has been advocateittoduce parsimony by allowing
parameters to depend anin a smooth fashion. This required the construction of akstdalata set
that merged all théata,’'s. Below, we propose four possible ways of parameterizirghsupermodels
for the case of recurrent events data. First we specified erggparameterization, then considered some
constraints to settle for parameterizations that couldiy@emented within existing software.

If we use a stacked data set consisting of non-overlappindntark periods, the likelihood of the
general parameterization can be written as

n Qi Iis+1
n=ll/ -/ HH 11 fls(tim<s)|zi<s>,vis,0<s)>} X a(vits o Vi B | dvit, o dvic,
i=1" Vil ViQ; s=1 m=1

(7
where the number of landmark points for individdak @Q; < the total number of landmark poing
since patients with shorter follow-up time leave the stuslyime goes onf;(.) can be written similarly
as in 6) with baseline hazards that are specificstayy, ..., v;g, are landmark-specific random effects
of individual i with f»(.) a multivariate normal density function ail is a@; x Q; covariance matrix.
Notice that the regression weighés) are also landmark-specific. If the stacked data used to nizexim
(7) comprise overlapping landmark periods, théndan be referred to as a pseudo-likelihood since there
are data from the same subject that are common to differediark data periods. Hence ttieta, are
not mutually independent, not even conditionally@q, ..., vq.

It is not straightforward to maximize7) within standard software. Furthermore, it may involve
estimating too many parameters; for instance, selectintad@®marks (as in our real data application
below) will require that we estimate 820 variance and cevaré parameters between the's, apart
from the fixed effects. We can constrair) (n several ways to facilitate implementation within starl
software. First, whem;, ..., v;q, are assumed to be independeii},gimplifies to

g

i=1s=1"Vis

Iis+1
{ 1T fls(fim($)|zi(8)7vz‘sv9(5))} X fa(vis|os) dvis. 8
m=1

Note that performing the per-landmark analysis is the sasnmaximizing 8) except that there is no
smoothing ofd(s) over landmarks. On the other hand, if we assume a perfeatlaton between the

vis'S, such thab;; = v = ... = vyq,, then (7) simplifies to
n Qi Iis+1
Ly = H/ {H [T Asttim(s)Zi(s), Uu@(S))} X fa(vilo) du; 9)
i=17"i (s=1 m=1

A compromise between the models with (pseudo-) likelihao@) and @) is a model with both a frailty

Prepared using sagej.cls



170

171

172

173

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

Musoro et al. 7

term (v;,) shared by all landmarks as if)( and landmark specific frailty terms,() that are mutually
independent as irB}. The (pseudo-) likelihood for such a model is

Iis+1
L= H / { [ TL A (0)1Z:05), 030+ 010,805 x fas(wiclor) dvis} % Fao(Violo0)dvio

is m=1
(10)

The covariance between the frailty terms + v;s andv;, + v;¢ at landmarkss ands’ is o2 and the
2

lati ls—-Te
correlation equa T
Furthermore, parameteiy(1),0(2)...,0(Q) can be constrained to be landmark invariagh]) =
6(2) = ... = 0(Q), or can be modeled as a smooth functiors @fhich may be a spline or a polynomial

function, the form of which can differ between the covarsate

Instead of maximizing&), (9) and (L0), we considered maximizing their corresponding integtrate
(pseudo-) partial likelihoods. This choice has the advgmthat it can be implemented using existing
software such as theoxme packagé in the R statistical softwaré.Within coxme all parameters and
random effects in a frailty model are estimated by maxingjzn integrated Cox partial likelihodd”” .
At landmark s, givenu,, the contribution of the events of individuato the Cox partial likelihood of
datag is

I
7: R exp{Z](s)0(s) + vis}
PLOG) v = ngl [deR(tlm( ) eXp{Z $)6(s) +vjs

where v, is a vector of frailty terms of all patients anBl(¢;,,(s)) denotes the risk set at,,(s).
Integrating over the random effects distribution createsftllowing integrated partial likelihood (IPL)

11

IPL( / HPL’ ), Us) [ (Vs s ) dvs (12)

where f5.(.) is a multivariate normal density function for the’s of all patients at landmark and X

is often a sparse covariance matrix of dimensiQnx n,. Since the integral in12) is not tractable,

a Laplace approximation is implemented within coxme to imbfarameter estimates. This has been
described in more details by Thernéaand Ripattf . The major difference betweerid) and the
corresponding IPL's for&), (9) and (L0) is with the dimension of covariance matrix fij, (.)

We used the terms "independent-frailty”, "shared-frdiland "nested-frailty” models to refer to the
models that are fitted by maximizing the IPL's f@&)((9) and (L0) respectively. Fitting an independent-
frailty model withincoxne requires that we assume that the landmark-independgatshow the same
variation over the landmark time points, thavis= ¢. The disadvantage of this constrain is that, if the
distribution of the frailty random effects would change olendmarks due to drop out of more frail
patients, this might introduce some bias in the estimatednpetersFitting the shared-frailty is more
straightforward since it only requires specifying a shdrailty term for each patient over the landmarks.
A nested-frailty model is implemented withirox me by adding a nested effect which estimates an overall
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patient effect over the landmarks as well as a patient speféct within the separate landmarks. For all
three models, we allow for delayed entry at later landmarietpoints and include landmark as stratum
variable in order to estimate separate baseline hazardammark.

Dynamic prediction of infection probabilities

We calculated the probability of experiencing at least arfedtion before,,, for a new subjecj given
covariate< ;(s) att. For any timeu > t, the conditional probability that subjegwill be infection-free
at least untilu is

Sis(u|Z;(s / Sjs(ulZ;(s),vj, ( ) ts) X fa(vj|Ds—, 0)dvy, (13)

whereD,_ = {data}, ...,data’_, } is the infection data for subjegtwhich is available before,. Since
v; is shared by all landmarks in the shared-frailty model, Xigeeted value at, is changed by earlier
observed infection historgD, ). The same applies tg;, in the nested-frailty moded(s) contains the
parameter estimates from the supermodel. At every lateinbank time point,,, updated information
ong,(s’) andh;(s') is available.S;4(.) is dynamically updated t&);./(.) based on new information
recorded untit... S;.(u|Z;(s),v;,0(s),t,) is calculated as ir). Using Bayes’ theorenyy (v;|Ds_, o)
in (13)is ertten as

£(Ds-[v;,6(5)) X fa(vslo)
[y, £i(Ds]v;,0(5)) x fa(vjlo)dv;

whereL; is the likelihood of the events befote for subject;. The integral in {4) was approximated
using the Gauss-Hermite quadrature (GHQ) technique. Ferctse of the independent-frailty, no
information on infection history(D,_) was required since the frailty terms were landmark specific.
Hence, the survival probabilities at eagfy, can be computed in the same way as with a classical frailty
model.

The predictive performance was evaluated on the basis offekinfected patients were distinguished
from those who did not experience an infection within evenydmark period. A leave-one-out cross-
validation procedure was used to make predictions for a melividual ;. So,é(s) was replaced by
9_]- (s) estimated from our supermodel by using data that excludidadual ;. We based our evaluations
on the area under the ROC curve (AUC) based on the inciderardic ROC curve as defined by Heagerty
etal.”.

fz(Uj|Ds—7U) = (14)

Simulation Study

Study setup

In order to assess if fitting a supermodel to stacked dataavighlapping or non-overlapping landmark
periods would yield good parameter estimates, we perforrghulation study by generating data with
repeated events. For simplicity and easy comparison with talues, we did not consider markers but
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only one time fixed covariat& ~ N (0, 0,), with o2 = 0.5. X was assumed to be associated with the
infection times via the following frailty model:

Ai(t) = Ao(t)exp {X B + vi}, (15)

where = 1.6 and the frailty was distributed as ~ N (0, o,,), with 02 = 0.1225. Infection times were
generated from1(5), in which \y was held constant at 10 to ensure that the number of repeatetse
within an individual was sufficiently large.

We performed 250 simulations using a sample size of 500. &dn simulated data set, first a standard
frailty model as in {5) was fitted to evaluate the data generation procedure andibgroceeded with
the landmark analysis. Two scenarios were considered &tiea the landmark data sets before stacking
them.

i The landmark time points were selected such that landmarilogs could overlap. This was done
by choosing an equidistant grid ¢f = 20 landmark points in the intervé$; = 0.0 years,sq = 4
year$. A prediction window of 1 year was used. Here, the stacked dat contained multiple
infections from the same individual, which were sometim@simon to different landmark periods.

i Non-overlapping landmark periods were chosen by selgai sequence of points betwelen =
0.0 years ands = 9.5 years with half a year in between. A prediction window of 0.5 yearswa
used. As opposed to the overlapping landmark setting, Inere was no repetition of the same
infections within an individual over the landmark periods.

For both settingsthe censoring times were generated from a uniform distohut/[0,10]. We fitted
separate models per landmark period, followed by fittingesoq@dels that assumed a shared frailty term
for an individual over the landmark periods, a constant data effect, and with and without landmark
as stratum variable.

Simulation study results

The results are summarized in tableand2. We represent the true parameter values as "True” and the
square root of the mean squared error as "RMSE”. The columeai¥ contains the mean over the 250
simulated data sets. The bias is the difference betweernvédrage estimate over all simulations and the
true parameter value. As shown in taBlehe estimates of ando? from analyzing the simulated data
sets using a standard frailty model (that is, the originah dats without stacking) were close to their
true values. In tablé we summarize findings from the per landmark analysis.the separate landmark
analysis, the estimategls were close to the true value. On the other hand the estihegte showed a
slightly larger downward bias compared to the estimate fitoenstandard frailty model, which could be
attributed to the smaller sample size of the separate larkddada sets.

For the setting with overlapping landmark periods, resutisr a supermodel that included landmark
as stratum variable showed a very small upward biasgfaand a substantial upward bias fo?
(table 2). Similar findings were observed from supermodels thatrassua common baseline hazard
over landmarks (results not shown). For the setting with-ogrlapping landmark periods, since the
likelihoods for supermodels with and without landmark aatsim variable were equivalent to those from
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analyzing the original data without stacking, we obtairgahtical estimates. We show the estimates from
the supermodel that included landmark as stratum variattkele?2.

Application to the kidney transplantation data

First, for the setting with overlapping landmark perio@dmark time points were defined by choosing
an equidistant grid of) = 40 points in the intervals; = 0.083 years,sg = 3.50 years|, representing
the period between 1 month after transplant to 3.5 yearstpassplantation. A prediction window

of 1 year was chosen. For the setting with non-overlappingrgark periods, due to limited follow-up
time, only @ = 11 points were selected in the intenfal = 0.083 years andsg = 5.083 year$ with
half a year in between. A prediction window of 0.5 year wasduser both settingsy was chosen
such that there was a sufficient number of repeated evertseafery landmark, andl; (s) was defined
as the number of infections in the previous landmark pefiodigure 2 the proportions of individuals
experiencing 0, 1 or more than one UTI’s at the different faadks window periods are shown for the
settings with overlapping (left panel) and non-overlagpiright panel) landmark periods.

The effects of all covariates were initially estimated byxin@zing the integrated partial likelihood
(12) on each landmark data set separately. Next we fitted thep@mtkent-frailty, shared-frailty and
nested-frailty models by maximizing their various intagrh(pseudo-)partial likelihoods. A second-order
polynomial of landmark time was used to smooth the effecheffarameters over landmarks.

Results

In the setting with non-overlapping landmark periods, théependent-frailty model gave an Akaike
information criterion (AIC) of 3238.14 which was lower th#hose of the shared-frailty (3316.13) and
the nested-frailty (3241.70) models, as well as the sum @fAIC’s over the analyses per landmark
(3271.13). Figure presents the parameter estimates from the per-landmaljsemaepresented by the
grey lines and grey confidence bars (non-overlapping lankliperiods), and also the variance of the
landmark specific random effect. The estimates seemed mdesstable across the landmark points
for all covariates. Wider confidence intervals were obsgaethe later landmark points probably due
to the decreasing sample sizes. The variance of the landspagific random effect decreased over
the landmark time points. Figurg also shows the smoothed estimates over the landmarks frem th
supermodels and thet5%-confidence intervals. We show only estimates for the inddpet-frailty
(solid black lines) and shared-frailty (dashed black jnesdels. Apart from cd8, it seemed that the
quadratic effect of landmark time had no added value in shingtthe effect of parameters over the
landmarks. However for both the supermodels, a multivari&ald test showed that the interactions
between the quadratic landmark time and the different catess were significantly different from zero
(p values<0.005). We also observed in figuBehat both supermodels followed the estimates from the
per-landmark analysis fairly well (except for the smootkstimates of infection history from the shared-
frailty model), and had much smaller confidence intervadstthose from the per-landmark analysis.
Figure4 presents the results from the setting with overlappingraatt periods. Smaller confidence
intervals were obtained from the per-landmark analysimpared to the setting with non-overlapping
landmark periods, probably due to the use of a wider landmparlod comprising more data. We also
observe in figurel that estimates (in absolute values) from the sharedyfraitidel (dashed black lines)
were often larger compared to those of the independerityfraiodel (solid black lines), and were

Prepared using sagej.cls



308

309

310

311

312

313

314

315

316

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

Musoro et al. 11

sometimes not in correspondence with the estimates frosefperate landmark analysis. Similar findings
were observed with the nested-frailty model (results nowst), with slightly bigger differences between
the estimates.

We observed that the estimates of infection history from shared-frailty model were biased
downward with respect to the estimates from the per-lankraaelysis. This was more extreme for
the setting with overlapping landmark periods (which desesl over landmarks) and was probably due
to collinearity between event history and the shared fradtm.

Figure 5 shows AUC values calculated at the differgpt’s of the 11 landmark periods based on
the independent-frailty model. AUC values were on averagerad 0.7 over the different landmarks.
This suggest that patients who experienced UTI's withinvthgous landmark periods could be well
distinguished from those who were infection free. Plots ted distribution of the estimated linear
predictors LP Z](s)8(s) + v;s), for patients over the landmarks periods also showed time&verage,
patients who were infected at least once (within a landmariod) had higher scores than those who
were infection free (see supplementary figures land 2).

Discussion

We have extended dynamic prediction by landmarking to angewtith recurrent event data. This was
motivated by data comprising post kidney transplantatiecords of patients with repeated urinary
tract infections and repeated measurements of multipl&ensir First we considered simple frailty
models to estimate infection risk for each landmark sepbratere, time-updated markers were
handled as time-fixed covariates, facilitating the predictof event risk. In scenarios that include
only a single longitudinal marker, Rizopoul@s al.” observed that there was a gain in predictive
performance from using a joint modelling approach instefadmdmarking, for a setting in which the
joint model was correct. However, compared to joint modalsdmark models require fewer modelling
assumptions, hence are probably more robust. Furthermppdying the landmarking approach is more
straightforward, particularly when the analysis involgeseral longitudinal markers.

For the sake of parsimony and power, we also fitted supermadehg a stacked data format that
merged all landmark data sets. Here, parameters could eanebn landmarks in a smooth fashion. For
certain choices of the parameterization of the supermpitefiementation is possible within available
software. Based on the study data, for the setting with nartapping landmark periods, the best
supermodel was the independent-frailty model which allbv@ landmark specific frailties for each
individual.

The landmark models presented in this paper assumed thmb wie same landmark period, the risk of
the first infection is the same as the risk of the second and sd@wever, for a new landmark period the
risk of the first infection changes due to the updated cotesiand new random-effect. Further research
is needed for possible model extensions that would alloveegient infections in the same landmark
period to have a different hazard.

In a simulation study, the estimated parameters in a supih(with a shared frailty term) were
affected by how the landmark periods were selected befarekisiy. When landmark periods were
chosen such that there was overlap of information betwesnédparate landmark data sets (overlapping
landmark periods), the parameter estimates were biaseardpyespecially the estimated variance of the
shared frailty term. This could be attributed to the repgtatainting of several events over the overlapping
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landmark periods. For instance, a patient with 10 recuirdattions that are counted several times will
be way more frail than another patient who was infectioe-tfe@oughout, hence inflating the variation.
This may also explain why with the real data example, for #térsg with overlapping landmark periods,
the estimates from the shared-frailty and the nest-frailiydels were sometimes larger and not in
correspondence with the per-landmark analysis. More ate@stimates were obtained in the simulation
study when a supermodel was fitted to a stacked data set cingpnion-overlapping landmark periods.
Thus, as opposed to the setting with a single-type evenbtitairs only once, where the stacked data sets
often comprise overlapping landmark periods, it may beghbétt use non-overlapping landmark periods
for recurrent events data, particularly when fitting supsateds with a shared frailty term.

When using frailty models with left truncated data, it is imjamt to deal with the information of
left truncation into the distribution of the random effetts In our data, there was left truncation at
each landmark time point since only a subset of patients wére wstill under follow-up were used. It is
possible that only the less frail patients are dynamicatgined over the landmark periods, causing the
composition of patients with respect to their random efféotdiffer over landmarks. Failure to correct
for this would lead to biased estimates. However, for ouadais was not the case since there were very
few deaths and end of follow-up was mainly due to administeateasons.

All analysis was performed using theoxnme package in the R statistical software since it was
straightforward to fit supermodels with stratification onaagk number of landmark time points (up
till 40 landmarks for our data). We have also shown in a situtastudy that the partial likelihood
estimation procedure (vi@oxme) works well. With respect to computation time, apart frora tiested-
frailty model which ran for a few hours (on a computer with 2 @IRAM and a frequency of 3.16 GHz),
all the other models took a couple of seconds to a few minaotest As a sensitivity check, we compared
estimates froncox e to those from a full likelihood approach via theai | t ypack packagé”? in the
R statistical software, for the per-landmark analysis dadindependent-frailty model. A small number
of landmarks was used sinfe ai | t ypack allowed for a maximum of 6 strata. The estimates from
both software packages were comparable. Other softwaleageas for analyzing recurrent event data
have been discussed in the literatlite
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Figure 1. Individual profiles for cd4, cd8, nk and bcl. Circular points represent patients with a single marker
measurement
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Figure 2. Proportion of individuals with 0, 1 and > 1 UTI's per landmark period for the settings with
overlapping (left panel) and non-overlapping (right panel) landmark periods.
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Figure 3. Estimated parameters of covariates from the analysis per landmark (grey), the independent-frailty
model (solid black lines) and the shared-frailty model (dashed black lines) for the setting with non-overlapping

landmarks.
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Figure 4. Estimated parameters of covariates from the analysis per landmark (grey), the independent-frailty
model (solid black lines) and the shared-frailty model (dashed black lines) for the setting with overlapping
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Figure 5. AUC per landmark point based on predicted probabilities using the independent-frailty model in the
setting with non-overlapping landmark periods
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Table 1. Simulation study results from the analysis per landmark based on 250 data sets (n = 500).

B (True=1.6) o2 (True=0.1225)
Landmark Mean Bias RMS$ Mean Bias RMSE

1 1.5965 -0.0035 0.04370.1197 -0.0028 0.0183
2 1.5880 -0.0120 0.05150.1206 -0.0019 0.0183
3 15880 -0.0120 0.05550.1196 -0.0029 0.0182
4 1.5853 -0.0147 0.06040.1210 -0.0015 0.0191
5 15862 -0.0138 0.05450.1203 -0.0022 0.0198
6 15891 -0.0109 0.055y0.1199 -0.0026 0.0218
7 1.5898 -0.0102 0.05950.1211 -0.0014 0.0229
8 15788 -0.0212 0.06650.1214 -0.0011 0.0214
9 1.5887 -0.0113 0.06380.1206 -0.0019 0.0233
10 15820 -0.0180 0.07360.1201 -0.0024 0.0244
11 15891 -0.0109 0.07380.1216 -0.0009 0.0254
12 15942 -0.0058 0.07840.1208 -0.0017 0.0271
13 1.5858 -0.0142 0.09240.1183 -0.0042 0.0311
14 1.5943 -0.0057 0.09220.1173 -0.0052 0.0310
15 1.5872 -0.0128 0.10080.1173 -0.0052 0.0340
16 1.5908 -0.0092 0.11200.1178 -0.0047 0.0407
17 15965 -0.0035 0.12440.1121 -0.0104 0.0450
18 15927 -0.0073 0.14330.1208 -0.0017 0.0512
19 1.6073 0.0073 0.18170.1194 -0.0031 0.0645
20 1.6051 0.0051 0.35240.1193 -0.0032 0.1370

Table 2. Simulation study results based on 250 data sets (n = 500).
Parameters  True Mean Bias RMSE

Unstacked data
(standard frailty model)

g 1.6 1.5905 -0.0095 0.0358
0.1225 0.1223 -0.0002 0.0095

)
(&)

Stacked data, with strata
(overlapping intervals)

B 1.6 1.6121 0.0121 0.0389
0.1225 0.1588 0.0363 0.0381

Q
[\v]

Stacked data, with strata
(non-overlapping intervals)

Ié] 1.6 1.5905 -0.0095 0.0358
0.1225 0.1223 -0.0002 0.0095

Q
no
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Supplementary Figure 1. Distribution of linear predictors from the per-landmark analysis (upper panel) and
the independent-frailty model (lower panel) for the setting with non-overlapping landmarks, for landmarks, 1, 2
and 3. This included only patients who were still under follow-up at various landmark periods. "no infection”, "1
infection”, and "> 1 infection” stand for individuals who did not experience any infection, had only 1 infection,
and had more than 1 infection at each landmark period.
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Supplementary Figure 2. Distribution of linear predictors from the per-landmark analysis (upper panel) and
the independent-frailty model (lower panel) for the setting with overlapping landmarks, for landmarks, 1, 2 and

3. This included only patients who were still under follow-up at various landmark periods. "no infection”, "1

infection”, and "> 1 infection” stand for individuals who did not experience any infection, had only 1 infection,
and had more than 1 infection at each landmark period.
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