
Personalized dynamic risk assessment in
nephrology is a next step in prognostic research
Milos Brankovic1,2, Isabella Kardys1, Ewout J. Hoorn3, Sara Baart1, Eric Boersma1 and Dimitris Rizopoulos4

1Department of Cardiology, Erasmus Medical Center, Rotterdam, The Netherlands; 2School of Medicine, University of Belgrade, Belgrade,
Serbia; 3Division of Nephrology and Transplantation, Department of Internal Medicine, Erasmus Medical Center, Rotterdam, The
Netherlands; and 4Department of Biostatistics, Erasmus Medical Center, Rotterdam, The Netherlands

In nephrology, repeated measures are frequently available
(glomerular filtration rate or proteinuria) and linked to
adverse outcomes. However, several features of these
longitudinal data should be considered before making such
inferences. These considerations are discussed, and we
describe how joint modeling of repeatedly measured and
time-to-event data may help to assess disease dynamics
and to derive personalized prognosis. Joint modeling
combines linear mixed-effects models and Cox regression
model to relate patient-specific trajectory to their
prognosis. We describe several aspects of the relationship
between time-varying markers and the endpoint of interest
that are assessed with real examples to illustrate the
aforementioned aspects of the longitudinal data provided.
Thus, joint models are valuable statistical tools for study
purposes but also may help health care providers in
making well-informed dynamic medical decisions.
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A pplication of longitudinal study designs to assess
dynamics of medical conditions is currently gaining
interest in the general medical community and

particularly in the field of nephrology.1–5 Such study designs
entail repeated measurements of biological markers (e.g.,
proteins in the blood or urine) over the time course of the
disease to infer patient prognosis.

As an illustrative example we will consider a study by Bran-
kovic et al., who investigated how longitudinal trajectories of
several glomerular and tubular markers in patients with chronic
heart failure relate to their prognosis.6 Samplesweremeasured at
fixed 3-month intervals during 2-year follow-up. Compared
with studies that measured these markers at baseline only
and related them to patient prognosis, the repeated-measures
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The Editors refer the reader to the previous article
by Brankovic et al., “Patient-Specific Evolution of
Renal Function in Chronic Heart Failure Patients
Dynamically Predicts Clinical Outcome in the Bio-
SHiFT Study,” published in the April issue of
Kidney International (2018;93:952–960, https://
www.kidney-international.org/article/S0085-2538
(17)30729-9/fulltext). The authors considered the
dynamic changes of glomerular and tubular
markers over time as predictive indicators of
adverse cardiac events, including acute cardiac
failure, heart transplantation, and/or requirement
for left ventricular assist device placement and
cardiac-related death in a cohort of patients with
chronic stable heart failure. Using sophisticated
joint modeling techniques, characterized by a
combined linearmixed andCox regressionhazard
model, the authors assessed the true trajectory of
repeatedly measured biomarkers for the predic-
tion of an event of interest. Details of the joint
modeling (including a sample R code) and the
computational advantages of application of this
type of model in prognostic research to inform
personalized decision-making in nephrology are
highlighted in this Technical Note.
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design used by Brankovic et al. carries several advantages.7 Most
importantly, it reflects disease dynamics better than the single-
baseline assessment. However, when analyzing repeatedly
measured biomarkers, the question arises how to properly relate
them to prognosis.7 To do this, several approaches can be uti-
lized, including the time-dependent Cox model (TDCM).8

Alternatively, joint models (JMs) of repeatedly measured and
time-to-event data can be performed.

Reasons for choosing JMs over TDCM for estimating
prognosis using time-varying markers are discussed below,
including data collection, data analysis, as well as the meth-
odologic concept behind JMs.

DATA COLLECTION
First, if repeated measurements are not collected at equally
spaced time points or not all patients have the same number
of measurements, the longitudinal data are unbalanced.9 This
is often seen when treating physicians determine how often
study visits should take place for data to be taken. For
example, Breidthardt et al.4 studied whether worsening renal
function (WRF) predicts mortality in patients admitted for
acute heart failure. They defined WRF as in-hospital increase
in serum creatinine $0.3 mg/dl, and treating physicians
determined the timing of serum creatinine sampling. Here,
the sicker patients were likely to be monitored more closely
(i.e., have more measurements taken) than the less-sick pa-
tients. Consequently, the likelihood of finding WRF would
increase in sicker patients. This unbalanced data collection
would falsely strengthen the association between WRF and
mortality if this relation is modeled improperly.

Second, even when patient visits occur at fixed time points
by a prespecified study protocol, longitudinal data may
become unbalanced. This occurs in 3 situations: when pa-
tients’ measurements are not performed in the beginning but
start later during follow-up (“late entry”), when patients skip
some of the scheduled visits (“intermittent missing”), or
when patients withdraw before the study ends (“early
dropout”).7 In all situations the longitudinal data become
unbalanced because of missing values. Importantly, if the
reason for the missing values is related to patients’ survival
(e.g., patient misses visits because of deteriorating condition),
TDCM becomes inadequate because it assumes that missing
values are independent of survival.7 For example, Li et al.10

studied longitudinal creatinine-based glomerular filtration
rate trajectory in the African American Study of Kidney
Disease in Hypertension trial. Here, 23% of patients were
excluded because they withdrew before collection of a suffi-
cient number of measurements. In the majority, the reasons
for withdrawal were related to their time-to-event because
they died or were started on renal replacement therapy before
sufficient serum creatinine measurements were obtained.

DATA ANALYSIS
Covariates measured (or collected) on patients are internal
(i.e., endogenous) predictors. This is important to note
because for any internal predictor (i.e., biomarker), future

measurements potentially depend on the patient’s survival,
which should be considered when analyzing such cova-
riates.11,12 This is because of 2 reasons: patients have to be
alive and present at study visits for markers to be measured,
and markers’ values might be affected by his/her condition up
to that visit.7 Additionally, internal predictors are biologically
subjected to variability and can be measured with error.7

Examples of such predictors are serum creatinine, body
mass index, echocardiography measurements, or proteinuria.

TDCM cannot properly handle internal predictors12

because it assumes that their future values are independent
of patient’s survival and measured without error.7 Impor-
tantly, it also assumes that the predictor has the same constant
value between study visits, until it suddenly changes when the
next measurement is obtained (Figure 1a).12 This assumption
is unrealistic because we expect that biomarkers continuously
change, not only when measured. Consequently, TDCM
would produce biased estimates of biomarkers’ effect, mask-
ing their true predictive ability. For example, Asar et al.5

studied whether repeatedly measured creatinine-based
glomerular filtration rate predicts initiation of renal replace-
ment therapy in 1611 patients from the Chronic Renal
Insufficiency Standards Implementation Study. They showed
that the hazard ratios for renal replacement therapy were
considerably underestimated by TDCM as compared with
JMs (hazard ratios per log-unit creatinine-based glomerular
filtration rate decrease: 12.3 vs. 38.7). This advantage of JMs
over TDCM has been demonstrated by theoretical work and
other simulation studies.7,11–13

METHODOLOGICAL CONCEPT
The JMs combine 2 models: linear mixed-effects (LME)
models and the basic Cox model.9 The LME models estimate
a marker’s trajectory using repeated measurements; the Cox
model estimates patients’ time to event.

The LME models use the 2-component equation. The first
“fixed-effect” component estimates a marker’s average trajec-
tory over all patients. The second “random-effect” component
estimates by howmuch an individual patient deviates from this
average trajectory (Figure 1b). By using these 2 components of
information the patient-specific trajectory is constructed.
Through the “random-effects” component they allow repeated
measurements taken on the same patient to be correlated, and
they work well with unbalanced data.12 Notably, the functional
form of time is an important aspect of LME models. That is, in
case the patient-specific trajectories are nonlinear, care should
be taken in the specification of the fixed- and random-effects
components; polynomials or splines could be used to model
such nonlinear profiles. Altogether, this allows a longitudinal
trajectory estimated by LME models to correspond more
naturally to the marker’s biological evolution than the “jerky”
trajectory assumed by TDCM (Figure 1a).

Subsequently, JMs combine LME and Cox models to relate
patient-specific trajectory to his/her prognosis (Supplementary
Figure S1). By doing this, JMs handles a marker’s missing data
andmeasurement error that can occur during follow-up.14 JMs
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