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Chapter 1
Introduction and thesis outline

Chapter 1

Introduction
Prediction models are valuable tools in clinical practice, especially in the monitoring,
screening, and management of chronic diseases. They aid in identifying patients at high
risk of being or becoming ill by the estimation of subject-specific probabilities of clinical
outcomes [1]. Doctors may adapt medical decisions depending on the risk the patients
have to experience progressions, for instance by changing the treatment and the
frequency of the follow-up visits.
Most classical prediction models are characterized by using single measurements of
predictor variables, for example the baseline measurements of a biomarker or several
biomarkers. However, models that use trajectories of biomarkers over time would
produce more accurate prediction that can be updated when new extra measurements
become available.
Many published papers have presented advanced statistical techniques for the analysis
of repeated measurements and their application to obtain dynamic prediction of future
outcomes [3-6]. Most of these methods focus on simultaneous modelling of longitudinal
and survival data [4, 7, 8]. While these methods are useful when time-to-event data are
available, there are many cases where the outcome is continuous or binary, e.g., when
the timing of the occurrence of the outcome is either unknown or not of interest.
However, in contrast with time-to-event outcomes, there is a lack of studies that clearly
demonstrate how to obtain and update predictions for a future binary or continuous
outcome using repeatedly measured biomarkers [7]. In this thesis we give a clear
overview, a comparative evaluation, and practical applications of various approaches for
prediction of binary and continuous outcomes based on repeatedly measured predictors.
There are a variety of statistical methods one could use to predict a binary outcome.
Logistic regression is the most popular one, it allows to model the probability of the binary
outcome, yet it is not suited to directly model the development of the biomarker over
time. One could consider including the repeated measurements of the biomarker by using
summary measures that capture the change over time. For this situation, the summary
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measures could be latent variables (e.g., subject-specific random intercepts and slopes)
that summarize the evolution of the longitudinal data over time through a mixed effects
model. Then these summaries can be linked to the subject-specific risk of developing the
binary outcome using logistic regression, either in separate steps through a two-stage
approach [9], or by using a joint modelling approach (JM-Bin) where simultaneous
estimation of parameters from the longitudinal biomarker and the binary outcome is
done [10]. The two-stage method and JM-Bin were used for prediction in several studies
[9-11], yet the dynamic application of these methods was not well established in the
literature. In this thesis, we present an illustrative overview and a tutorial for the two
approaches to obtain dynamic prediction based on repeated measurements of a
biomarker, which serves as a guide to help practitioners to apply these methods and
consequently contributes to better personalized decisions on interventions for patients.
In some clinical studies the interest is to classify patients into various groups
corresponding to severity of their disease status or disease progression, based on the
observed trajectories of biomarkers over time. Discriminant analysis (DA) is one of the
widely used statistical methods for classification purposes. The extension of DA for
longitudinal data, the longitudinal discriminant analysis (LoDA), was proposed by
Tomasko et al. (1999) and Marshall and Barón (2000) [12, 13]. The LoDA framework is a
flexible and dynamic approach in which we use available longitudinal data to accurately
classify patients into prespecified groups (such as diagnosis groups). The LoDA framework
starts with modeling the longitudinal biomarker distribution using a mixed effects model
separately for subjects with and without the outcome of interest in available, historic data.
Then, for a new subject, it estimates the probability of the biomarker measurements and
obtains prediction using a discriminant rule based on Bayes’ theorem.
JM-Bin and LoDA use the same information for prediction, however they handle it
differently. In JM-Bin, predictions typically are based on the subject-specific deviations
from the overall mean trajectory of the longitudinal biomarker, while LoDA models the
distribution of the longitudinal biomarker separately per group. These structural
differences between JM-Bin and LoDA may result in different predictive performance in
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different scenarios. Between the two approaches, JM-Bin and LoDA, which one is the best
to provide dynamic prediction? We tried to answer this question in one of the presented
studies in this thesis, where we performed a simulation study to compare the two
approaches and to explore the situations where one of them outperforms the other.
In all the previously mentioned models, the linear mixed model is used for capturing the
trend and the heterogeneity (for example, subject‐to‐subject variation) in the longitudinal
biomarker and using these for prediction. JM-Bin assumes one normal distribution for the
random effects and LoDA assumes one normal distribution for the random effects per
group. However, heterogeneity cannot always be fully captured by the usual assumptions
of distributions for the random effects. The latent class mixed model (LCMM) which is a
relatively new approach, aims to utilize all available information in the repeated
measurements using flexible random effects models that capture the change of the
trajectory over time (like JM-Bin and LoDA), while allowing the subjects to have different
distributions and therefore to be classified to separate homogenous subgroups [14].
LCMM helps to identify different groups based on longitudinal trajectories of certain
outcomes and allows a better understanding of the causes of between-individual
variation in certain features. Of relevance to this thesis, LCMM is well suited to be used
for prediction based on longitudinal predictor trajectories. In this context the prediction
is performed in two stages: first, several distinct groups of subjects are identified based
on the longitudinal trajectories using LCMM, then in the second stage the identified
groups are used as predictors in a regression model. In this thesis, we present two
examples for using latent class analysis for prediction of a long-term response.
This thesis aims to provide an overview of the currently utilized approaches to incorporate
repeated measurements for prediction. More specifically it provides understanding,
comparison, and applications of several available methods for (dynamic) prediction of a
prospective outcome based on repeated measurements, namely the: two-stage method,
joint modeling approach, longitudinal discriminant analysis and the latent class analysis.
These methods can be used to address several types of public health problems. First, they
can help to understand how changes in a biomarker or other longitudinal variable are
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related to changes in status of a subject (Note that in prediction modeling the existing
relation should be interpreted with caution as it does not always imply causation). Second,
they can be used to predict the outcome of a subject based on the trajectory of the
longitudinal outcome, thus providing information that can be used in a personalized
medicine setting. This allows investigators to identify potentially harmful patterns and
intervene at an earlier stage.

Outline of the thesis
This thesis focuses on the methodology of common statistical approaches which are used
for (dynamic) prediction based on repeatedly measured predictors. Chapter 2 is a tutorial
that provides an illustrative overview of the two-stage method and the joint modelling
approach to obtain dynamic predictions using both the maximum likelihood and Bayesian
frameworks. We first illustrate the four modeling approaches using a real example data
set, and then we show how the performance of these approaches differs in response to
changes in the within- and the between-subject variability using simulations. The
predictive performance is checked and internally validated using bootstrapping. Chapter
3 presents a simulation study to compare the dynamic predictive performance of the joint
model for the longitudinal biomarker and binary outcome (JM-Bin) and the longitudinal
discriminant analysis (LoDA) and to explore the situations where one of them
outperforms the other. In this chapter we investigate the influence of changes in the
proportion of subjects with the outcome of interest and changes in the subject-specific
variability of the biomarker on the predictive performance of the two approaches. We use
various simulation scenarios informed by a real-world dataset. In chapter 4 we provide
an interesting application of latent class analysis to predict response to early highintensity physiotherapy training after Total Knee Arthroplasty based on longitudinal
trajectories of walking speed during the training. In this study we aimed to answer the
following two research questions; (1) can groups of patients be distinguished based on
their functional outcome during an early physiotherapy program after TKA? and if yes, are
these groups predictive to the outcomes of TKA surgery and physiotherapy? We used the
latent class mixed model (LCMM) to classify patients into groups according to their walking
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speed trajectories during the program. Then the association between the outcomes and
the identified groups was assessed using multivariable regression. Chapter 5 describes
another application using data from the same cohort as used in chapter 4. Latent class
analysis was used to distinguish classes of patients based on recovery trajectories over 6
weeks. Multivariable regression analyses were used to identify associations between the
classes and one-year outcomes. Chapter 6 provides a general discussion of the presented
prediction approaches and points to directions for future research and practice.
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Abstract
Dynamic risk predictions based on all available information are useful in timely
identification of high-risk patients. However, in contrast with time to event outcomes,
there is still a lack of studies that clearly demonstrate how to obtain and update
predictions for a future binary outcome using a repeatedly measured biomarker. The aim
of this study is to give an illustrative overview of four approaches to obtain such
predictions: likelihood based two-stage method (2SMLE), likelihood based joint model
(JMMLE), Bayesian two-stage method (2SB), and Bayesian joint model (JMB). We applied
the approaches to provide weekly updated predictions of post–molar gestational
trophoblastic neoplasia (GTN) based on age and repeated measurements of human
chorionic gonadotropin (hCG). Discrimination and calibration measures were used to
compare the accuracy of the weekly predictions. Internal validation of the models was
conducted using bootstrapping. The four approaches resulted in the same predictive and
discriminative performance in predicting GTN. A simulation study showed that the joint
models outperform the two-stage methods when we increase the within- and the
between-patients variability of the biomarker. The applicability of these models to
produce dynamic predictions has been illustrated through a comprehensive explanation
and accompanying syntax (R and SAS®).

Keywords
binary outcome, dynamic prediction, joint model, longitudinal biomarker, two-stage
method
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Introduction
Often, patients’ biomarkers are repeatedly measured over time during follow-up visits. In
this setting, a key quantity of interest is the prediction of a future outcome based on all
available information known up to a certain point of time. These predictions are updated
as new extra measurements become available and can be useful in timely identification
of high-risk patients, who may benefit from early intervention or treatment.
The use of longitudinal measurements to obtain updated predictions of the risk of a
future binary outcome cannot be done efficiently with a classical model like multiple
logistic regression, because this is not particularly suited to directly model changes of the
biomarker over time. Moreover, the longitudinal biomarkers are usually measured with
error, which would tend to attenuate the coefficient of the regression model reflecting the
relation between the risk of the future outcome and the biomarker, leading to
underestimation of the association between the biomarker and the risk of the outcome.
To address this, one could consider including the repeated measurement of the
biomarker by using summary measures that capture the change over time. Ideally for this
situation, the summary measures could be latent variables (e.g., subject-specific random
intercept and slope effects) that summarize the evolution of the longitudinal data over
time through a mixed effects model. Then these summaries can be linked to the subjectspecific risk of developing the binary outcome using logistic regression, either in separate
steps through a two-stage approach [1], or by using a joint modelling approach where
simultaneous estimation of parameters from the longitudinal biomarker and the binary
outcome is done [2]. The early development of the two-stage method and joint modelling
was mainly focused on the relation between a longitudinal predictor and a survival
outcome [3-5]. However, in many applications the exact timing of the event is either
unknown or not informative. For such cases, analogous models for a longitudinal
predictor with a binary outcome are needed.

In this paper we propose a framework of four possible approaches to predict the risk of
a future binary outcome based on a repeatedly measured predictor. We consider the two-
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stage method and the joint modeling approach, using two different estimation methods:
maximum likelihood and Bayesian. Moreover, using the resulting models, we show how
to obtain dynamically updated subject-specific risk predictions for new patients at each
time additional measurements of the longitudinal biomarker are recorded. We first
illustrate the four modelling approaches using a real example data set, and then we show
how the performance of these approaches differs in response to change in the withinand the between-subject variability using simulations. We explain the approaches with
theory and programming syntax (R and SAS®) [6, 7], and show that the discussed
approaches together with the accompanied syntax are a useful toolbox to obtain updated
predictions based on data recorded over time.

Example data set
Gestational trophoblastic diseases (GTD) are a group of pregnancy-related diseases
including hydatidiform moles. Although curable in most cases, progression to invasive
and life-threatening disease occurs in 10-15% of cases [8]. Then trophoblastic tissue by
suction curettage (evacuation) is often performed as it is the recommended treatment of
choice after diagnosis of GTD. After this evacuation procedure, patients are at risk for
post molar gestational trophoblastic neoplasia (GTN) which is characterized by
persistently elevated serum levels of human chorionic gonadotropin (hCG) [9].
Several studies discussed the challenge of predicting post-molar GTN based on either
single hCG measurements or a summary measure like the decline rate that captures the
change in hCG over time [10-12]. Eysbouts et al. developed a practical and easy tool to
obtain subject-specific risk predictions of post-molar GTN for each of the first four weeks
after evacuation, based on serum hCG [13]. Recently, Khosravirad et al. investigated the
use of subject-specific random effects as summary measures to make the best use of the
weekly collected hCG measurements to predict post molar GTN using a two-stage model;
they showed that using hCG levels for the last two weeks is as good as using hCG levels
from all the four follow up weeks [14].
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Motivated by the importance of early detection of GTN in women with molar pregnancy,
we use the data obtained from the Dutch Central Registry for hydatidiform moles at the
Radboud university medical center in Nijmegen (Radboudumc). All patients with available
serum hCG data obtained after mole evacuation surgery were included. The main
outcome of our study is the presence of GTN, which is a binary outcome. The GTN status

was determined only after following the patients up to a maximum of 7 weeks.
Since the exact time of GTN development is unknown a model for a binary
outcome is needed. There were 299 women in the uneventful group (GTN=0), and 140
patients with a confirmed diagnosis of post molar GTN in the persistent trophoblastic
disease (GTN=1) group. Serum hCG levels (ng/mL) taken between two and seven weeks
after evacuation were retrospectively evaluated for all women. A total of 1674 serum hCG
measurements were available, ranging between one and 6 measurements and with a
median of four measurements per woman. The hCG levels were 10 log-transformed and
assigned per ‘week since evacuation’.
Plotting subject-specific data is always recommended before conducting any data
analyses. Figure 1 represents the longitudinal profiles of the 10-log transformed hCG
measurements over time using a spaghetti plot which is useful for graphically displaying
the change of the longitudinal data over time. In general, the hCG levels in the group of
patients who develop GTN are higher and more stable compared to the hCG levels in the
uneventful group which start at lower levels and decrease with time. Women with postmolar GTN presented at a slightly older age than those of the uneventful group, with mean
ages of 31.2 (SD 7.0) and 30.0 (SD 6.9) years, respectively.
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Figure 1: 10 log-transformed hCG profiles for randomly selected women in the first seven weeks
after mole evacuation. (Solid red lines= GTN patients, dashed black lines= uneventful women).

Statistical Framework
In this section we discuss a conceptual framework, presented in Figure 2, for providing
updated risk prediction of a binary outcome based on longitudinal measurements, using
the following four modeling approaches:
1. Maximum Likelihood based two-stage method (2SMLE).
2. Maximum Likelihood based joint model (JMMLE).
3. Bayesian two-stage method (2SB).

4. Bayesian joint model (JMB).
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Figure 2: The conceptual framework for dynamic prediction of a binary outcome based on

longitudinal biomarker measurements.
We applied the four approaches using the GTN database, from which we excluded two
patients, whose data was used later (Section 4.3) to illustrate the dynamic prediction
phase for two individual patients. We used R software version 3.3.3 [6], SAS® version 9.4
[7] and JAGS 4.3.0, and we provided the detailed syntax to implement the above
framework, see the supplementary material on the journal’s web page
(http://onlinelibrary.wiley.com/doi/10.1002/bimj.201900044/suppinfo).

Development of the historic model
The two-stage approach
The two-stage approach was proposed by Tsiatis et al. to analyze a longitudinal predictor
in combination with survival data [15]. We apply the same concept, but for a binary
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outcome, where in the first stage, the whole evolutions of the repeated biomarker
measurements are summarized by random effects obtained by fitting a linear mixed
model, and in the second stage the resulting random effects are used as covariates in a
logistic regression model to predict the risk of the future outcome (GTN).
A key step in the model development is specifying the function for the fixed and the
random effects. In our example, the most plausible model to describe the change of the
log(hCG) over time is a random intercept and random slope model to capture both the
variation in the starting levels of hCG and the linear change of these measurements over
time (week 2 until week 7) (see Figure 1). However, the random intercept and random
slope model may not always be the best fit for the data, for example, the change of the
biomarker could be quadratic in time and in this case to better capture the shape of the
subject-specific longitudinal trajectories we need to include extra random-effect terms.
This could be achieved using, for instance, polynomials or regression splines.
The inclusion of patients’ baseline characteristics, such as age at evacuation, along the
hCG repeated measurements may improve GTN prediction. Age may influence both the
evolution of hCG over time as well as the development of GTN. Hence, and for illustrative
purposes, we included age in both model stages. In other situations, it might be sufficient
to include additional predictors like age only in one of the stages, e.g., only in the
prediction stage if the predictor is only relevant for the binary outcome but not for the
longitudinal profile of the biomarker.
Let log(hCG)�� represent the 10 log-transformed hCG longitudinal measurements for

patient 𝑖𝑖, 𝑖𝑖𝑖 = 1, … , 439, at week 𝑡𝑡, 𝑡𝑡 = 2, … , 7. The model for the first stage can be written
as follows:

𝐥𝐥𝐥𝐥𝐥𝐥(𝐡𝐡𝐡𝐡𝐡𝐡)𝒊𝒊𝒊𝒊 = 𝜷𝜷𝟎𝟎 + 𝒃𝒃𝟎𝟎𝟎𝟎 + (𝜷𝜷𝟏𝟏 + 𝒃𝒃𝟏𝟏𝟏𝟏 )𝒕𝒕 + 𝜷𝜷𝟐𝟐 𝐀𝐀𝐀𝐀𝐀𝐀𝒊𝒊 + 𝝐𝝐𝒊𝒊𝒊𝒊

(1)

where 𝛽𝛽� , 𝛽𝛽� and 𝛽𝛽� are unknown fixed effect parameters, 𝑏𝑏�� and 𝑏𝑏�� are unknown

patient specific random intercept and slope respectively which are assumed to have a
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bivariate normal distribution with mean zero and covariance matrix 𝐷𝐷, 𝐴𝐴𝐴𝐴𝐴𝐴� is patient age
at the time of evacuation, and 𝜖𝜖�� is the residual error for patient 𝑖𝑖 at week t with a normal
distribution 𝑁𝑁(0, 𝜎𝜎� � ), which is assumed to be independent of the random effects. Initially,

we included both linear and quadratic effects in the linear mixed model to describe the
change of hCG over time. The model with quadratic curves resulted in a better fit to the
data, with a lower AIC (Akaike information criterion) when compared to the model with
linear trajectories. However, both models resulted in the same prediction accuracy when
used later to predict GTN, so we decided to use the model which assumes linear
trajectories on the grounds of parsimony.
In the second stage, patient age as well as the point estimates of the subject-specific
random effects, 𝑏𝑏�� and 𝑏𝑏�� (see section 3.1.3 and Figure 3 for more information on how
the random effects are estimated), from stage 1 were used as predictors in a logistic
regression model with the status of GTN as the outcome:
�𝟎𝟎𝟎𝟎 + 𝜶𝜶𝟐𝟐 𝒃𝒃
�𝟏𝟏𝟏𝟏 + 𝜶𝜶𝟑𝟑 𝑨𝑨𝑮𝑮𝑮𝑮𝒊𝒊 ,
𝐥𝐥𝐥𝐥𝐥𝐥𝐥𝐥𝐭𝐭(𝑷𝑷(𝑮𝑮𝑮𝑮𝑮𝑮𝒊𝒊 = 𝟏𝟏)) = 𝜶𝜶𝟎𝟎 + 𝜶𝜶𝟏𝟏 𝒃𝒃

(2)

where GTN� reflects the GTN status of patient i, and 𝛼𝛼 = [𝛼𝛼� , 𝛼𝛼� , 𝛼𝛼� , 𝛼𝛼� ] is the vector of the

logistic regression coefficients. The coefficients 𝛼𝛼� and 𝛼𝛼� reflect the strength of
association between the two models. When this association exists the use of the

longitudinal data improves the predictive ability of the logistic regression model
compared to the reduced model using only age as a baseline covariate.
In the above two-stage approach, the logistic model for GTN conditions on the estimated
random effects (𝑏𝑏��� and 𝑏𝑏��� ) from the mixed model of hCG. However, this approach

ignores that these random effects are not exactly known but estimated, which may lead
to underestimation as well as imprecision in the regression coefficients. Therefore, a
longitudinal sub-model with a good fit is needed to produce sufficient random effect
estimates that capture the relevant change of hCG over time.
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The joint modeling approach
Joint modeling is a statistical technique that is used to estimate common parameters of
two or more models simultaneously [16]. Here we use a joint model to combine the sub
models (1) and (2) of the two-stage approach in one model. If we let π� represent the

probability of developing post molar GTN, i.e., 𝑃𝑃(𝐺𝐺𝐺𝐺𝐺𝐺� = 1), the likelihood L for the joint

model can be written as follows:
𝒏𝒏

𝟕𝟕

𝒊𝒊�𝟏𝟏

𝒕𝒕�𝟐𝟐

𝑳𝑳 = � � � 𝝋𝝋(𝝐𝝐𝒊𝒊𝒊𝒊 ) �𝝅𝝅𝒊𝒊 𝑮𝑮𝑮𝑮𝑮𝑮𝒊𝒊 (𝟏𝟏 − 𝝅𝝅𝒊𝒊 )𝟏𝟏�𝑮𝑮𝑮𝑮𝑮𝑮𝒊𝒊 �𝝋𝝋(𝒃𝒃𝒊𝒊 )𝒅𝒅𝒃𝒃𝒊𝒊 ,

(3)

where

𝝅𝝅𝒊𝒊 = 𝟏𝟏⁄(𝟏𝟏 + 𝒆𝒆�(𝜶𝜶𝟎𝟎 �𝜶𝜶𝟏𝟏 𝒃𝒃𝟎𝟎𝟎𝟎 �𝜶𝜶𝟐𝟐 𝒃𝒃𝟏𝟏𝟏𝟏�𝜶𝜶𝟑𝟑 𝑨𝑨𝑨𝑨𝑨𝑨𝒊𝒊) ) ,

(4)

𝝐𝝐𝒊𝒊𝒊𝒊 = 𝒍𝒍𝒍𝒍𝒍𝒍(𝒉𝒉𝒉𝒉𝒉𝒉)𝒊𝒊𝒊𝒊 − (𝜷𝜷𝟎𝟎 + 𝒃𝒃𝟎𝟎𝟎𝟎 + (𝜷𝜷𝟏𝟏 + 𝒃𝒃𝟏𝟏𝟏𝟏 )𝒕𝒕𝒕 + 𝜷𝜷𝟐𝟐 𝑨𝑨𝑮𝑮𝑮𝑮𝒊𝒊 ),

(5)

𝜑𝜑(𝜖𝜖�� ) represents a normal density function with mean 0 and variance 𝜎𝜎� � . Likewise, 𝜑𝜑(𝑏𝑏� )
a bivariate normal density with mean zero and covariance matrix 𝐷𝐷.

The simultaneous estimation of the joint model parameters avoids the potential problem
of the biased estimation in the two-stage approach, because the joint model corrects
automatically for the imprecision in the estimates of the covariates of the second model.

Estimation
The likelihood approaches
In the first stage of the 2SMLE, the restricted maximum likelihood (REML) is used to
estimate the fixed effects (time, age), and the empirical best linear unbiased prediction
(EBLUP) to estimate the subject-specific random effects in the linear mixed model. In the
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second stage, the estimated random effects plus additional relevant covariates are
incorporated as predictors in the logistic regression which is fitted using the maximum
likelihood method. The 2SMLE can be fitted using standard regression tools of statistical
software.
Unlike the 2SMLE, the joint model JMMLE requires the manual specification of the joint
distribution of the two models, which is used to obtain the likelihood function by the
integration over the random effects (𝑏𝑏� ) in equation (3). We used the parameter estimates

of the 2SMLE method as initial values for the JMMLE estimation. Alternatively, one could

search a grid of initial parameter values. The resulting likelihood is maximized with
respect to all its parameters simultaneously. Later, the random effects are obtained with
empirical Bayes methodology.

The Bayesian approaches
Like the 2SMLE, fitting the Bayesian two-stage model (2SB) requires first to estimate the
fixed effects (time, age) of the Bayesian linear mixed model as well as the means of the
posterior distribution of the random effects, followed by estimating the logistic model
parameters in a second stage. This requires specification of the prior distributions for the
parameters of the sub models in each stage, i.e., 𝑝𝑝(𝛽𝛽) in the linear mixed effects model
and 𝑝𝑝(𝛼𝛼) in the logistic regression model. Since our prior knowledge is limited, we used

proper but vague prior distributions which are commonly used for the model’s location
and dispersion parameters. However, in other cases if prior information is available
informative priors could be used.
Stage I priors: we took normal priors with mean zero and variance 10� for the regression

parameters 𝛽𝛽. An inverse gamma prior with shape and scale parameters of 10�� was used
for the residual error variance 𝜎𝜎�� . A multivariate Wishart ( 𝐼𝐼��� , 3) distribution was used
for the covariance matrix 𝐷𝐷 of the random effects.

Stage II priors: we used normal priors with mean zero and variance 10� for the regression
parameters α.
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The same prior distributions were used to fit the Bayesian joint model (JMB). In this model
the

posterior

distribution

𝑃𝑃(𝛼𝛼, 𝛽𝛽|𝒚𝒚, 𝑋𝑋, 𝑍𝑍)

is

proportional

to

the

product

𝑃𝑃(𝛼𝛼)𝑃𝑃(𝛽𝛽)𝐿𝐿(𝛼𝛼, 𝛽𝛽|𝒚𝒚, 𝑋𝑋, 𝑍𝑍), where 𝐲𝐲𝐲is the vector of the available repeated measurements, and

X and Z are the fixed and the random effects design matrices, respectively. We applied
the MCMC technique, where two chains were initiated with 1,000 burn-in iterations and
were run for 10,000 iterations.

The dynamic predictive performance
In this section we used the following dynamic performance measures to evaluate the
dynamic predictive accuracy of the four models (See section 3.2 for more details on how
to obtain the dynamic predictions):
1. The dynamic area under the Receiver Operator Characteristic curve (AUC(t)); a
standard measure for estimating the accuracy of a binary classification using a
continuous marker.
2. The dynamic mean-squared error of prediction (MSEP(t)), which denotes the
average squared difference between the predicted probability and the observed
GTN outcome.
3. The dynamic misclassification error rate (MCER(t)), which is the number of patients
who were misclassified (using a cut-off of 50% for the risk of GTN) divided by the
total number of patients.

The above dynamic measures are based on the predictions obtained using available
longitudinal biomarker measurements until the time of prediction t and the historic
models, e.g., AUC(t) for the JMB represents the area under the ROC curve using the historic
JMB and the repeated hCG measurements that are known up to week t.
The confidence intervals of the dynamic AUC(t)s and the MSEP(t)s in the likelihood
approaches were obtained using bootstrap sampling, where each bootstrap sample was
generated by drawing patients with replacement from the original dataset. In the
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Bayesian approaches the credible intervals of the AUC(t)s and the MSEP(t)s were obtained
using the quantiles of the corresponding posterior distributions.

The internal validation of the dynamic prediction performance
The predictive performances in the above section were assessed using the same dataset
on which the models were developed, which implies that these are apparent predictive
performances and might be optimistic. The most Suitable method to validate a model is
an external validation, where we apply our fitted models to a new population. However,
external validation is not always possible, therefore an unbiased 'internal' validation could
be applied to evaluate the optimism in the model performance. We used the bootstrap
internal validation approach described by Harrell (1996) [17], where the updated
predictions at each time point and for each model were validated using the following
steps:
1. The historic model was fitted using the original dataset, including all n patients and
all time points.
2. The apparent performance measures (AUC(t)��� , MSEP(t)��� and MCER(t)��� ) were
obtained using subset from the original dataset with the available biomarker
measurements up to the corresponding time t.
3. A sample of size n was generated with replacement from the original dataset,
where patients were drawn by identification number.
4. A new model was fitted using the generated sample in step (3) and including all n
patients and all time points.
5. The performance measures for the model in step (4) was tested on the data in step
(3) but using only the data up to time t, i.e., AUC(t)��������� , MSEP(t)��������� and

MCER(t)��������� .

6. The performance of the model in step (4) was also evaluated on a subset from the
original dataset up to time t, i. e.
MCER(t)��������� .

AUC(t)��������� , MSEP(t)���������

and
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7. The optimism in the prediction performance was estimated by subtracting the
measures in step (5) –Step (6), e.g., Optimism(AUC(t)) = AUC(t)��������� −
AUC(t)��������� .

8. Steps 3 to 7 were repeated 100 times, and the average of the optimism values was
calculated.
9. The final bootstrap corrected updated performance measures were obtained by
subtracting the optimism from the apparent measure in step (2), e.g., AUC(t)��� =
AUC(t)��� − Optimism(AUC(t)) .

Subject-specific dynamic prediction phase
In this phase, based on the fitted historic model, the updated predictions for an individual
��� , reflecting the hCG
patient were computed in two steps. First, the random effects 𝒃𝒃
profile corrected for age for a new patient i until week 𝑡𝑡, are predicted from the historic

��� and patient
linear mixed model in (equation (1)). Second, the predicted random effects 𝒃𝒃
age are used as predictors in the historic logistic regression model of equation (2) to
provide at week t the predicted probability of developing GTN for this new patient, 𝜋𝜋��� .

The above two steps are applied differently in the maximum likelihood and the Bayesian
methods. In the maximum likelihood models the random effects are predicted using the
empirical best linear unbiased prediction (EBLUP), where the EBLUP of the random effects
is defined as the mean of their conditional distribution given the repeated hCG
measurements and age [18]. In the Bayesian models, random effects are predicted by
taking the mean of the subject-specific random effects posterior distribution. For more
illustration, see the scheme in Figure 3 and the R syntax in the supplementary material.
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Figure 3: The scheme for predicting GTN for a new patient using the four approaches.

The above steps can be repeated to obtain an updated prediction 𝜋𝜋��� at any time a new

measurement is recorded for this patient, by adjusting the 𝒚𝒚𝒊𝒊𝒊𝒊 vector and the
corresponding 𝑋𝑋�� and 𝑍𝑍�� matrices. They can also be applied to obtain predictions for a

patient with missing observations, by adjusting the design matrices to match the
corresponding available measurements. An example of dynamic prediction calculations
is given in Appendix A.
We explained so far how to obtain GTN predicted probabilities, however, deriving their
standard errors and prediction intervals is rather not straightforward since we need to
account for the uncertainty of both the fixed effects and random effects estimates. To
obtain the 95% prediction intervals for the π
��� based on the likelihood approaches, we
perform bootstrapping to fully account for all sampling uncertainty, as follows.

29

Chapter 2

1. Bootstrap patients (so including their full biomarker trajectory) in the model
development phase to obtain B sets (e.g., B=1000) of the estimated model
parameters for the historic model.
�
2. Obtain B updated GTN prediction probabilities 𝜋𝜋���
for the new patient (following

the scheme in Figure 3).

3. Compute the updated prediction 𝜋𝜋��� and its corresponding 95% prediction interval
�
by taking the percentiles of the probabilities 𝜋𝜋���
in step (2).

In the Bayesian approach, we apply the same steps but instead of bootstrapping we
directly use B samples from the posterior distribution of the model parameters, for more
details see the provided code in the supplementary material.

Results
Model development
We applied the four approaches (2SMLE, 2SB, JMMLE and JMB) using the GTN data set.
Table (1) represents the parameter estimates of the four historic models with their
corresponding 95% confidence and credible intervals. The coefficient for age, 𝛽𝛽�� , in

relation to hCG was estimated to be approximately zero by all approaches, hence we
dropped it from the longitudinal sub models. Comparing the estimates of the association
parameters 𝛼𝛼� and 𝛼𝛼� in the four models, the joint models gave slightly higher than the
two-stage models. The reason for that is attenuation, due to the ignored uncertainty in

the estimated random effects which was not carried forward to the binary sub model in
the two-stage methods. The 95% confidence and credible intervals of 𝛼𝛼� and 𝛼𝛼� in the
binary sub model show a significant association between the longitudinal hCG profile and
the GTN risk in all approaches.
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𝜶𝜶𝟎𝟎
𝜶𝜶𝟏𝟏
𝜶𝜶𝟐𝟐
𝜶𝜶𝟑𝟑

𝝈𝝈𝒆𝒆

𝒅𝒅𝟏𝟏𝟏𝟏

𝒅𝒅𝟐𝟐𝟐𝟐

𝜷𝜷𝟎𝟎
𝜷𝜷𝟏𝟏
𝒅𝒅𝟏𝟏𝟏𝟏
0.17
-0.02
0.18
-3.59
0.44
2.97
-0.02

-0.01

0.19

-2.07
0.92
3.82
0.02
-0.55
1.41
4.68
0.067

0.20

0.00

0.20

-1.75
0.79
3.67
0.02

0.19

-0.01

0.19

2.51
-0.21
0.59

0.18

2.57
-0.20
0.65

2.44
-0.24
0.54

2.50
-0.22
0.59

*2

*1

Confidence interval
Credible interval
*3
A change of 1 unit (unit = d�� ) in 𝐛𝐛𝟎𝟎 leads to 𝛂𝛂𝟏𝟏 units change in log (Odds ratio).
*4
A change of 1 unit (unit = d�� ) in 𝐛𝐛𝟏𝟏 leads to 𝛂𝛂𝟐𝟐 units change in log (Odds ratio).

Longitudinal
sub
model
Fixed Intercept
Fixed slope (week)
SD
for
random
intercept 𝒃𝒃𝟎𝟎
SD for random slope
𝒃𝒃𝟏𝟏
Random
effects
covariance
Residual SD
Binary sub model
Intercept
Coefficient for 𝒃𝒃𝟎𝟎 *3
Coefficient for 𝒃𝒃𝟏𝟏 *4
Age

Estimate

95% CI*1
lower upper

Estimate

-3.10
0.35
3.02
-0.00

0.18

-0.03

0.18

2.44
-0.23
0.54

-0.54
1.24
4.43
0.06

0.20

0.00

0.21

2.57
-0.2
0.65

95% CI*2
lower upper

Bayesian Two-stage
(2SB)

Two-stage Model
(2SMLE)

-2.41
1.05
4.58
0.03

0.19

-0.01

0.18

2.50
-0.22
0.59

Maximum
Model
(JMMLE)
Estimate

Joint

-4.21
0.56
3.38
-0.03

0.18

-0.02

0.17

2.44
-0.24
0.53

-0.60
1.54
5.78
0.08

0.20

0.00

0.2

2.57
-0.20
0.64

95% CI*1
lower
upper

likelihood

Table 1. Parameter estimates of the models predicting GTN using the weekly hCG measurements.

-2.43
1.03
4.37
0.03

0.19

-0.01

0.19

2.48
-0.22
0.58

Estimate

-4.26
0.54
3.45
-0.02

0.18

-0.03

0.18

2.44
-0.23
0.53

-0.71
1.52
5.61
0.08

0.20

0.00

0.21

2.53
-0.19
0.64

95% CI*2
lower upper

Joint Bayesian Model
(JMB)
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The dynamic predictive performance
The dynamic predictive performance measures (AUC, MSEP and MCER) using the four
approaches are shown in Figures 4 and 5. Each measure was obtained using the four
historic models to obtain the updated predictions per week, e.g., the AUC at week 4 for
the JMB reflects the predictive performance of the historic JMB to predict the probability
of GTN, based on the available hCG measurements from week 2 until week 4 (i.e., based
on three hCG measurements). The predictive performances for the four models were
equivalently high, with a general trend of increase in predictive performance when the
number of available hCG measurements increased.

Figure 4: The area under the ROC curve (AUC) (left panel), the mean square error of prediction
(middle panel) (MSEP) and the misclassification rate (MCER) (right panel) per week using the four
different approaches.

In Figure 4, we notice that the rate of improvement in prediction accuracy starts to
decrease after week 4, while the misclassification rate (MCER) starts with 20%
misclassified patients, but continues to decrease almost constantly till week 5, where 10%
of the patients are misclassified. This implies that adding measurements beyond week 4
or 5 will have only a small improvement on the accuracy of predictions. Table 2 represents
the classification matrix for the four approaches using as an example the data available
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till week 4 and a cut-off of 50% for the risk of GTN. The misclassification error rate was
around 0.125, which implies that 12.5% of the patients were classified in the wrong group.
Table 2: The classification matrix of the patients based on the available hCG
measurements till week 4 and using the four approaches.
Predicted GTN Status
2SMLE

2SB

JMMLE

JMB

Observed Status No

Yes

No

Yes

No

Yes

No

Yes

No GTN

250

11

249

12

249

12

249

12

261

GTN

37

87

37

87

37

87

37

87

124

Total

287

98

286

99

286

99

286

99

385

MCER

0.125

0.127

0.127

Total

0.127

The internal validation of the dynamic prediction performance
The internal validation of the dynamic AUC(t)s and MSEP(t)s using bootstrap showed that
the four models have small to negligible optimism (<0.006 in the AUC and < 0.01 in the
MSEP), hence we have reported the non-adjusted measures, see Tables B.1 and B.2 in
Appendix B.

Subject-specific dynamic prediction for new patients
We used the results in Table 1 to predict GTN for selected “new” patients, patients A and
B, with positive and negative GTN status respectively, who were excluded from our
dataset in the base model fitting process to use them here.
We observe from the longitudinal trajectories of log(hCG) for these two patients in Figure
5, that patient A showed persistently elevated hCG levels, which is indicative of a high risk
of GTN. On the other hand, patient B showed an increase in the log(hCG) levels at week 2
followed by gradual decline, and therefore we expect her eventually to be in the low-risk
group.
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Figure 5: Observed longitudinal log(hCG) trajectories for patient A and B.

The updated predictions of GTN for patients A and B were obtained by applying the
scheme in Figure 2 and by adjusting the matrices X and Z to match the available data in
the corresponding weeks. More details on how to compute the updated predictions is
illustrated for patient B in Appendix A. Figure 6 presents the log(hCG) observations with
the corresponding predicted GTN probabilities and 95% prediction intervals at each week,
using the four models. The risk predictions for the two patients at week 2 start similar in
panel (a). In panel (b) we observe for patient B an increase in the level of log(hCG) at week
3, which is reflected in a strong increase of her predicted GTN risk. After week 3, her
log(hCG) level starts to decrease, and her predicted GTN risk also decreases. Patient A,
who has stable levels of log(hCG) followed by a slight increase, starts at week 2 with low
GTN risk, which increases gradually as more information becomes available.
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Comparing the updated predicted probabilities obtained from the four methods in Figure
6, the four methods have similar predicted values and prediction intervals in this example.

Figure 6. Dynamically updated predicted probabilities of developing post-molar GTN based on
hCG for two selected patients using the four approaches. Left panels: observed log(hCG)
measurements at each week. Right panels: the corresponding predicted probabilities and 95%
prediction intervals. (a) week 2, (b) week 3, etc.
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Simulation study
Based on our results, despite the methodological differences between the two-stage
methods and the joint models they performed the same in predicting GTN. This could be
due to the small within- and between- patients variability of the repeatedly measured
biomarker (hCG) in our example dataset, which produced random effects from the
longitudinal model that were apparently able to reflect all the needed information to
accurately predict GTN whether we performed the prediction in two separate stages or
jointly in one model. Thus, the expected added value of the joint modeling technique was
not detected by comparing the predictive performance measures. In response to this, a
simulation study was needed to further investigate the obtained results.
In this section we present the results of a simulation study where we simulated data that
resemble the original GTN dataset with the same number of patients, events and weeks,
and the same percentage of missing values. The main purpose of our simulation is to
investigate the sensitivity of the results that we obtained with the original GTN data when
we increase the inter- and intra- patient variances, i.e., the variance of the random error
(which include measurements error and/ or physiological variation over time) and the
variance-covariance component of the subject-specific random effects.
We applied four different simulation scenarios to generate the data. In each scenario the
simulation was done by changing the inter- and intra- subject variances while retaining
the other parameters as in the GTN data. Table 3 represents a description of the
parameters associated with the four simulation scenarios. The four scenarios were
chosen to represent different scenarios of bigger and smaller random error variances and
bigger and smaller variation in the random effects.
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Table 3: Description of the four scenarios used in simulating hCG profiles for GTN and
Non-GTN groups.
GTN patients = 140
Simulation Scenario

𝜎𝜎��

Non-GTN patients = 299

𝒅𝒅𝟏𝟏𝟏𝟏

𝒅𝒅𝟐𝟐𝟐𝟐

𝒅𝒅𝟏𝟏𝟏𝟏

𝒅𝒅𝟏𝟏𝟏𝟏

𝒅𝒅𝟐𝟐𝟐𝟐

𝒅𝒅𝟏𝟏𝟏𝟏

1

Simulated original

0.04

0.57

0.08

-0.01

0.63

0.15

-0.01

2

Increased between variability

0.04

1.14

0.16

-0.02

1.26

0.30

-0.04

3

Increased within variability

4.00

0.57

0.08

-0.01

0.63

0.15

-0.01

4

Increased within and between
variability

4.00

1.14

0.16

-0.02

1.26

0.30

-0.04

The longitudinal log(hCG) profiles of random samples (50 patients) from the simulated
data were generated using the four scenarios are presented in Figure 7.

Figure 7: The log(hCG) profiles for the 50 randomly selected subjects from the four simulation
scenarios. (red= GTN patients, black= uneventful women).
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To keep it short, we obtained the predictive performance for the four models based on
the measurements of all weeks, i.e., from week 2 to week 7. Table 4 represents a summary
of the predictive performances (the area under the ROC curves (AUC) and the mean
squared error of prediction (MSEP)) of the four modeling approaches using the four
different simulations scenarios by increasing the inter- and intra-variability of the log(hCG)
measurements as described in Table 3. The predictive performance of the joint models
was higher than that of the two stage-models in all the scenarios, with higher AUC’s and
lower MSEPs. However, this outperformance of the joint models was very noticeable when
we increased the random error variance in scenario 3 and even more noticeable with
increasing both the random error variance and the variance covariance component of the
random effects in scenario 4. On the other hand, increasing the variability resulted in
deterioration in the predictive performance in the two-stage models, the worst predictive
performance for the two-stage models was in scenario 4 when we increased both the
within- and between- patients’ variabilities, however the joint models were more robust
to changes in the within- patients’ variabilities than in changes to the between-patients
variability.
Table 4: A summary of the predictive performances (the area under the ROC curves and
the mean squared error of prediction) of the four modeling approaches using the four
different simulations scenarios
AUC

MSEP

Simulation scenario

2SB

JMB

2SMLE

JMMLE

2SB

JMB

2SMLE

JMMLE

1

Simulated original

0.96

0.98

0.96

0.99

0.07

0.04

0.07

0.04

2

Increased between variability

0.80

0.83

0.80

0.85

0.15

0.14

0.15

0.13

3

Increased within variability

0.80

0.99

0.81

0.98

0.16

0.05

0.16

0.06

4

Increased within and between
variability

0.72

0.90

0.72

0.91

0.19

0.13

0.19

0.12
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Discussion and conclusion
In this article, we illustrated and compared different modeling approaches that allow
longitudinal continuous biomarker profiles to be used as predictors to provide updated
predictions for a binary outcome, namely the two-stage and the joint modeling approach.
We used two different estimation methods: maximum likelihood and Bayesian, and we
illustrated their performance in predicting post-molar GTN.
The four modeling approaches (JMB, 2SMLE, 2SB and JMMLE) have many advantages over
the simpler methods that were discussed recently by Welten et al. [19]. For example, the
two-stage method and the joint modeling approach can handle missing values in the
repeated measurements, and they have no limitations to the minimum required number
of measurements per patient or the irregularity of spacing between the repeated
measurements. On the other hand, our approaches are equally flexible as the growth
curve method that Welten et al. recommended [19], as both methods are capable of
incorporating longitudinal data. Moreover, we showed that models based on random
effects can be used for prediction and need the same amount of calculations as their
preferred growth curve method, even though they suggested that using random effects
may not be practical.
An additional advantage of the four approaches is their flexibility to include additional
covariates (baseline characteristics) to improve the accuracy of prediction. One could
consider adding covariates in the longitudinal sub model if they are expected to be related
to the evolution of the biomarker, while adding others to the logistic sub model if they are
related to the probability of developing the outcome. Moreover, the Bayesian approaches
allow the flexibility to vary parametric assumptions by the specification of prior
distributions for the parameters, which gives us the opportunity to incorporate any
existing knowledge into the model.

39

Chapter 2

Despite the methodological differences between the two-stage methods and the joint
models, the four methods (JMB, 2SMLE, 2SB and JMMLE) performed the same in predicting
GTN. They showed very good predictive accuracy when applied to the GTN data, meaning
that patients with high risk of post-molar GTN could be accurately differentiated from
those with low risk by using the available hCG measurements. The two-stage methods
performed as good as the joint modeling approach for predicting post-molar GTN, even
though they do not correct for uncertainty in the estimated random effects. The
equivalent performance could be however due to the very small within- and betweenpatients variability of the repeatedly measured biomarker (hCG) in our GTN data, in
addition to the good fit of the longitudinal model that yielded sufficiently precise
estimates of the random effects that were able to reflect all the needed information to
accurately predict GTN. Therefore, the equivalence of the methods may not hold to other
applications with higher variability.
The internal validation of the four models showed negligible optimism in the predictive
performance, however this may not be a guarantee for the good performance of the
model if applied to another group of GTN patients. Therefore, additional validation is
needed using an external data set.
Based on the results we obtained using both the original GTN dataset and the simulated
datasets we recommend using the joint modeling approaches (JMB and JMMLE) in
applications where the data is measured with high error or/and when the variability
between the study subjects is high.
Comparing the computational cost of the four approaches, fitting the maximum likelihood
models was much faster than the Bayesian ones, as expected due to the need for Markov
chain Monte Carlo (MCMC) methods. The two-stage methods are easy to fit using
standard regression models and available software. However, they need to be fitted in
two steps, where you have to merge the results of the first stage with your original data
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to perform the second stage. On the other hand, joint modeling approaches are fitted in
one stage and require less data management steps, but they require extra programming.
This makes the two-stage methods a good and an easy alternative for researchers who
do not have the needed technical skills, however they should keep in mind that the twostage methods might be not the optimal option in applications with high variability.
In this paper we provided a toolbox of four models to obtain updated predictions in cases
where longitudinal biomarkers are associated with future binary outcomes, which could
enable better personalized decisions on interventions for patients. More generally, the
toolbox is not only useful for predicting binary outcomes but also for categorical, count
and continuous outcomes based on biomarker data recorded over time, by replacing the
binary sub model with the suitable corresponding regression model. Finally, to facilitate
the applicability of our four approaches we included in the supplementary material a
detailed programming syntax. This is an important contribution in the absence of
packages that fit this kind of models for binary outcomes.
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Appendix A: Subject-specific dynamic prediction
We use Patient B as an example to illustrate the dynamic prediction calculations. We show
how to calculate her GTN risk ( 𝜋𝜋��,� ) based on the hCG observations for the week 2 and 3,
using the JMMLE approach as an example. We follow the scheme in Figure 2. First, we use

� and 𝜎𝜎�� from Table 1 combined with her log(hCG) measurements in
the results for 𝛽𝛽� , 𝐷𝐷
y to predict her random effects 𝑏𝑏��,� at week 3 as follows:
2.50
�,
𝛽𝛽� = �
−0.22

� = � 0.35
𝐷𝐷
−0.01

y=�

−0.01
�,
0.03

1.68
1
� and X = Z = �
2.00
1

𝜎𝜎�� � = (0.19)� ,
2
�
3

��
� 𝑍𝑍 � �𝜎𝜎�� � 𝐼𝐼 + 𝑍𝑍𝑍𝐷𝐷
� 𝑍𝑍 � � �𝑦𝑦 − 𝑋𝑋𝛽𝛽� �
𝑏𝑏��,� = 𝐷𝐷

𝑏𝑏��,�,�
−0.41
�=�
�
𝑏𝑏��,� = �
0.13
𝑏𝑏��,�,�

Next, 𝑏𝑏��,�,� and 𝑏𝑏��,�,� , patient age (AGE� = 35) and the binary sub model coefficients 𝛼𝛼�
from Table 1 are used to predict the risk of GTN as follows:
𝛼𝛼��
−2.41
𝛼𝛼�
1.78
𝛼𝛼� = � � � = � 24.10 �
𝛼𝛼��
0.03
𝛼𝛼��

𝜋𝜋��,� =

𝜋𝜋��,� =

1+

1

�
�
e�(��� ���� ��,�,� ���� ��,�,� ���� ���� )

1
= 0.74
1 + e�(��.���(�.��×��.�� )�(��.��×�.��)�(�.��×��))

The predicted probability 𝜋𝜋��,� is 0.74, meaning that after 3 weeks and by using two hCG

measurements we predict at week 3, that patient B is at 74 % risk of developing GTN. The
same calculations can be repeated to obtain GTN prediction whenever a new observation

42

A tutorial on dynamic risk prediction

of hCG becomes available by adjusting the X and Z design matrices to the dimension of
the hCG measurements vector y.

Appendix B
Table B.1: The area under the ROC curve (AUC) of the updated prediction for each week
using the four different approaches.
Week

Bayesian Two-stage

Two-stage Model

Joint Bayesian Model

Maximum

(2SB)

(2SMLE)

(JMB)

Joint

likelihood

Model (JMMLE)
AUC

95% CI

AUC

95% CI

AUC

95% CI

AUC

95% CI

2

0.831

0.822

0.834

0.823

0.814

0.829

0.832

0.828

0.834

0.830

0.822

0.831

3

0.887

0.878

0.890

0.883

0.871

0.888

0.889

0.885

0.890

0.886

0.877

0.888

4

0.936

0.929

0.938

0.932

0.926

0.934

0.936

0.934

0.938

0.939

0.935

0.941

5

0.951

0.946

0.952

0.947

0.942

0.948

0.952

0.950

0.952

0.951

0.947

0.952

6

0.958

0.954

0.960

0.957

0.955

0.959

0.960

0.957

0.960

0.959

0.955

0.960

7

0.970

0.965

0.971

0.967

0.964

0.969

0.971

0.969

0.971

0.970

0.966

0.971

Table B.2: The mean squared error of the updated prediction for each week using the
four different approaches.
Week

Bayesian Two-stage

Two-stage Model

Joint Bayesian Model

Maximum

(2SB)

(2SMLE)

(JMB)

Joint

likelihood

Model (JMMLE)
MSEP

95%CI

MSEP

95% CI

MSEP

95% CI

MSEP

95% CI

2

0.154

0.149

0.167

0.160

0.156

0.165

0.155

0.151

0.165

0.158

0.151

0.176

3

0.127

0.123

0.133

0.130

0.127

0.133

0.130

0.124

0.136

0.131

0.125

0.145

4

0.096

0.092

0.101

0.098

0.096

0.101

0.099

0.094

0.103

0.092

0.087

0.101

5

0.077

0.074

0.080

0.076

0.075

0.078

0.079

0.076

0.082

0.078

0.075

0.083

6

0.071

0.069

0.074

0.072

0.070

0.074

0.072

0.070

0.075

0.068

0.065

0.075

7

0.059

0.057

0.062

0.060

0.058

0.060

0.060

0.058

0.063

0.059

0.058

0.063
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Abstract
In literature, much emphasis has been placed on new statistical methods for dynamic risk
prediction using longitudinal biomarker information. However, few studies have
compared their performance for predicting a long-term binary outcome. In this paper we
present results of a simulation study to compare the dynamic predictive performance of
two commonly used methods namely: longitudinal discriminant analysis (LoDA) and joint
modeling (JM-Bin) for longitudinal and binary data. Motivated by a real-world dataset, we
simulated different scenarios in which we varied the proportions of subjects with the
outcome and the subject-specific variability of the biomarker to assess their influence on
the predictive performance of the two approaches. More specifically, we allowed the
variability of the biomarker to be different between subjects based on their outcome, i.e.,
the between- and/or within- subject variability is larger in subjects with the outcome
compared to subjects without it. Time-dependent predictive measures (mean squared
error of prediction, area under ROC curve) were used to evaluate the dynamic predictive
performance. Results show that LoDA produced similar or more accurate predictions than
JM-Bin in the simulation scenarios. Increased between-subject variability of the biomarker
was associated with a reduced predictive accuracy of both approaches to the same extent.
Changing in the proportion of patients with outcomes did not influence the prediction
accuracy of both methods. The predictive performance of LoDA is at least as good as JMBin, and especially better when the within- and/or between-subject variability of the
biomarker is different between the outcome groups.

Keywords:
Joint Model, Longitudinal Discriminant Analysis, Dynamic Prediction, Longitudinal Data,
Binary Outcome.
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Introduction
In many medical applications, longitudinal biomarker data can serve as predictor for a
future clinical outcome, like the occurrence of a disease. In some situations, the interest
is to use at each moment in time all collected information of a patient to obtain up to date
predictions of the risk of disease, and to revise these predictions whenever new
information is available. For example, the prostate-specific antigen (PSA) levels are used
to provide dynamic predictions of the future development of prostate cancer [5], and the
measurement of blood pressure at antenatal appointments is used to identify risk of preeclampsia in pregnant women [20].
In the past, only the most recent information (obtained at the most recent follow up visit)
was considered in personalized risk prediction of a clinical outcome. All previously
gathered information was not considered in prediction models, which may be an
inefficient use of data. For example, in cases where the change in biomarker values over
time is more informative in predicting risk of developing the disease than simply the most
recent value of the biomarker, or in situations where the variability of the biomarker
values within the same subject can be predictive for the outcome of interest.
Recently, more flexible statistical methods have been developed for prediction and
classification using a biomarker’s longitudinal history [21-24]. Some of these methods
involve modelling strategies where estimation and prediction are based on specification
of a joint density of the future binary outcome and the vector of repeated biomarker
values [2, 22]. The estimation of the model parameters is done by maximizing the joint
likelihood function. Depending on the factorization of the resulting joint likelihood one
can fit a joint model for the longitudinal biomarker and binary outcome (JM-Bin) as a
special case of a shared random effects model (SREM) or perform a longitudinal
discriminant analysis (LoDA) for two groups of subjects as a special case of the pattern
mixture models (PMM) [25].
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In a previous paper we presented a tutorial for using different SREM approaches to obtain
dynamic prediction for a binary outcome [23]. The presented SREM approaches consist
of two sub models on historic data. The first sub model is a linear mixed model fitted to
the longitudinal biomarker data, while the second is a binary logistic regression for the
clinical outcome where the predicted random effects from the first model are used as
covariates. The two sub models are either linked in separate steps through a two-stage
approach or by using the joint modelling (JM-Bin) approach where simultaneous
estimation of parameters for both the longitudinal biomarker and the binary outcome
model is done. The joint modelling approach is a relatively novel statistical tool that not
only can be used to predict a binary outcome but also it can accommodate categorical,
count, continuous and survival outcomes when using a suitable regression model [5]. We
recommended applying joint modelling approaches instead of two stage methods in
applications where the biomarker data are measured with large error or/and when the
variability in the biomarker data between the study subjects is large [23].
Discriminant analysis (DA) is a widely used statistical method for classification purposes.
The extension for longitudinal data, the longitudinal discriminant analysis (LoDA) was
proposed by Tomasko et al. (1999) and Marshall and Barón (2000) [26, 27]. The LoDA
framework models the longitudinal biomarker distribution using a mixed effects model
separately for subjects with and without the outcome of interest in available, historic data.
Then, for a new subject, it estimates the probability of the biomarker measurements given
the outcome status (yes/no) and obtains prediction using a discriminant rule based on
Bayes’ theorem. Sajobi et al. (2010) provided a literature review on discriminant
procedures for univariate and multivariate repeated measures data, focusing on linear
mixed-effects models [21]. Komárek et al. (2010) developed a discriminant analysis
approach where they used a multivariate linear mixed model with a normal mixture in
the random effects distribution [28]. Later, Komárek et al. (2014) developed an R package
to apply the multivariate longitudinal discriminant analysis approach [29]. Liu and Albert
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(2014) proposed a pattern mixture model (PMM) framework to predict a binary disease
status from a longitudinal sequence of biomarkers [30], and Hughes et al. (2018) applied
longitudinal discriminant analysis to provide dynamic classification of patients to a risk
group based on multiple longitudinal markers of different types [31].
Both JM-Bin and LoDA use the same information for prediction, however they handle
them differently. In JM-Bin, predictions typically are based on the subject-specific
deviations from the overall mean trajectory of the longitudinal biomarker, while LoDA
models the distribution of longitudinal biomarker per group separately. These structural
differences between JM-Bin and LoDA may result in different predictive performance in
different scenarios. For example, it is expected that JM-Bin produces more accurate
predictions than LoDA in situations where the proportion of subjects with the outcome of
interest is low, because LoDA in this case uses less subjects to fit the model for the
subjects with the outcome. However, LoDA is expected to outperform JM-Bin in situations
where the variability of the biomarker is very high in one of the groups but not in the
other, because in this case JM-Bin will not be able to capture the differences in variability
between the two groups since it only fits one mixed effects model for both groups,
whereas in the LoDA the variability is better captured using a mixed model per outcome
group.
Motivated by the lack of studies that compared the predictive performance of LoDA and
JM-Bin, we performed this simulation study to compare the dynamic predictive
performance of the two approaches and to explore the situations where one of them
outperforms the other. We focused on the situation where we have one longitudinal
biomarker and one binary outcome. We investigated the influence of changes in the
proportion of subjects with the outcome of interest and changes in the subject-specific
variability of the biomarker on the predictive performance of the two approaches. We
used various simulation scenarios informed by a real-world dataset.
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The rest of this paper is organized as follows: section 2 briefly reviews the general settings
of the JM-Bin and LoDA frameworks. In section 3 we describe the simulation scenarios. In
section 4 we present the results of our simulation study. Section 5 ends this paper with
discussion and recommendations.

Methods
Statistical frameworks
Suppose that we have longitudinal measurements of a biomarker and a binary outcome
for 𝑁𝑁 subjects. Let 𝐷𝐷� , 𝑖𝑖 𝑖 𝑖𝑖 𝑖 𝑖 𝑖 𝑖𝑖, denote the binary indicator of the ith subject who is

either with the outcome (𝐷𝐷� =1) or without it (𝐷𝐷� = 0). Let the first M and the last

(𝑁𝑁 𝑁 𝑁𝑁) subjects be the ones with and without the outcome respectively and let
𝑦𝑦� �𝑡𝑡�� � represent the longitudinal biomarker measurement for subject i measured at time

point 𝑡𝑡�� , 𝑗𝑗 𝑗𝑗𝑗𝑗𝑗𝑗 𝑗𝑗. Assume that the outcome for subject i, 𝐷𝐷� , occurs once and is

determined at the end or after the follow-up for all patients.

For simplicity of

presentation, for both modelling approaches we assume a linear evolution of the
biomarker over time.

Joint model for longitudinal data and binary outcome (JM-Bin)
The joint model (JM-Bin) is a SREM which consists of two sub models: a mixed effects
model for the longitudinal biomarker over time, and a logistic regression model for the
binary outcome. The sub model for the longitudinal biomarker can be written as follows,

𝑦𝑦� �𝑡𝑡�� � 𝑖 𝛽𝛽� + 𝑏𝑏�� + (𝛽𝛽� + 𝑏𝑏�� )𝑡𝑡�� + 𝜖𝜖�� ,

(6)

where 𝛽𝛽� and 𝛽𝛽� are unknown fixed intercept and slope, 𝑏𝑏�� and 𝑏𝑏�� are shared unknown

subject-specific random intercepts and slopes respectively which are assumed to have a
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bivariate normal distribution with mean zero and covariance matrix 𝛴𝛴, and 𝜖𝜖�� is the

residual error for subject i at time point 𝑡𝑡�� with a normal distribution 𝑁𝑁(0, 𝜎𝜎� � ), which is

assumed to be independent of the random effects. The above model can be extended to
include other known predictors, such as baseline characteristics.
The sub model for the binary outcome, 𝐷𝐷� , is a logistic regression model that incorporates

the predicted random coefficients, 𝑏𝑏��� and 𝑏𝑏��� , as predictors to obtain the risk of the

future binary outcome. So, if 𝜋𝜋� represents the probability of subject i developing the

outcome conditional on the biomarker values until the last biomarker follow up time, 𝑇𝑇� ,
i.e., 𝑃𝑃� �𝐷𝐷� = 1|𝑦𝑦� (𝑇𝑇� )� , the likelihood 𝐿𝐿 for the joint model combining the two sub models

can be written as follows:

�

��

���

���

𝐿𝐿 = � � � 𝜑𝜑(𝜖𝜖�� ) 𝜋𝜋� �� (1 − 𝜋𝜋� )���� 𝜑𝜑𝜑𝜑𝜑� )𝑑𝑑𝑑𝑑� ,

(2)

where
𝜋𝜋� = 1⁄�1 + ��� (−(𝛼𝛼� + 𝛼𝛼� 𝑏𝑏�� + 𝛼𝛼� 𝑏𝑏�� )�,
𝜖𝜖�� = 𝑦𝑦� �𝑡𝑡�� � − �𝛽𝛽� + 𝑏𝑏�� + (𝛽𝛽� + 𝑏𝑏�� )𝑡𝑡�� �,

𝑏𝑏� = (𝑏𝑏�� , 𝑏𝑏�� )` , and 𝜑𝜑𝜑𝜑𝜑�� ) represents a normal density distribution with mean 0 and

variance 𝜎𝜎� � . Likewise, φ(b� ) is a bivariate normal density with mean zero and covariance
matrix Σ.

The above joint model can be used to obtain (possibly updated) predictions for a new
subject i, using the available biomarker information up until the time at which a prediction

is to be made, say at timepoint t, 𝑃𝑃��𝐷𝐷� = 1|𝑦𝑦� (𝑡𝑡)�� First, the random effects 𝑏𝑏��� (reflecting

the longitudinal profile measured up until time point t) are predicted from the linear
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mixed model in equation (1). Second, the predicted random effects 𝑏𝑏��� are used as

predictors in the logistic regression model to obtain the predicted probability 𝜋𝜋�� .

In our simulations, we implement the JM-Bin in the Bayesian framework. Assuming limited
prior knowledge, we use proper but vague prior distributions which are commonly used
for the location and dispersion parameters, see Dandis et al., 2020 for more details [23].
We apply the MCMC technique, where two chains are initiated with 1,000 burn-in
iterations and are run for 10,000 iterations each. We use rjags package (version 4.9) which
provides an interface between R software (version 3.6.2) and the JAGS library to perform
the analysis [32-34].

Longitudinal discriminant analysis (LoDA)
Unlike JM-Bin, LoDA models the longitudinal pattern of the biomarker for the diseased
and healthy subjects separately. Assuming normally distributed random effects and error
terms, the 𝑦𝑦� �𝑡𝑡�� ��� follow different multivariate normal distributions for subjects with and

without the outcome of interest as follows,

- For subjects with the outcome of interest: ( 𝑦𝑦� �𝑡𝑡�� �|𝐷𝐷� = 1 ) ~ 𝑁𝑁(𝜇𝜇�� (𝑡𝑡�� ), 𝛴𝛴�� (𝑡𝑡�� ))

- For subjects without the outcome of interest: ( 𝑦𝑦� �𝑡𝑡�� �|𝐷𝐷� = 0 ) ~ 𝑁𝑁(𝜇𝜇�� (𝑡𝑡�� ), 𝛴𝛴�� (𝑡𝑡�� )),

where the means vectors 𝜇𝜇 and the covariance matrices 𝛴𝛴 are obtained from two linear
mixed models using all available biomarker measurements.

For a new subject i, we first use the marginal prediction approach to predict 𝑃𝑃(𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 1)
and 𝑃𝑃(𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 0), which are calculated as the marginal density of longitudinal data

known up until time point t ( 𝑦𝑦� (𝑡𝑡)) for each group of subjects (with/without the outcome)

separately. A detailed derivation of these predicted probabilities using the marginal
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prediction approach is presented by Hughes et al. (2017) [35]. Then we apply Bayes’ rule
to obtain the posterior probability 𝑃𝑃�(𝐷𝐷� = 1|𝑦𝑦� (𝑡𝑡) ) and 𝑃𝑃�(𝐷𝐷� = 0|𝑦𝑦� (𝑡𝑡) ), as follows.
𝑃𝑃�(𝐷𝐷� = 1|𝑦𝑦� (𝑡𝑡) ) =

𝑃𝑃�(𝐷𝐷� = 1 ) 𝑃𝑃�(𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 1 )
𝑃𝑃�(𝐷𝐷� = 0 ) 𝑃𝑃�(𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 0 ) + �𝑃𝑃(𝐷𝐷� = 1 )𝑃𝑃�(𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 1 )

𝑃𝑃�(𝐷𝐷� = 0|𝑦𝑦� (𝑡𝑡) ) =

𝑃𝑃� (𝐷𝐷� = 0)𝑃𝑃�(𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 0 )
𝑃𝑃�(𝐷𝐷� = 0 )𝑃𝑃� (𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 0 ) + �𝑃𝑃(𝐷𝐷� = 1 )𝑃𝑃�(𝑦𝑦� (𝑡𝑡)|𝐷𝐷� = 1 )

and

where 𝑃𝑃�(𝐷𝐷� = 0) 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎�(𝐷𝐷� = 1 ) 𝑎𝑎𝑎𝑎𝑎𝑎𝑎the prior probabilities of belonging to each group and
are usually estimated using the proportions of the groups in the study historic data.

In our simulations, the linear mixed models per group were fitted using the GLMM_MCMC
function, and LoDA was performed using the GLMM_longitDA2 function, both from the R
package mixAK [29].

Simulation design: general overview
We based input parameters regarding time profile and variability for our simulations on
a real-life example obtained from the Dutch Central Registry for hydatidiform moles at
the Radboud university medical center in Nijmegen (Radboudumc), the Netherlands. We
simulated data to predict women’s post–molar gestational trophoblastic neoplasia (GTN)
status (binary outcome) using weekly serum human chorionic gonadotropin (hCG)
measurements (longitudinal biomarker data). The GTN status was determined after week
7. Figure 1 represents the longitudinal profiles of the 10 log-transformed hCG
measurements over time from the original dataset. In general, the hCG levels for the
subjects who develop GTN (GTN patients) are higher and more stable compared to the
hCG levels for the healthy subjects, which start at lower levels and decrease with time.
These data have been analysed elsewhere [23, 36].
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Figure 1 Biomarker profiles for 100 randomly selected subjects from the original
reference dataset (solid lines = subjects with the outcome, dashed lines = subjects without
the outcome).
The main data generation was performed using the pattern mixture modelling (PMM)
setting, where we directly generated the data for subjects with and without the outcome
separately using two different linear mixed models. The data was generated using
parameters for the different scenarios described in Table 1 and as visualized in Figure 2.
For each scenario 300 data sets were obtained. Each of these data sets consists of 400
subjects for model development (training dataset) and 400 subjects to test the predictive
performance of the two approaches, using out-of-sample validation. For each subject, six
biomarker values were simulated from an appropriate linear mixed model (LMM)
corresponding to outcome status (random intercept and random slope model). Missing
values were simulated to be completely missing at random by randomly removing 20
percent of the repeated measurements for all the subjects, so some subjects have more
missing values than others.
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Increased variability for subjects with
the outcome only
between-subject
2.58 0.007
0.04 1.26 0.30 -0.04
2.44 -0.31
within-subject
2.58 0.007
4.00 0.63 0.15 -0.01
2.44 -0.31
within- and between-subject
2.58 0.007
4.00 1.26 0.30 -0.04
2.44 -0.31
The above scenarios were repeated for different proportions of patients namely: 5%, 10%, 30% and 50%.
Parameters of the linear mixed model: 𝛽𝛽� = fixed intercept, 𝛽𝛽� =fixed slope, 𝑑𝑑�� =standard deviation for
standard deviation for random slope 𝑏𝑏� , 𝑑𝑑�� = random effects covariance, 𝜎𝜎�� = residual variance.
300 simulations per scenario were conducted.

0.63
0.63
0.63

0.15
0.15
0.15

-0.01
-0.01
-0.01
random intercept 𝑏𝑏� , 𝑑𝑑�� =

0.04
0.04
0.04

Table 1 Description of the different scenarios used in simulating longitudinal biomarker measurements using the pattern mixture model
(PMM) approach.
Subjects with the outcome
Subjects without the outcome
𝛽𝛽�
𝛽𝛽�
𝑑𝑑��
𝑑𝑑��
𝑑𝑑��
𝛽𝛽�
𝛽𝛽�
𝑑𝑑��
𝑑𝑑��
𝑑𝑑��
𝜎𝜎��
𝜎𝜎��
Simulation Scenario
Reference dataset
2.58 0.007
0.04 0.63 0.15 -0.01
2.44 -0.31 0.04 0.63 0.15 -0.01
Increased variability for all subjects
between-subject
2.58 0.007
0.04 1.26 0.30 -0.04
2.44 -0.31 0.04 1.26 0.30 -0.04
within-subject
2.58 0.007
4.00 0.63 0.15 -0.01
2.44 -0.31 4.00 0.63 0.15 -0.01
within- and between-subject
2.58 0.007
4.00 1.26 0.30 -0.04
2.44 -0.31 4.00 1.26 0.30 -0.04
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Figure 2

A pictorial representation of the simulation procedure using the first three

biomarker measurement timepoints. MSEP= mean squared error of prediction and AUC=
the area under the receiver operator characteristic curve.
As discussed in the introduction, we expect that due to the structural differences between
JM-Bin and LoDA, the proportion of subjects with the adverse outcome in the study and
the variability of the biomarker will influence the predictive performance of the two
approaches. To examine that, we used scenarios with a combination of different
proportions of subjects with the outcome (5%, 10%, 30%, and 50%), and different settings
for within- and between-subject variability. We also examined the predictive performance
when the amount of variability differs between the two groups, i.e., in situations where
the between- and within- subjects variability is larger in patients than in healthy subjects.
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In each scenario, both JM-Bin and LoDA were fitted using all the available measurements
in the training dataset (up to 6 measurements per subject) and the resulting models were
used to provide out-of-sample dynamic predictions based on the available longitudinal
measurements till time point t �� , where j = 1,2, . . ,6. The time points were equally spaced,
but it should be noted that the both JM-Bin and LoDA can handle unequally spaced
longitudinal observations. For the LoDA, we estimated the prior probabilities of belonging
to one of the outcome groups using the proportion of subjects with that outcome in the
simulated data. We obtained predictions for new subjects (in each simulation scenario)
based on the biomarker data known up until three time points, i.e., 𝑡𝑡�� . The dynamic

predictive accuracy was evaluated using time varying measures: the dynamic mean

squared error of prediction (MSEP) and the dynamic area under the receiver operator
characteristic curve (AUC).
We similarly performed simulations using the shared random effects model (SREM) for
data generation, to investigate the influence of the data generating mechanism on the
predictive performance of the two models. We limited our comparisons to the reference
dataset scenario and to the scenarios where the variability is increased for all subjects
regardless of their outcome status. The reason is that if we only increase the variability in
one of the groups but not in the other, we violate the SREM assumption. The data was
generated using the parameters of an appropriate linear mixed model and a logistic
regression model described in Table 2.
We also conducted a sensitivity analysis to study the consequences of misspecification of
the prior probabilities on the dynamic predictive accuracy of LoDA. We applied LoDA to
obtain the dynamic predictions based on the data (known up until three time points, i.e.,
𝑡𝑡�� ) generated using the scenarios with the 30% proportion of subjects with the outcome,

and using mis-specified prior probabilities of 10%, 20%, 40% and 50%, and report the
corresponding dynamic AUCs and MSEPs.
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The reported dynamic prediction accuracies for both approaches and using all the
scenarios were based on the averages over the 300 simulated data sets.
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2.12
2.12
2.12

2.12

𝛽𝛽�
-0.22
-0.22
-0.22

-0.22

𝛽𝛽�
0.04
0.40
0.40

0.04

1.26
0.63
1.26

0.63

0.30
0.15
0.30

0.15

-0.04
-0.01
-0.04

-0.01
2.07
2.07
2.07

2.07
1.55
1.55
1.55

1.55

Logistic regression
𝛼𝛼�
𝛼𝛼�
21.2
21.2
21.2

𝛼𝛼�

21.2

Coefficients in the linear mixed model: 𝜷𝜷𝟎𝟎 = fixed intercept, 𝜷𝜷𝟏𝟏 =fixed slope, 𝒅𝒅𝟏𝟏𝟏𝟏 =standard deviation for random intercept 𝒃𝒃𝟎𝟎 , 𝒅𝒅𝟐𝟐𝟐𝟐 = standard
deviation for random slope 𝒃𝒃𝟏𝟏 , 𝒅𝒅𝟏𝟏𝟏𝟏 =rrandom effects covariance, 𝝈𝝈𝟐𝟐𝝐𝝐 = residual variance. 𝜶𝜶𝟎𝟎 , 𝜶𝜶𝟏𝟏 and 𝜶𝜶𝟐𝟐 : Coefficients in the logistic regression
model. 300 simulations per scenario were conducted.

Simulation Scenario
Reference dataset
Increased variability for all subjects
between-subject
within-subject
within- and between-subject

Parameters used for simulation
Linear mixed model
𝑑𝑑��
𝑑𝑑��
𝑑𝑑��
𝜎𝜎��

Table 2 Description of the different scenarios used in simulating longitudinal biomarker measurements using the SREM approach.
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Figure 3 Biomarker profiles for 10 randomly selected subjects per simulation scenario
per outcome group (left = subjects with the outcome, right = subjects without the
outcome) in each pair of subfigures. Thick lines with grey error bands represent
biomarker means per group based on all simulated subjects.
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Results
In general, LoDA produces similar or more accurate predictions of the future outcome
than JM-Bin, with equal/ higher AUC’s and equal/lower MSEP’s in the studied simulation
scenarios as presented in in Table 3. In most of the scenarios, increasing the number of
patients with the outcome does not influence the performance of the two approaches.
The results in Table 2 are based on a minimum proportion of patients of 10%
(corresponding to 40 patients). We did not report the results for the scenario with a 5%
proportion of patients due to convergence problem in the LoDA model in none of the 300
simulations the linear mixed model in the group with 20 subjects converged.
Increasing the between- and/or within-subject variability for all subjects, i.e., for subjects
with and without the outcome, by increasing the variances of the random effects and/or
the variance of the residuals, reduces the AUC’s of both JM-Bin and LoDA approximately
to the same extent. However, LoDA results in slightly higher AUC’s and lower MSEP’s than
JM-Bin when we increase the variability equally for the two outcome groups. The
predictive performance of LoDA is especially better than JM-Bin when the biomarker’s
(within- and/or between-subjects) variability is different between the subjects of the two
outcome groups.
Similar results are obtained when using the SREM framework to generate the data: the
predictive performance of LoDA is the same or slightly more accurate that JM-Bin in the
four simulation scenarios as shown in Table 4.
The results of the sensitivity analysis presented in Table 5 show that the predictive
performance of LoDA is robust against misspecification of the prior probabilities, with no
effect of departures around 20% from the actual proportion of subjects with outcome on
the dynamic AUCs and MSE
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Table 3 The area under the ROC curve and mean squared error of prediction using both JM-Bin and LoDA and using different proportions of subjects
with outcome and different variability among subjects with and without the outcome of interest.
LoDA
JM-Bin
LoDA
JM-Bin
LoDA
JM-Bin
AUC
MSEP
AUC
MSEP
AUC
MSEP
AUC
MSEP
AUC
MSEP
AUC
MSEP
Simulation Scenario
Proportion of subjects with the outcome
10%
30%
50%
Reference dataset
0.86
0.07
0.86
0.07
0.87
0.13
0.86
0.13
0.87
0.15
0.87
0.15
Increased variability for all
subjects
between-subject
0.73
0.08
0.74
0.08
0.74
0.18
0.74
0.18
0.74
0.21
0.74
0.21
within-subject
0.77
0.08
0.77
0.08
0.78
0.17
0.78
0.18
0.78
0.19
0.78
0.20
within- and between- 0.68
0.09
0.68
0.09
0.68
0.19
0.69
0.19
0.68
0.22
0.69
0.23
subject
Increased
variability
for
subjects with the outcome
between-subject
0.84
0.06
0.78
0.07
0.84
0.13
0.78
0.15
0.84
0.16
0.79
0.19
within-subject
0.90
0.05
0.80
0.07
0.90
0.10
0.80
0.15
0.90
0.12
0.80
0.19
within- and between- 0.91
0.04
0.73
0.07
0.91
0.09
0.73
0.16
0.91
0.11
0.74
0.21
subject
AUC=area under the ROC curve; MSEP= mean squared error of prediction.
The MSEP’s and AUC’s are based on predictions using the available biomarker measurements up until the third time point and reflect mean values of
300 simulations. For the scenarios containing 5% subjects with the outcome, the LoDA models did not converge.
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Table 4 The area under the ROC curve and mean squared error of prediction when applying
both JM-Bin and LoDA using different scenarios used in simulating longitudinal biomarker
measurements using the SREM approach.
LoDA

JM-Bin

Simulation Scenario

AUC

MSEP

AUC

MSEP

Reference dataset

0.89

0.10

0.88

0.10

between-subject

0.94

0.09

0.93

0.10

within-subject

0.80

0.12

0.78

0.14

within- and between-subject

0.83

0.15

0.83

0.17

Increased variability for all subjects

AUC=area under the ROC curve; MSEP= mean squared error of prediction.
The MSEP’s and AUC’s were based on predictions using the available biomarker
measurements up until the third time point.
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Table 5 The predictive performance of LoDA using different simulation scenarios with 30%
proportion of subjects with the outcome of interest under misspecification of prior probabilities.

P (𝑫𝑫𝒊𝒊 =1)
0.1
0.2
0.3
0.4
0.5

AUC
0.89
0.89
0.89
0.89
0.89

MSEP
0.16
0.13
0.12
0.13
0.14

0.1
0.2
0.3
0.4
0.5

0.78
0.78
0.78
0.78
0.78

0.21
0.18
0.17
0.18
0.20

0.1
0.2
0.3
0.4
0.5

0.78
0.78
0.78
0.80
0.80

0.20
0.17
0.17
0.17
0.18

0.1
0.2
0.3
0.4
0.5

0.69
0.69
0.70
0.69
0.70

0.23
0.20
0.19
0.20
0.22

Increased between-subject variability for subjects with the
outcome only

0.1
0.2
0.3
0.4
0.5

0.86
0.87
0.86
0.86
0.86

0.16
0.13
0.13
0.13
0.13

Increased within- and between-subject variability for
subjects with the outcome only

0.1
0.2
0.3
0.4
0.5

0.90
0.92
0.90
0.90
0.91

0.13
0.09
0.10
0.11
0.12

Simulation scenario
Reference dataset

Increased between-subject variability for all subjects

Increased within-subject variability for all subjects

Increased within- and between-subject variability for all
subjects

Increased within- and between-subject variability for
subjects with the outcome only

0.1
0.92
0.10
0.2
0.90
0.10
0.3
0.91
0.12
0.4
0.90
0.10
0.5
0.90
0.10
P (𝑫𝑫𝒊𝒊 =1) is the assumed prior probability to develop the outcome of interest, whereas 0.3 is the
correct probability. AUC=area under the roc curve; MSEP= mean squared error of prediction.
The AUC’s and MSEP’s were based on predictions using the available biomarker measurements
up until the third time point.
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Discussion and Conclusion
In this paper, we have compared two approaches to obtain (dynamic) predictions for a
future long-term dichotomous outcome based on longitudinal biomarker data,
specifically the longitudinal discriminant analysis (LoDA) and joint modelling (JM-Bin) for
longitudinal and binary data. We present an overview of the two approaches and
investigated their predictive performance over different simulation scenarios, mainly by
varying the proportion of subjects with the outcome, and the within- and the betweensubject variability of the biomarker.
Both LoDA and JM-Bin resulted in equally high predictive performance in the scenarios
based on the reference dataset. Increasing the subject-specific variability equally among
the two groups (patients and healthy subjects) decreased the predictive performance in
the two approaches to the same extent. This implies that when the variability in the
biomarker of interest is similar between patients and healthy subjects, LoDA and JM-Bin
perform equally well.
When the subject-specific variability is noticeably higher in the patients than in the healthy
subjects, the LoDA provides higher prediction accuracy when compared to JM-Bin. The
difference is especially large when both the within- and the between-subject variability is
larger in only one of the groups. This could be due to the structural difference between
the two approaches. The joint model will not capture the differences in variability between
the two groups since we only fit one mixed effects model for both groups, whereas in the
LoDA the variability is better captured using a mixed model per outcome group.
Few studies discussed the dynamic predictive performance of LoDA and JM-Bin. Those
that did, mainly focused on the theoretical differences between the two approaches and
investigated their predictive performance using real data and by simulation [24, 30]. Yet,
to our knowledge none of these studies investigated the effect of the subject-specific
variability on dynamic predictive performance.
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In the literature, it has been shown (in the context of missing data) that if data are
generated from a shared random effects model (SREM), the pattern mixture modelling
(PMM) framework would lead to nearly correct inference [37]. However, this property of
approximate equivalence may not hold if the data are generated using the PMM
framework, as the assumption of SREM could be incorrect [30]. The same reasoning
applies when using these frameworks for prediction, in other words, if the data are
generated using the JM-Bin (which is an SREM), both models (JM-Bin and the LoDA) are
expected to produce roughly equally accurate predictions. However, if the data are
generated using the LoDA framework with different subject-specific variability, then the
JM-Bin model assumption does not hold any more and in this case LoDA would
outperform JM-Bin. This implies that LoDA is more robust than JM-Bin. Our results confirm
this expectation, showing equivalent predictive performance of JM-Bin and LoDA when
the data are generated using the SREM approach, and showing superiority of LoDA when
the data are generated using PMM with different subject-specific variability between the
outcome groups.
Unlike JM-Bin, LoDA uses an estimate of the outcome prevalence as a prior probability in
Bayes’ rule to obtain the posterior predicted risk of the outcome. This addition of prior
information could contribute to producing more accurate predictions if it was correctly
estimated. We show that LoDA is robust under reasonable (i.e. not too far from the true
proportion) misspecification of the prior probability. However, extreme misspecification
of the prior probability might result in increasing the misclassification rate. On the other
hand, we expected that LoDA would perform worse than JM-Bin in the scenario with a low
proportion of subjects with the outcome as the LoDA in this case can use less information
in the patients’ group model. However, we found that lowering the number of patients
relative to the number of healthy subjects did not influence the prediction accuracy. The
reason for our results could be that the minimum of 10% subjects with the outcome was
enough to capture the needed information to fit the models per group in LoDA, whereas
the models based on 5% did not converge.
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Compared to classical logistic regression models and discriminant analyses, both JM-Bin
and LoDA are more flexible, allowing to incorporate longitudinal biomarker information
which typically is measured intermittently and at unbalanced time points. In addition,
both can be extended by including additional fixed or time-varying patient characteristics
which may improve prediction without altering the presented methodology. Both models
can be fitted using available software, however, fitting the LoDA is easier and faster than
JM-Bin.
To our knowledge, this is the first simulation study to compare the predictive performance
of longitudinal discriminant analysis and joint modelling. We used realistic simulation
scenarios with different degrees of variability that are likely to be found in real world data.
However, like all simulation studies, generalization of the current findings is limited to the
studied conditions. Our results are based on fitting linear mixed effects models for linear
profiles, which fit the data very well. We expect to obtain the same results with other
types of longitudinal profiles if the models are correctly specified. Such scenarios require
further investigation in future research. Furthermore, our interest is in predicting a future
fixed outcome, known after a particular time of follow up. However, if the timepoint at
which the outcome occurred is of interest, then the joint model for longitudinal and
survival data will be more suitable than our presented methodology [5].
In conclusion, our study shows that LoDA is at least as good as JM-Bin, and especially
better when the within- and/or between-subject variability of the biomarker differs
between the outcome groups. We suggest that a data analyst first investigates the
variability of the longitudinal biomarker for each of the outcome groups using plots and
mixed effects models. If there are differences in the groups’ variability, we recommend
using LoDA over JM-Bin.
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Abstract
Objective: To (i) classify patients who are recovering from total knee arthroplasty (TKA)
based on walking speed during an early physiotherapy program, and (ii) assess whether
walking speed trajectory predicts performance on the Timed Up and Go test (TUG).
Design: Cohort study.
Methods: We included 218 patients from a 10-day physiotherapy program after TKA. A
latent class mixed model (LCMM) was used to classify patients according to their walking
speed trajectory during the program. We assessed the change in TUG test score from
pre-TKA to 6 weeks and 1 year after TKA. The association between change in TUG test
score and walking speed trajectory was assessed using multivariable regression.
Results: There were two groups with distinct walking speed trajectories: a high-gain
group (46%) and a low-gain group (54%). There was no significant association between
change in TUG and walking speed trajectory after TKA and physiotherapy. Function
(based on TUG test performance) improved for all patients 1 year after TKA irrespective
of walking speed trajectory (i.e., high or low gain) early in post-operative physiotherapy.
Conclusion: Although we distinguished different groups based on functional outcomes
during physiotherapy, the clinical relevance of classifying patients based on walking
speed remains unclear as it did not predict short- and long- function outcomes.
Keywords: joint replacement, latent class mixed models, prediction, physiotherapy,
surgery outcome, total knee arthroplasty.
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Introduction
Total knee arthroplasty (TKA) is an effective treatment for relieving pain and improving
function in patients with knee osteoarthritis [38]. Rates of knee arthroplasty have risen
drastically over the last two decades [39, 40], and are expected to continue to rise.
Growing demand for TKA is placing pressure on scarce healthcare resources.
Maximizing postoperative recovery has the potential to improve quality of life, save
money and increase capacity to perform additional surgeries [41].
Physiotherapy can improve outcomes after TKA [42-47], including independent activities
of daily living. Physiotherapists carefully monitor function and mobility outcomes (e.g.,
standing up, walking and ascending stairs) during a rehabilitation program. When
clinicians have an in-depth understanding of a patient’s expected recovery trajectory, they
are better equipped to monitor and deliver quality care. Unfortunately, research on
recovery of function early after TKA is scarce, leaving clinicians to rely on their clinical
reasoning skills and previous experiences.
We surveyed 11 Dutch physiotherapists who had at least five years of experience treating
people with TKA, about how patients recover function. We focused on early recovery
trajectories during outpatient care for patients who were discharged from a rapid
recovery protocol [48, 49]. Therapists reached consensus on four different groups based
on their walking speed (Appendix Figure 1):
1. Sprint group: patients recover walking speed early and remain stable afterward
2. Gain group: patients steadily recover walking speed
3. Constant group: patients do not improve their walking speed, but remain stable
4. Decline group: patients’ walking speed deteriorates
The physiotherapists hypothesized that walking speed trajectories predicted recovery of
function. Therefore, response to early physiotherapy could serve as a useful, early
postoperative predictive factor for long term outcomes after TKA. Walking speed is an
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indicator of functional status and is recommended as a functional vital sign [50-52].
Walking speed can predict outcomes such as independence in activities of daily living and
the need for physiotherapy after TKA [51-53].
We aimed to answer 2 research questions: (1) Can we classify patients based on function
outcome (walking speed) during an early physiotherapy program after TKA? and (2) Does
walking speed group classification predict short- and long-term function outcomes after
TKA and physiotherapy?

Methods
Patients were recruited from the Medisch Spectrum Twente (MST) community hospital in
Enschede, the Netherlands, between February 2011 and December 2014. The decision
whether a patient was eligible to participate in the program was made by the orthopaedic
surgeon and the physiotherapist. The inclusion criteria were: 1) 18 years of age or older
and diagnosed with primary osteoarthritis; 2) admitted for TKA; 3) preoperatively
independent in activities of daily living; 4) no comorbidity that hindered doing exercises;
5) no mental disorders as reported by the patient; 6) physically able and willing to perform
a 10-day high-intensity physiotherapy program; and 7) signed informed consent.
All patients agreed to participate in the study and provided written informed consent
forms approved by the medical ethical review board of the MST prior to enrolment in the
study. The study was deemed exempt by the ethical review board (KH 13-06).

Physiotherapy Program
Five orthopaedic surgeons performed the TKA procedures. Each surgeon performs 50 to
70 TKA procedures per year. Starting 3 days after TKA (patients stayed in the hospital for
three days after receiving the rapid recovery protocol following LIA (Local Infiltration
Anaesthesia) [48, 49]), function measures were recorded daily during an early
physiotherapy program (APPENDIX). Four physiotherapists were involved in the program
and assessed and recorded measurements daily during the entire program. The followup function outcome measurements were performed 6 weeks and 1 year after surgery by
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two of the physiotherapists (from the four involved in the program). For each patient, the
6-weeks and 1-year measurement were performed by the same physiotherapist. See the
APPENDIX for more details about the program.

Walking Speed
Trajectories of the functional response to the physiotherapy program were based on
walking speed at the end of daily rehabilitation. Walking speed in kilometres per hour
(km/hr) was monitored daily during treadmill training (day 3 to day 12 after surgery).
Patients started walking on the treadmill at 1.5 km/hr and the physiotherapist increased
the speed by 0.1 km/hr increments until the patient’s preferred walking speed was
reached. The total duration of the exercise was ten minutes. Patients had to maintain
symmetric and dynamic gait, according to the Gait Analysis List Nijmegen. If patients
experienced pain or if, according to the physiotherapist, symmetric and dynamic gait
could not be maintained, then patients received guidance to improve the gait pattern. If
pain or gait pattern did not improve, then the walking speed was adjusted, or the exercise
stopped within 10 minutes. Speed (kilometers per hour) was recorded at the end of the
exercise and was the input for the function trajectories.

Data Collection: Preoperative Data
Preoperative data were collected one to two weeks before TKA by one physiotherapist
(K.H.). Baseline and preoperative variables were patient characteristics (age, sex, body
mass index [BMI[), a performance-based measure (i.e. the Timed Up and Go [TUG] test),
and self-reported pain measured with the Visual Analogue Scale (VAS).

Data collection: Short- and long-term outcomes
We used the TUG test to measure function after TKA and physiotherapy. The TUG is a
multi-activity measure [54]. Patients were asked to stand up from an armchair (seat height
46 cm), walk three meters, turn, walk back to the armchair, and sit down without
assistance. The instructions were to walk safely, but as fast as possible. The test was
assessed twice, and the fastest time was recorded.
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We used the TUG because we hypothesized that performance on the test would best
reflect the function goals of the physiotherapy program, including gait.
The short-term outcome was change in TUG from baseline to 6 weeks after surgery, and
the long-term outcome was change in TUG test score from baseline to 1 year after
surgery.

Statistical analysis
We retrospectively analysed prospectively collected data. Descriptive statistics
summarized the demographic characteristics, the preoperative TUG test score, the
preoperative VAS scores, the walking speed during physiotherapy, and the postoperative
TUG test scores. Continuous variables were presented as means and SDs. Categorical
variables were presented as frequencies and percentages.
The observed walking speed trajectories during the 10 days of the program were explored
using spaghetti plots, which are useful for graphically displaying the change in longitudinal
data over time. Data analysis was conducted in 2 stages.

Data Analysis Stage 1: Identifying Groups
The groups were identified using latent class mixed models (LCMMs), as implemented in
the ‘lcmm’ R package (Version 1.8.1; R Foundation for Statistical Computing, Vienna,
Austria) [55]. Latent class mixed models are widely used statistical models in social,
behavioural and medical science. They can identify latent (unobserved) subgroups of
individuals based on common trajectories over time [56]. Distinct latent groups can reflect
some underlying comorbidity or level of disease severity, or some other unobserved
individual characteristics, such as adherence to treatment or different disease features.
In our study, the goal of using an LCMM was to classify patients who underwent TKA into
latent (unobserved) groups based on their response during physiotherapy characterized
by walking speed over time.
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A series of models with 1-4 groups were estimated using linear functions of time and
quadratic functions to allow for nonlinear mean trajectories over time. As there are no
formal decision criteria for the ideal number of groups, the solution was based upon a
combination of statistical criteria, parsimony, and interpretability. A forward procedure
was performed by adding one group at a time for both the linear and the quadratic
models. The models’ likelihood and classification quality were assessed using the
Bayesian information criterion (BIC) and the mean posterior probability of classification
[57]. The BIC is a criterion for model selection among a finite set of models where the
model with the lowest BIC is preferred. The best fitting model was selected based on the
lowest BIC value and the highest proportion of classified patients according to a
preselected mean posterior probability threshold. We allowed for a minimum of 5% of
the sample size in each group. The mean of the posterior probabilities for participants
classified into each group is an index of classification accuracy. The posterior probability
is computed using the Bayes theorem as the probability of belonging to a latent group
given the information collected (in our case, given the walking speed trajectories over the
10 days of the program)[58]. A very discriminatory classification would provide mean
posterior probabilities close to 1. Therefore, we explored the proportions of patients in
each group who were assigned to their most likely group based on a posterior probability
of ≥ 0.7. The physiotherapy patterns of the identified groups were compared with the
patterns of the a priori expected groups to improve clinical relevance.

Data Analysis Stage 2: Quantifying Associations Between Walking-Speed
Trajectories and Function
Univariable analyses were conducted to evaluate the presence of significant differences
in outcome means and the distribution of variables of interest between the identified
groups. The association of the groups with short- and long-term outcomes was analyzed
using multivariable linear regression [59, 60]. The outcomes were regressed on the
identified groups and on a set of baseline covariates: BMI, age, sex, preoperative TUG test
score, and preoperative VAS pain score. We adjusted for the baseline covariates to
improve the efficiency of the analysis and to avoid conditional bias from chance covariate

79

Chapter 4

imbalance. Several studies reported the association of these factors with TKA
outcomes[61, 62].The overall fit of the models was assessed using the adjusted R� value

for the linear regression models. The statistical analysis was performed using R software
version 3.4.4 [63, 64].

Sample size
We considered two types of analyses: the LCMM and multivariate linear regression.
Appropriate sample size is important for adequate statistical power and reducing bias
related to parameter and standard error estimates for both analyses. An insufficient
sample size can be particularly problematic when conducting latent class analyses
because it is often associated with convergence issues and the inability to identify small
but meaningful subgroups.
There is no common approach for sample size considerations in LCMMs. However, the
literature gives varying general rules of thumb for multilevel models, ranging from 15 to
100 participants [65-67]. Hox (2010) suggested that 100 participants and 10 observations
per participant for situations in which a linear mixed model is fitted and when the model
of interest involves random effects [68]. For accurate prediction using multivariable linear
regression, we needed at least 10 participants per variable [69]. Therefore, the adequate
sample size for this study was at least 100 patients.
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Results
218 patients participated in this study. Treadmill walking speed data were missing for 3
patients. Therefore 215 patients were included in our analyses. Of the included patients,
150 (70%) were female, and 65 (30%) were male. The mean age was 65 years, ranging
from 47 to 84 years. Mean BMI was 25.1 kg/m2, ranging from 16.5 to 36.4 kg/m2. The
preoperative data of the included patients are summarized in Table 1.
The observed walking speed trajectories during the 10 days physiotherapy program are
presented in Appendix Figure 2, where we randomly selected 10 participants to avoid
over plotting and to make the trajectories more visible. In general, there was a linear
increase in walking speed over the 10 days, with noticeable between-patients variability.

Classifying participants based on walking speed
The BICs and the mean posterior probabilities for the LCMMs with 1, 2 and 3 groups are
presented in Table 2. Increasing the number of groups to four was not possible, because
the model with four groups resulted in a fourth group without patients. The 2-group
model had the lowest BIC and superior discrimination compared to the 3-group model.
The lowest mean posterior probability was 0.93 in the 2-group model and 0.71 in the 3group model. In the 3-group model, 40% of the patients who were assigned to the gain
group had a posterior probability less than 0.7, in the 2-groups model, fewer than 10% of
the patients assigned to the low-gain group and to the high-gain group had a posterior
probability less than 0.7, indicating superior discrimination by the 2-groups model. Based
on these indices we selected the 2-group model as the most appropriate. Appendix
Figure 4 displays a graphical representation of the fitted models with 1, 2, and 3 groups.
In the 2-group model, the groups were most comparable with the ‘gain group’ of the a
priori expected groups, where patients steadily recover their level of functioning.
However, we noticed two different degrees of gain in the gain group: therefore, we refer
to them as ‘low-gain’ (n=117) and ‘high-gain’ (n=98) groups.
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The mean walking speed of the high-gain group was faster than the low-gain group and
improved by 50% during the 10-day program (Appendix Figure 3). The means and SDs at
each time-point for each of the walking speed trajectory groups are provided in Appendix
Table 5.
The percentages of men and women in the two groups were almost the same. There were
no significant differences in age, BMI, and preoperative VAS pain score between the 2
groups (Table 1). The mean preoperative TUG test score was significantly different
between the two groups (p-value < 0.001) with an average score 1 second faster in the
high-gain group compared to the low-gain group. However, this statistically significant
difference between the groups is too small to be clinically significant, given that the
minimal detectable change of the TUG test score is 2.27 seconds in patients with TKA [70].

Relationship between walking speed and function
Table 3 shows the unadjusted observed means of the 6 weeks and 1-year outcomes. In
both groups, TUG test performance was slower at 6 weeks relative to preoperative TUG
performance. After 1 year, all patients improved on the TUG test.
Table 4 displays the results of the multivariable linear regression models for the change
in TUG test score at 6 weeks and 1 year after surgery. Both models were adjusted for BMI,
age, gender, preoperative TUG test score and preoperative VAS pain score, and showed
no statistically significant associations between the identified groups and the outcomes.
The effects of BMI, age and gender were not significant, whereas the effect of the
preoperative TUG test score was highly significant (p<0.001).
Adjusted means from the model are different from the unadjusted means. This is due to
the difference in the baseline TUG test score and the strong association it has with the
changes in outcome at 6 weeks and 1 year.
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Discussion
We aimed to classify patients who underwent TKA based on their walking speed trajectories
during a 10-day, high-intensity physiotherapy program, and to assess whether walking speed
predicted response to TKA and physiotherapy. Using latent class analysis, we identified a
“high-gain group” and a “low-gain group”. Patients in both groups showed steady recovery of
function, but with different rates of improvement. The functional outcomes of TKA and
physiotherapy were measured using the change in TUG test score at 6 weeks and at 1 year
after surgery. There was no significant association between the groups and TUG performance
after TKA and physiotherapy.
To our knowledge, our study is the first to use walking speed trajectories during early
physiotherapy for the prediction of long-term outcomes. Taking measurements daily, without
missing observations is one of the strengths of our study. We used latent class analysis, which
is a relatively new method that helps to model the change of the walking speed over time,
while allowing patients to have different distributions and therefore to be classified into
separate homogenous subgroups.
Our panel of experienced physiotherapists hypothesized a priori that four groups of recovery
profiles could distinguish patients participating in early physiotherapy after TKA. The four
groups were based on the total population of TKA patients, who had different patient
characteristics and different physiotherapy trajectories (both influence the recovery curves).
We only included patients who could participate in an early high-level training program, and
this was confirmed in the analysis (we identified 2 walking-speed groups).
Counterintuitively, no significant associations were found between the two recovery groups
(i.e., low gain or high gain) and the outcomes after TKA at 6 weeks or 1 year. We hypothesized
a priori that the response to early physiotherapy would be associated with TKA outcomes. We
expected that people with a stronger response to early physiotherapy would have superior
outcomes. Explaining the lack of an association with TKA outcomes due to a lack of contrast
between the groups seems unlikely [71]. The low-gain group improved their walking speed by
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0.1 m/s (0.4 km/hr) during the program and the high-gain group improved their average
walking speed by 0.3 m/s (1.1 km/hr). On the other hand, one could argue that, despite the
difference in magnitude, both groups achieved clinically relevant improvements in walking
speed during the early physiotherapy program. A 0.1m/s improvement in walking speed has
been reported to predict better health status [72, 73]. Perhaps a small improvement in walking
speed is as effective as a larger improvement. The absence of a constant or decline group in
our sample prevents us from testing this hypothesis.
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Limitations and future research
One of the limitations of our study is that the physiotherapy training was guided by the
increased walking speed with walking aids. Performance on the TUG test score is influenced
by walking aids because the test measures the time to stand up from a chair, walk three
metres, walk back, and sit down. Standing up and taking the walking aids takes time, as does
removing walking aids before sitting. If walking aids were ceased after three weeks (or earlier
if possible), then the recovery profiles might have changed. Sometimes the program is guided
by pain, which impairs loading the operated knee.
‘Functional recovery’ at the end of the training was based on TUG test performance. A
statistically significant difference in TUG test score between the groups might not be clinically
significant, given that the minimal detectable change of the TUG test is 2.27 seconds in
patients with TKA [70]. The TUG test reaches a ceiling effect after TKA earlier than the 6-minute
walk test. Therefore, the 6-minute walk test may have been more appropriate as a
measurement of functional outcome after 1 year. Unfortunately, the 6-minute walk test was
only assessed at baseline.
Future studies to investigate the added value of monitoring recovery curves during
physiotherapy are needed. Future research in non-selected groups with different recovery
trajectories (including high intensity training but also the possibility to adapt the training level
to patients’ capacity) would help identify the patient characteristics and training factors
influencing recovery.
A possible reason for the lack of association between the walking-speed trajectories and the
outcomes could be the short time frame during which the trajectories were assessed relative
to the outcomes. It is possible that the trajectories during the 10-day program represent only
the first part of a much longer recovery trajectory that could show an association with the
outcomes. Ideally, monitoring the course of a patient’s recovery should continue for as long
as is clinically relevant [74, 75].
In the relatively short period of 6 weeks, nearly full restoration of function was achieved by
the high-gain group. Almost all patients achieved high-level function at 1 year. Therefore,
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measuring more intermediate time points between 6 weeks and 1 year might help to detect
clinically important associations between performance during the training and the response
to TKA and physiotherapy.
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Conclusion
We distinguished 2 different groups based on the function outcomes during physiotherapy.
However, the clinical relevance remains unclear as group classification did not predict shortand long-term function outcomes.

Keypoints
Findings:
1. The distinct walking speed trajectories identified during rehabilitation did not predict

timed up-and-go test performance after total knee arthroplasty and physiotherapy.
2. All patients achieved steady, sufficiently high function levels at 1 year, regardless of having

high or low gain in walking speed during the physiotherapy program.
Implications:
Clinicians can reassure patients, especially those whose performance improved more slowly
during early rehabilitation, that sufficient restoration of their functional level within 1 year is
a realistic goal.
Caution:
Patients were selected on the expectation that they could participate in an early high level
training program. Broader selection criteria might be needed to generalize the results.
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Tables
Table 1. Participants’ preoperative characteristics for the high-gain and low-gain group
separately.
Low-gain

High-gain

cohort

group

group

(n=215)

(n=117)

(n=98)

Age (years), mean (SD)

65 (8)

65 (8)

66 (7)

0.526 †

Gender (Male), n (%)

65 (30)

29 (30.5)

36 (30.0)

0.933 ††

BMI (kg/m2), mean (SD)

25.1 (3.2)

24.9 (3.2)

25.3 (3.3)

0.448 †

Preoperative VAS for pain, mean (SD)

52 (16)

52 (15)

54 (16)

0.336 †

9.1 (2.3)

9.5 (2.8)

8.5 (1.3)

<0.001 †

Total
Characteristics

Preoperative TUG score (seconds),
mean (SD)
n=

number

of

patients;

SD=standard

deviation;

BMI=

Body

p-value

Mass

Index;

kg/m2=kilograms per meter squared; VAS= Visual Analogue Scale (Range: (0-100), higher
levels indicate more pain, 0 corresponds to no pain and 100 corresponds to worst
imaginable pain); TUG= Timed Up and Go. †= Two-sample t-test, ††= Chi-squared test.
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Table 2. Indices of model fit and resulting group sizes for models with one, two and three
groups based on walking speed trajectories during the 10 days physiotherapy program.
Indices

One group

Two groups Three groups

BIC (the lower the better model fit)

-1658

-1677

-1664

N (%)

117 (54)

97 (45)

Mean posterior probability

0.94

0.89

Posterior probability ≥ 0.7 (%)

92.3

89.7

Low-gain group

Gain group
N (%)

215 (100)

50 (23)

Mean posterior probability

0.71

Posterior probability ≥ 0.7 (%)

60

High-gain group
N (%)

98 (46)

Mean posterior probability

0.93

68 (32)
0.87

Posterior probability ≥ 0.7 (%)
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BIC = Bayesian information criterion; Mean posterior probability = mean posterior
probabilities for the patients classified in each group; Posterior probability ≥ 0.7 (%) =
proportion of patients who were assigned to their most likely group based on a posterior
probability ≥ 0.7.

Table 3. Participants’ unadjusted observed mean outcomes per subgroup after TKA and
physiotherapy.
Low-gain group

High-gain group

n=117

n=98

TUG (seconds), mean (SD)

12.6 (2.8)

11.6 (1.6)

TUG change (seconds), mean (SD)

2.9 (2.7)

3.0 (1.7)

TUG (seconds), mean (SD)

8.6 (1.8)

8.2 (1.7)

TUG change (seconds), mean (SD)

-0.9 (2.5)

-0.3 (1.8)

Outcome
6 weeks outcomes

One-year outcomes

SD= standard deviation; TUG (in seconds) = Timed Up-and-Go test; TUG change (in seconds)
= Change in TUG compared to preoperative TUG.
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Table 4. The results of the multivariable linear regression models
Outcomes

Estimate

(95% P-value

CI)
Short-term outcome:
TUG

change

at

6

weeks

compared

to

preoperative TUG
Estimated mean change in TUG: high-gain group

2.8 (2.4, 3.2)

Estimated mean change in TUG: low-gain group

3.4 (3.0, 4.0)

Estimated mean change difference in TUG: high- -0.6 (-1.1, 0.0)

0.064

gain versus low-gain group
Estimated mean change in TUG for one unit -1.0 (-1.2, -0.7)

<0.001

increase in preoperative TUG
Model adjusted 𝑅𝑅� =0.22
Long-term outcome:

TUG change after 1 year compared to
preoperative TUG
Estimated mean change in TUG: high-gain group

-0.7 (-1.0, -0.4)

Estimated mean change in TUG: low-gain group

-0.6 (-0.8, -0.2)

Estimated mean change difference in TUG: high- -0.1 (-0.6, 0.3)

0.602

gain versus low-gain group
Estimated mean change in TUG for one unit -1.4 (-1.6, -1.1)

< 0.001

increase in preoperative TUG
Model adjusted 𝑅𝑅� = 0.46

CI=confidence interval, TUG=timed up-and-go in seconds; group: identified group based on
the walking speed trajectories during training; Model adjusted 𝑹𝑹𝟐𝟐 = percent of variance

explained, adjusted for the number of predictors in the model.

The estimated mean changes in TUG are corrected for: BMI, age, gender, preoperative TUG,
and preoperative VAS.
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Appendix
The High-Intensity Physiotherapy Program (Energ_IQ)
Energ-IQ is a 10-day intensive recovery program for patients who have undergone hip or
knee replacement surgery. The program was designed to help patients to improve their
physical functioning and physical activity level in daily life. The program was developed by
Medisch Spectrum Twente (MST) in collaboration with FysioHolland Twente, Resort Bad
Boekelo, home care organization Thuisgenoten and the general practice in Boekelo. By
participating in the program patients work on their physical recovery after surgery in a
stimulating and relaxed environment.
A patient was included in the high-intensity physiotherapy program if he/she satisfied the
following criteria:
1) was undergoing primary TKA procedure for osteoarthritis
2) was physically able to complete the intensive program
3) had no comorbidity that hindered the patient in doing exercises two times a day
4) was independent in activities of daily living before surgery
5) had no psychological distress related to a higher risk of worse outcome.
6) had a BMI≤30, (risk factor for worse outcomes)).
7) provided informed consent.
After TKA, patients stayed in the hospital for three days. During the hospital stay they were
given physiotherapy two times a day with a mean duration of 18 minutes per session.
Physiotherapy consisted of education, isometric quadriceps muscle exercises, Range of
Motion exercises, transfers, walking with a walking aid and walking stairs.
The Energ-IQ program took place in a luxury wellness resort. The program consisted
mostly of activity-based exercises such as walking on different surfaces, stair climbing
treadmill walking and aquatic therapy. Patients were guided by a specialised
physiotherapist and learned symmetric and dynamic moving patterns. During the 1.5hour morning session patients exercised in the gym. This session consisted of treadmill
walking, ergometer cycling, RoM exercises, quadriceps strengthening, symmetric and
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dynamic gait training on parallel bars and education. After the morning session patients
had three hours to rest and eat. The 1.5-hour afternoon session consisted of aquatic
therapy, outside walking on different surfaces, stair climbing and fall prevention. The
intensity of the exercises was adjusted for each patient. After the program patients were
advised to exercise by themselves or continue physiotherapy in the home environment,
if necessary, until their goals were achieved for activities of daily living and sport and work
activities.
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Appendix: Figures

Figure 1. A priori expected groups of general patients based on their walking speed during
an early physiotherapy program after TKA.

Figure 2. The observed walking speed (kilometers per hour) trajectories during the highintensity physiotherapy program for 10 randomly selected patients.
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Figure 3. The observed walking-speed trajectories during treadmill walking in the highgain group (dashed black line, n=98 (46%)) and the low-gain group (solid red line, n=117
(54%)).
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Figure 4. The observed walking speed trajectories during treadmill-walking and the identified groups fitted models with 1, 2 and 3 groups
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Appendix: Additional Tables
Table 5. Walking speed on each training day by group
Training day

Low-gain group

High-gain group

1

1.8 (0.3)

2.2 (0.3)

2

1.9 (0.3)

2.2 (0.3)

3

1.9 (0.2)

2.3 (0.3)

4

2.0 (0.2)

2.5 (0.3)

5

2.0 (0.2)

2.7 (0.3)

6

2.0 (0.2)

2.7 (0.3)

7

2.0(0.2)

2.9 (0.3)

8

2.1(0.3)

3.0 (0.3)

9

2.1(0.3)

3.2 (0.4)

10

2.2(0.3)

3.3 (0.3)

Values are mean ± SD kilometers per hour.
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Abstract
Background: To identify recovery trajectories during the first 6 weeks in patients selected
for a high-intensity physiotherapy program after Total Knee Arthroplasty for physical
functioning and pain, and to explore the association of these trajectories with the oneyear outcomes.
Methods: Prospective cohort study of 218 patients with measurement time points:
preoperative, and at three days, two and 6 weeks, and one-year post-surgery. Outcome
measures: performance-based physical functioning (Timed Up and Go [TUG]), selfreported physical functioning (Knee injury and Osteoarthritis Outcome Score-Activities of
Daily Living [KOOS-ADL]), and pain (Visual Analogue Scale [VAS-pain]). Latent Class
Analysis was used to distinguish classes based on recovery trajectories over 6 weeks.
Multivariable regression analyses were used to identify associations between the classes
and one-year outcomes.
Results: The TUG showed three classes: “fast” (n=203), “normal” (n=8) and “slow” recovery
(n=7), the KOOS two classes “fast” (n=86) and “normal” recovery (n=132), and the VAS-pain
three classes: “no/very low pain” (n=151), “normal decrease of pain” (n=48) and “sustained
pain” (n=19). Outcomes for TUG of the “slow” versus “normal” and fast” versus “normal”
group were 3.31 [95%CI:1.52,5.09] and -0,56 [95%CI: -1.75,0.64] seconds, respectively. For
KOOS-ADL this was 11,97 [95%CI:8.62,15.33] points favouring “fast” versus “normal”
recovery. For VAS-pain the odds ratio for “normal decrease” versus “no/very low pain” was
0.92 [95%CI:0.17,4.84] and for “sustained pain” versus “no/very low pain” 0.11
[95%CI:0.03,0.42].
Conclusion: The high-intensity physiotherapy program based on an adequate inclusion
showed an adequate recovery at 6 weeks, with further improvement till 1 year.
Key words: Total Knee Arthroplasty, recovery, physiotherapy program
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Introduction
An increasing number of studies focussed on the effectiveness of total knee arthroplasty
(TKA) surgery for people with end-stage osteoarthritis. They showed that on the average
80% of the patients is satisfied 1 year after surgery. [1,2] However, most studies on the
effectiveness of TKA including a postoperative physiotherapy program used a pre-post
design or randomized controlled design with measurements at six months or at 1 year.
[3,4] In most of these studies, recovery trajectories have not been analysed so far.
Recovery trajectories might provide a more valid recovery parameter as it combines
multiple endpoints over time. Moreover, recovery trajectories might also be more
valuable than a single endpoint, to predict accurately how an individual patient is likely to
recover [5] and to identify abnormal recovery. In addition to that, identifying patients with
similar patterns of recovery may provide novel insights into subgroups of patients that
may or may not benefit from specific rehabilitation programs.
Latent Class Mixture Models (LCMM) are widely used statistical models in social,
behavioural, and medical science. They can be used to identify latent subgroups, classes
or clusters of individuals based on their common growth trajectories over time.[6] These
models can be seen as an extension of growth models given the assumption of
homogeneity of growth parameters within a latent subgroup.[7] The existence of distinct
latent groups can reflect some yet unknown influencing variables like comorbidity or
other unobserved individual characteristics, or rehabilitation related factors like
adherence to exercise or characteristics of the rehabilitation program. In this work, we
use LCMM models to identify subgroups of patients based on their recovery trajectories
after TKA surgery. We did this for the first step in a sample of patients included for a highintensity physiotherapy program after TKA, because these patients were measured
frequently. Moreover, the physiotherapy treatment in these patients is equal for all
patients, so it is unlikely that this affects the recovery trajectories identified.
We hypothesized that there are different subgroups of patients with distinctly different
recovery trajectories after TKA as reported by others.[8,9] Recovery trajectories were
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studied earlier in other populations, such as low back pain,[10] neck pain,[11] stroke
patients,[12] knee osteoarthritis[13] and once in patients after TKA.[14] However, the
latter study only looked at the recovery trajectories between one and five years,[14] while
it is well-established that recovery primarily takes place in the first weeks after TKA,[1518] and that the one-year outcome corresponds mostly with the end-stage in recovery
after TKA.[15] There is currently a paucity of information in the literature on recovery
trajectories in patients after TKA during the first weeks after surgery. Therefore, the
primary aim of this study was to determine if it is possible to identify recovery trajectories
for physical functioning (performance-based and self-reported) and pain over 6 weeks in
patients after TKA.
The secondary aim is to explore associations of these early recovery trajectories over 6
weeks with physical functioning (performance-based and self-reported) and pain after 1
year.

Material and methods
Study design
This is a prospective cohort study with clinical data. The flowchart of this cohort study is
presented in figure 1. We collected preoperative data between one and two weeks before
TKA surgery. Follow-up measurements were performed three days, two weeks, 6 weeks
and 1 year after surgery. Data collection was performed as part of routine care. We
reported this study in accordance with the STROBE statement for the reporting of
observational studies.[19] The medical ethical review board of the Medisch Spectrum
Twente (MST), Enschede, The Netherlands approved the study (Kh 13-06). All patients
provided written informed consent prior to enrolment in the study.

Participants and setting
Participants were recruited from the MST community hospital in Enschede, the
Netherlands between February 2011 and December 2014. Patients who followed a highintensity physiotherapy program after TKA were included. The decision whether a patient
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was eligible to participate in the program was made by the orthopaedic surgeon and the
physiotherapist together. A requirement was that patients are able to maintain the highintensity physiotherapy program. Therefore, the following inclusion criteria were
mandatory: 1) 18 years or older and diagnosed with primary osteoarthritis; 2) admitted
for TKA surgery; 3) preoperatively independent in activities of daily living; 4) no
comorbidity that hindered doing exercises;[20] 5) no mental disorders [20] as reported by
the patient; 6) physically able and willing to perform a 10-day high-intensity physiotherapy
program; and 7) signed informed consent (see Appendix 1). The high-intensity
physiotherapy program is explained in Appendix 1.
A proper sample size is important for obtaining adequate statistical power as well as
reducing bias related to parameter and standard error estimates for both analyses. An
insufficient sample size can be particularly problematic when conducting latent class
analyses because it is often associated with convergence issues and perhaps inability to
identify small but meaningful subgroups. Unfortunately, determining the sample size
needed to conduct a LCMM is not straightforward. ‘‘Rules of thumb’’ (e.g., 5 or 10
observations per estimated parameter) are commonly used to justify a particular sample
size. For the multivariate linear regression analysis, we apply the rule of thumb that we
least 10 patients per variable. A proper sample size for this study is minimum 100 patients.
Assuming a dropout rate of 15% a total number of 115 patients is needed.

Surgery and physiotherapy
After inclusion in the study by the orthopaedic surgeon and the physiotherapist, the
preoperative assessment took place. Thereafter, all participants received a TKA
procedure. Five orthopaedic surgeons performed all TKA surgeries following the same
surgical procedure. The number of TKA procedures per year carried out by each surgeon
varied from 50 to 70. Participants started their rehabilitation during the three-day hospital
admission. The orthopaedic surgeon and the physiotherapist checked a second time if
inclusion in the high-intensity program was possible (no complications which hindered
following a 10-day high-intensity program). After discharge and definitive inclusion,
participants stayed at a resort where they followed a 10-day high-intensity physiotherapy
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program, which is explained in Appendix 1. After ten days all participants returned home.
The program was available for all patients, independent of their social and economic
status. Patients were advised about the continuation of physiotherapy after the highintensity program, dependent on their physical status. [21]

Measurements
The following variables were collected preoperatively: patient characteristics (i.e. age,
gender, body mass index [BMI], number of comorbidities), performance-based measure
(i.e. Timed Up and Go [TUG][22] and self-reported measure (i.e., physical functioning
measured with the Knee Osteoarthritis and Outcome Score Activities of Daily Living scale
[KOOS-ADL],[23] and pain measured with the Visual Analogue Scale [VAS]).[24]
Physical functioning and pain are core outcome measures for people undergoing TKA
surgery,[25] which was confirmed by patients and orthopaedic surgeons.[26] Mizner et al
advised using both performance-based measure and patient-reported measure for
measuring physical functioning.[27] Therefore, performance-based physical functioning
(TUG), self-reported physical functioning (KOOS-ADL) and pain (VAS) were used as
outcome measures. The recovery trajectories were based on measurements
preoperatively, and 3 days, 2 weeks, and 6 weeks after surgery. All outcome measures
were also measured at 1 year after surgery.
The TUG is a multi-activity measure.[22] Patients were asked to stand up from an armchair
(with a seat height of 46 cm), walk three metres, turn and walk back to the armchair
without assistance. For scoring the TUG, the time in seconds to complete the task was
measured. The instructions were to walk safely, but as fast as possible. The test was
assessed twice and the lowest time score was used as outcome measure.
Self-reported physical functioning was measured with the KOOS. The KOOS is composed
of five separately scored subscales: pain, symptoms, ADL, activities in sports and
recreation, and knee-related quality of life. [28,29] Answers were given using a Likert scale,
and each question was answered with a score from 0 to 4. A normalised score from 0 to
100 was calculated for each domain (100 indicates no symptoms/pain, and 0 indicates
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extreme symptoms/pain). The KOOS has excellent reliability and good content and
construct validity when used for short- and long-term follow-up of knee injury.[30,31] It
has been validated for people with TKA.[30-32] The score per subscale was determined
and only the subscale ADL was used to measure outcome.
The VAS was used to measure pain.[24] Patients were asked to mark on a 100-millimeter
line their pain rating during the last week, where 0 corresponded to no pain and 100
corresponded to worst imaginable pain.

Statistical analysis
Patient baseline and preoperative characteristics were described as median [interquartile
range (IQR)] or number of patients (percentage). The subpopulations of patients based on
the postoperative performance-based physical functioning and self-reported physical
functioning outcome trajectories and pain outcome trajectories for 6 weeks were
identified using latent class mixed model (LCMM). The LCMM finds potential latent profiles
in heterogeneous populations. It combines a latent class model to identify homogenous
latent classes of subjects and a mixed model to describe the mean trajectory over time in
each latent group, while considering the individual correlation between repeated
measures. Each subpopulation has its own physical functioning (TUG, KOOS-ADL) or pain
(VAS) growth parameters. We fitted the models using not only linear functions of time but
also quadratic functions to allow nonlinear mean trajectories over time. The optimal
number of classes was determined using a forward procedure, starting with one class and
no subpopulations in the study sample. Then one class was added for each model. To
evaluate if the model with one added class improved, three steps were taken: 1) The
Bayesian information criterion (BIC) was used. [10,13, 33] The BIC considered the
likelihood of the model and the number of parameters in the model. A lower BIC value
indicates a better model fit[34] and is a guidance to decide the optimal number of
classes;[10, 13, 33] 2) Patients were assigned to their most likely class based on a posterior
probability of ≥0.7.[33]
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The association of the identified groups with the one-year outcomes was analysed using
multivariable regression analysis.[35] 191 patients scored a VAS 0 (no pain) after 1 year,
so we decided to dichotomize the VAS score into ‘no/very low pain’ and ‘pain’. Patients
with a VAS score of 0-20 were categorized as ‘no/very little pain’ and patients with a VAS
of ≥21 were categorized as ‘pain’. This cut-off point was also used in other studies using
the patient acceptable symptoms state (PASS). [36,37] Dichotomizing was only done for
the one-year VAS scores.
The one-year responses were regressed on the identified subgroups and on a set of
relevant baseline covariates: Age, gender, and BMI. Linear regression models were used
for the one-year TUG and KOOS scores, and a logistic regression model for the one-year
dichotomized VAS outcome. The association was determined with the regression
coefficient and the 95% confidence interval (linear regression models) for TUG and KOOS
and the odds ratio and the 95% confidence interval (logistic regression model) for the VAS
of pain during the last week. The overall fit of the models was assessed using the total
variance explained, the R� for the linear regression models and Nagelkerkes R� for the
logistic regression model.

Statistical analysis was performed with R software version 3.4.4[38] and IBM Statistical
Package for the Social Sciences (SPSS 25.0) [39] The ‘lcmm’ R package was used to perform
the latent class analysis.[40]

Results
Study population
In total 222 patients were selected and agreed to participate in the 10-day high-intensity
physiotherapy program. After surgery four patients were excluded for the 10-day highintensity training program because of wound problems (n=2), infection (n=1) and not able
to do exercises (=1). Therefore, 218 patients were definitively included in the study, as
shown in Figure 1. All measurements at baseline and during follow-up were completed

108

An application to a Latent Class Analysis II

for all included patients. Table 1 shows the baseline characteristics of the study
population (n=218).
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Figure 1: Study flow chart
Baseline and preoperative characteristics:
• Patient characteristics (age, gender, BMI)
• Number of comorbidities
• Performance-based physical functioning
(TUG)
• Questionnaires (KOOS-ADL, VAS)

Inclusion
TKA surgery

1 or 2 weeks before
TKA surgeryN=222

Exclusion:
• Wound problems (n=2)
• Infection (n=1)
• Not able to do exercises (n=1)

Definitive inclusion 10-day high-intensity
physiotherapy program
3 days postoperative
N=218
Clinical outcome for the recovery trajectories:
• TUG
• KOOS-ADL
• VAS

2 weeks postoperative
N=218
6 weeks postoperative
N=218

1 year postoperative
N=218
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Table 1: Characteristics study population
Characteristic

Total cohort (n=218)

Age (year), median [IQR]
Gender, n (%) female
BMI, median [IQR]
Number of comorbidities, n (%)
0
1
2
3
4
5
6
Preoperative TUG score (seconds), median
[IQR]
Preoperative KOOS-ADL score, median [IQR]
Preoperative VAS score, median [IQR]

65 [60, 71]
153 (70.2%)
24.81 [22.55, 27.41]
59 (27.0%)
40 (18.3%)
38, (17.4%)
37 (17.0%)
25 (11.5%)
18 (8.3%)
1 (0.5%)
8.65 [7.83, 9.88]
50 [35, 63]
52 [42, 62]

BMI= Body Mass Index; IQR=interquartile range; KOOS-ADL= Knee injury and
Osteoarthritis Outcome Score-Activities of Daily Living; n= number of patients; TUG=
Timed Up and Go; VAS= Visual Analogue Scale

Recovery trajectories
Performance-based recovery trajectories for physical functioning (TUG)
Appendix 2 shows the BIC from the linear and quadratic models of trajectories for TUG
and using different numbers of groups. We selected the quadratic three-class model with
the lowest BIC amongst the presented models to be the optimal models.

Figure 2a shows the mean trajectories per class for the TUG model. The performancebased physical functioning classes were defined as “low gain group” (class 1, n=7), “gain
group” (class 2, n=203) and “moderate gain group” (class 3, n=8). In total 211 patients (97%)
were recovered (class 2 and 3) and 7 patients (3%) were not recovered (class 1) based on
the 6 weeks recovery trajectories.
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Figure 2: Models for TUG, KOOS-ADL and VAS
a. Three-class quadratic model TUG 0-6 weeks

N=7 (slow gain group)
N=203 (gain group)
N=8 (moderate gain group)

b. Two-class linear model KOOS-ADL 0-6 weeks

N=86 (gain group)
N=132 (moderate gain group)

c. Three-class quadratic model VAS 0-6 weeks

N=48 (normal decrease of pain)
N=19 (sustained pain)
N=151 (no/very little pain)
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Self-reported recovery trajectories for physical functioning (KOOS-ADL)
The most optimal LCMM model for KOOS-ADL with the lowest BIC was the linear two-class
model (see Table 2). The mean trajectories per class for the KOOS-ADL model are shown
in Figure 2b. The self-reported physical functioning classes were defined as “gain group”
(class 1, n=86) and “moderate gain group” (class 2, n=132), so all patients recovered
(n=218, 100%).

Self-reported recovery trajectories for pain (VAS)
The most optimal model retrieved by LCMM was a quadratic three-class model for VAS
with the lowest BIC amongst the other presented models (see Table 2). Figure 2c showed
the mean trajectories per class for the VAS model. The three classes identified were as
follows: “normal decrease of pain” (class 1, n=48), “sustained pain” (class 2 n=19), and
“no/very little pain” (class 3, n=151). In total 199 patients (91%) were recovered on pain
(class 1 and class 3) and 19 patients (9%) were not recovered (class 2) based upon the 6
weeks recovery trajectories.

Association between the identified recovery trajectories and
one-year outcomes
Performance-based physical functioning
The median TUG score for the total population 6 weeks after surgery is 11.83 [95%CI
10.41, 12.98] seconds and after 1 year 8.01 [95% CI 7.15, 8.98] seconds. Table 2 shows the
regression coefficients of the multivariable linear regression model for TUG. The” low gain
group” (class 1) had a statistically significant 3.31 [95%CI 1.52, 5.09] seconds lower score
than the “moderate gain group” group (class 3) after 1 year. The “gain group” (class 2) had
a non-significant faster score of -0.56 [95%CI -1.75, 0.64] seconds compared to the
“moderate gain group” (class 3) after 1 year.
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Table 2: The results of multivariable linear and logistic regression models
1 year outcome
Multivariable linear regression models

TUG
Predictor

Class: “low
gain group”
versus
“moderate
gain group”
Class: “gain
group”
versus
“moderate
gain group”
Age (year)

Regression
coefficients
[95% CI], pvalue
3.31 [1.52,
5.09], p<0.01

-0.56 [-1.75,
0.64], p=0.36

KOOS-ADL (range 0-100)
Predictor
Regression
coefficients
[95% CI], pvalue
11.97 [8.62,
Class:
15.33],
“gain
p<0.01
group”
versus
“moderate
gain
group”

0.00 [-0.03,
0.03], p=0.96

Age (year)

Gender

-0.09 [-0.58,
0.41], p=0.73

Gender

BMI

-0.03 [-0.10,
0.04], p=0.36

BMI

Model 𝐑𝐑𝟐𝟐

0.14

Model R2

0.18 [-0.03,
0.39],
p=0.10
2.40 [-1.17,
5.98],
p=0.19
0.13 [-0.38,
0.64],
p=0.62
0.20

Multivariable
logistic
regression
model
VAS-pain (binary)
Predictor
Odds ratio
[95% CI], p-value

Class: “normal
decrease of
pain” versus
“no/very little
pain”
Class:
“sustained
pain” versus
“no/very little
pain”
Age (year)

0.92 [0.17,4.84],
p=0.58

Gender

0.45 [0.13,1.51],
p=0.63

BMI

1.08 [0.9,1.3],
p=0.66

Model R2

0.08 ⊗

0.11 [0.03,0.42],
p=0.01

0.95 [0.88,1.04],
p=0.07

BMI= Body Mass Index; CI=confidence interval; R2= explained variance; *p<0.05= statistically
significant; ⊗ Nagelkerke R2; KOOS-ADL= Knee Osteoarthritis Outcome Score-Activities of Daily
Living, TUG= Timed Up and Go; VAS= Visual Analogue Scale

114

An application to a Latent Class Analysis II

Self-reported physical functioning
In the total population KOOS-ADL score improved from 65 [95% CI 54, 75] after 6 weeks
to 75 points [95% CI 66, 88] after 1 year. Table 2 shows the results of the multivariable
linear regression model for KOOS-ADL. The “gain group” (class 1) had a statistically
significant 11.97 [95% CI 8.62, 15.33] points better score than the “moderate gain group”
(class 2) after 1 year.

Pain
Table 2 shows the odds ratios of the multivariable logistic regression model for VAS. After
1 year 205 patients were categorised as “no/very low pain” (VAS 0-20) and 13 patients were
categorised as “pain” (VAS >20). From the 19 patients with “sustained pain” after 6 weeks,
five patients (26%) experienced sustained pain after 1 year. In both the “normal decrease
of pain” group and the “no/very little pain” group experienced 4% of the patients after
one-year sustained pain (respectively 2 from the 48 patients and 6 from the 151 patients).
The “normal decrease of pain” group (class 1) had 8% lower odds (0.92 [95% CI 0.17, 4.84])
to become free of pain after 1 year than the “no/very little pain” group (class 3), but this
was not significant. However, the “sustained pain” group (class 2) had a statistically
significant (p<0.001) 89% lower odds (0.11 [95% CI 0.03,0.42]) to become free of pain after
1 year than the “no/very little pain” group (class 3).

Discussion
Key findings
The purpose of this study was to identify recovery trajectories in patients who attended a
high-intensity physiotherapy program after TKA surgery. For performance-based physical
functioning three classes were identified: a “gain group” (n=203), a “moderate gain group”
(n=8) and a “low gain group” (n=7). Self-reported physical functioning showed two
recovery trajectories, namely a “gain group” (n=86) and a “moderate gain group” (n=132).
For pain three classes were identified: “no/very little pain” (n=151), “normal decrease of
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pain” (n=48) and “sustained pain” (n=19). Patients had further improvements for physical
functioning and pain between 6 weeks and 1 year.

Strengths and limitations
The longitudinal design with a high follow-up rate is a strength of the study with five
measurements over 1 year. Data were sampled in real clinical practice and patients were
tested by the physiotherapist during the high-intensity program and during the regular
control visits and comprised of both self-reported and physical performance tests. This
minimized the burden of the patients. We expect those different types of physiotherapy
treatment programs could have affected the recovery after TKA. However, this was stable
in our study since all included patients followed the same program. Our selection of
participants resulted in a relatively homogeneous population. Similar analyses of recovery
trajectories need to be done in more heterogenous population of post-TKA patients
including patients with a less favorable prognosis.
The latent class analysis which is a relatively new method that, helps to utilize all available
information in the repeated measurement using flexible random effects models that
captures the change of the trajectory over time, while allowing the patients to have
different distributions and therefore to be classified to separate homogenous
subgroups.[33] LCMM gives an accurate prediction of how an individual patient is likely to
recover postoperatively[33] and it identifies abnormal recovery more than simpler
approaches. A potential limitation may be the lack of follow-up measurements between
6 weeks and 1 year due to practical reasons. The variation in patient profiles is small and
room for improvement is limited as shown in Table 3.
All patients were allowed to recover further with additional physiotherapy sessions after
the high-intensity physiotherapy program to optimize their rehabilitation. In another
study in a smaller population, we found that both patients with a favorable and less
favorable

recovery

after

the

high-intensity

physiotherapy

program

continued

physiotherapy.[21] There was no additive value of prolonged physiotherapy after the
high-intensity physiotherapy program in both groups.[21] Therefore, we expect that
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continuation of physiotherapy after the high-intensity program had no major impact on
the further recovery trajectories.

Clinical implications
Identifying recovery trajectories using LCMM is a relatively new technique, which was as
far as known only once researched in patients after TKA between 1 and 5 years after
surgery by Dowsey et al.[14] The recovery trajectories we found for pain were not
comparable to those found in the study by Dowsey et al (2015).[14] In our study 8.7%
(n=19) of the patients experienced “sustained pain”, while in the study of Dowsey et al [14]
21.5% were classified as ‘moderate pain’ (this study identified three classes: “No pain”
(33.1%), “Mild pain” (45.4%) and “Moderate pain” (21.5%)) during one till five years
postoperative. As shown our population showed better results on pain. This difference
could be explained due to the combination of the high-intensity physiotherapy program
in a selected group of patients which led to better results. For self-reported physical
functioning similar differences were seen, namely 23.8% in the study by Dowsey et al [14]
were classified as ‘high’ self-reported physical function (this study identified three classes:
“high physical functioning (23.8%), “moderate physical function” (54.6%) and “low physical
functioning” (21.6%)) against 39.4% (“gain group”) in our study.
Patients in this study showed progress on the measurements between 6 weeks and 1
year. The minimal clinical important difference for TUG was 2.27 seconds,[41] for KOOS
20 points [42] and for VAS 22.6 points,[43] therefore this recovery between 6 weeks and
1 year was only small and not clinically relevant anymore because of ceiling effects in the
“normal decrease of pain” and “no very little pain” groups for VAS and for all KOOS
recovery trajectories (“gain group” and “moderate gain” group). Patients in the “sustained
pain” group showed clinically relevant improvements between 6 weeks and 1 year. For
the TUG classes there was also a clinically relevant improvement between 6 weeks and 1
year. Some studies showed most improvement in the first 3-4 months after surgery,
followed by a ceiling effect after 1 year.[15,17,18] In our study the ceiling was nearly
reached already at 6 weeks, while in patients with “sustained pain” a clinically relevant
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improvement took place later than in the other groups between 6 weeks and 1 year
[41,42,43,44] which implies that these patients needed more time to recover than the first
6 weeks. Patients with “sustained pain” during the 6 weeks (n=19), had the possibility to
get pain free after 1 year (n=15). At 1 year almost all patients were pain free, so the
outcome was favorable for this group of patients.
The differences of the TUG and KOOS-ADL trajectories between the “gain” and “moderate
gain” group was considered clinically relevant, while for VAS trajectories differences
between “no/very low pain,” and “sustained pain” were statistically significant but small.
Our population included patients with a favourable prognosis and our data showed
favourable recovery trajectories for most patients. If all patients after TKA surgery will be
included in further research, we expect to find the same recovery trajectories as in our
population. Literature shows satisfaction rates of 80% after TKA, so than more patients
will be in the “sustained pain” and “low gain” group.

Further research
Recovery trajectories for patients after TKA including a high-intensity physiotherapy
program were determined in the first weeks after TKA procedure. Studies looking at
recovery trajectories in all patients after TKA, including those who followed other
rehabilitation protocols and a less favorable prognosis are needed to generalize the
results to all patients after TKA. Identifying patients with less favorable outcomes (pain or
physical function) is important to get realistic expectations from the patients of the TKA
surgery. This improves satisfaction after TKA.[45] Prognostic factors for outcome after
TKA were researched the last years and showed preoperative pain, preoperative physical
function, and anxiety as the best predictors for long-term outcome.[20] However as far as
known this is not researched in studies looking at recovery trajectories,[20] so identifying
preoperative prognostic factors for recovery trajectories is another recommendation for
further research.
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Appendix 1: The high-intensity physiotherapy program
Aims program

Inclusion criteria

Hospital stay

Program

Location
Duration
program
Frequency PT
Duration per PT
session
Intensity
Content PT

Discharge home

Improving physical functioning
Improving physical activity level in daily life
Improving self-management skills
For inclusion in the high-intensity physiotherapy program, the patient had to satisfy the following
criteria:
Patient
1) was undergoing primary TKA procedure for osteoarthritis
2) was physically able to complete the intensive program
3) had no comorbidity that hindered the patient in doing exercises two times a day
4) was independent in activities of daily living before surgery
5) had no psychological distress related to a higher risk of worse outcome (49,50)
6) had a BMI≤30, (risk factor for worse outcomes) (51))
7) provided informed consent
Three days
Physiotherapy was given two times a day with a mean duration of 18 minutes per session
Physiotherapy consisted of education, isometric quadriceps muscle exercises, Range of Motion
exercises, transfers, walking with a walking aid and walking stairs
Resort hotel
10 days
2 times a day
1.5 hour
High
Learning dynamic and symmetric walking pattern
Range of Motion exercises
(outside) walking on different surfaces
cycling on a home trainer
transfer training
muscle strength exercises
walking stairs
aqua therapy
fall prevention
education
After the program patients were advised to exercise by themselves or continue physiotherapy in
the home environment, if necessary, till goals were achieved in activities of daily living, sport and
work activities.
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KOOS-ADL= Knee Osteoarthritis and Outcome Score- Activities of Daily Living; TUG= Timed Up and Go; VAS= Visual

TUG

Number

ADL and VAS-pain for 0-6 weeks

Appendix 2: The BIC values for linear and quadratic models of trajectories of TUG, KOOS-
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Discussion
The main objective of this thesis was to give an overview, a comparative evaluation, and
practical applications of different methods to model a repeatedly measured variable and
a long-term outcome into a prediction model. To achieve this goal, we explored some of
the currently utilized methods and compared their predictive performance by simulation
and application to real data sets. In chapter 2, we introduced the two-stage method and
the joint modeling approach, compared their predictive performance to produce dynamic
predictions of a binary outcome, and offered recommendations based on our findings. In
chapter 3, we continued with a simulation study to compare the predictive performance
of the joint model and longitudinal discriminant analysis. In chapters 4 and 5, we
presented two applications where we first used the latent class mixed model to identify
groups of patients based on their longitudinal trajectories and then we used the group
memberships as predictors in a regression model to predict future outcomes.
Most prediction models are characterized by using only a small portion of the available
information, for example, the baseline measurements of a biomarker. However, in many
applications the whole medical history of the patients depicted by repeatedly measured
biomarkers could contribute to more accurate predictions that enable physicians to make
better informed decisions and thus improve clinical outcome. An important inherent
advantage of using the repeated biomarker measurements is their dynamic nature. In this
case, the risk of a disease not only is different from patient to patient but also can
dynamically be updated in time for the same patient.
The longitudinal biomarker history of the patients could be incorporated in a statistical
model in different ways. For example, a practical prediction model to dynamically predict
the risk of post molar gestational trophoblastic neoplasia GTN based on serum hCG
during follow up could be easily obtained by fitting a logistic regression model for each of
the first four weeks after evacuation [1]. However, despite the ease of applying this
method, it is limited if there were missing values in the repeated measurements or if the
measurements were taken at different time points (weeks in our example). As a result, a
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different number of patients is measured at each week which means that the accuracy of
the updated predictions will be lower for the weeks with less data.
In addition, using a logistic regression model per week does not directly allow to capture
the change of the biomarker over time. In some applications this could be solved by using
a summary measure that incorporates for instance the change from previous or baseline
measurement. In this thesis, we showed that we can incorporate all the available weekly
hCG measurements of the patients in a statistical model to dynamically predict the risk of
GTN using shared random effects models (SREM), particularly, the two-stage method and
the joint modeling approach. In a SREM, random effects (e.g., subject-specific random
intercept and slope effects) are used to summarize the change of the longitudinal data
over time through a mixed effects model. In this case, the random effects are predicted
(expected) values that capture the deviation of the subject-specific trajectories from the
overall mean trajectory, therefore using them for prediction accounts for the
measurement error in the observed repeated measurements. The random intercept and
random slope model may not always be always the best fit for the data, for example, the
change of the biomarker could be non-linear in time, and in this case to better capture
the shape of the subject-specific longitudinal trajectories, we need to include extra
random-effect terms. This can be achieved using, for instance, polynomials or regression
splines.
On the other hand, the SREMs are not flexible to model different longitudinal distributions
in the outcome groups. For instance, if the trajectories of the biomarker were
approximately linear in one group and non-linear in the other, it would be difficult to use
two functions in one model. LoDA then provides a practical and flexible alternative.
Both JM-Bin and LoDA use the same information for prediction, but unlike JM, LoDA can
only be used for categorical outcomes and is not suitable for prediction of continuous or
time to event outcomes. Yet, LoDA has a major advantage over JM-Bin; it models the
distribution of the longitudinal biomarker per group separately, this makes it very flexible
approach: it can also model different biomarker structures, for example different error
and random effects distributions, longitudinal patterns, or shapes (e.g., linear vs
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quadratic), variance-covariance structure, correlation over time per group. In chapter 3,
we showed using simulation that this is beneficial in situations when the distributions of
profiles of the groups differ substantially, for example, if the subject-specific variability is
noticeably higher in one of the groups compared to the other.
Individual trajectories of biomarkers can differ due to various observed as well as
unobserved factors and such individual differences propagate to differences in risks of
related outcomes. As a result, identification of informative subpopulation patterns of
longitudinal biomarkers may contribute to improving the prediction of clinical outcome.
The latent class analysis approaches, including the latent class mixed modeling (LCMM),
deal with hidden heterogeneity by assuming that a population under study may consist
of “latent” subpopulations or classes with distinct patterns of longitudinal trajectories of
biomarkers that can also have different effects on the outcome in each subpopulation.
In chapters 4 and 5, we presented applications of the latent class mixed modelling
approach in prediction using longitudinal trajectories. In this approach, the longitudinal
trajectories and the outcomes are linked by the inclusion of latent classes that consider
the non-observed heterogeneity within the study population. We identified groups with
meaningful interpretation before using them for prediction, which helped in
understanding the relation between the longitudinal data and the outcome. However, this
is not always the case, in some applications the interpretation of the latent classes might
be difficult which hinders the interpretability of the model.
The LCMM approach has some challenges as well. One of the issues we encountered is
that the model must be refitted multiple times with different starting values to avoid
convergence to a local maximum. This is because the log-likelihood of the latent class
model might have multiple maxima. Besides, because the number of latent classes is not
known a priori, multiple models must be fitted to find the best number of latent classes.
Because the models must be refitted multiple times, computation time can increase
considerably.
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The two-stage LCMM approach assumes that the dependency between the binary
outcome and the trajectory of the biomarker is entirely captured by a latent class
structure rather than by individual random effects. The model is useful when the
heterogeneity among subjects cannot be ignored and both the longitudinal and binary
outcomes are of interest. However, applying the method in 2 stages might result in loss
of information because we identify the groups based on the longitudinal biomarker
without considering the final outcome. Alternatively, one could combine the stages in a
joint model like the joint latent class model for longitudinal and survival data, in this case
the group membership can be identified based on both the biomarker trajectories and
the outcome.
Dynamic prediction has become crucial in medicine, especially in the monitoring,
screening, and management of chronic diseases. Such prediction is based on information
repeatedly collected over time and that can be updated as soon as new information
becomes available and can be useful in early identification of high-risk patients who may
benefit from timely intervention or treatment. All the models we presented in this thesis
can provide prediction that can be updated at each time point. In chapter 2 we presented
a detailed explanation on how we obtain updated predictions using SREMs, and in chapter
3 we compared the dynamic predictive performance of JM-Bin and LoDA. In the latent
class modelling approach, class or group membership can be re-evaluated over time for
each subject individually and the prediction can be updated accordingly [2, 3].

Implications for practice
We discussed a toolbox of statistical approaches for prediction based on repeatedly
measured predictors, the question of which method to apply for the development of a
prediction model for daily practice with a longitudinal predictor rises. Our findings show
that there are situations when one of them is preferred over the other. The most
important factors that can help with the choice of method are (1) the research objective
and the outcome of interest, (2) the subject-specific variability (3) the longitudinal patterns
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or shapes, (4) the heterogeneity in the study populations, (5) the ease of application and
the computational cost.
Most of the discussed methods are suitable to (dynamically) predict different types of
outcomes using longitudinal predictors, except LoDA which can only be used for
categorical outcomes. When the aim of the study is to identify distinct groups of subjects
in a heterogenous population based on their longitudinal profiles then the prediction
using the LCA followed by a suitable regression model is preferred over the other
methods. JM-Bin is preferred over the two-stage methods in situations with high withinand between-subjects variability of the biomarker, while LoDA is preferred over JM-Bin
when the shape of longitudinal trajectories and/or the variance-covariance structure of
the biomarker are different between the outcome groups. All the models are very
manageable using statistical software programs. However, we found that the two-stage
methods (2SMLE and 2SB), and LoDA are easier to fit and faster to apply when compared
to JM-Bin and LCA. See Figure 1 for a quick decision scheme to guide the choice between
the methods.

Limitations and implications for research
In addition to practical implications, the present thesis contributed to existing literature.
Most of the recent studies focused on modelling longitudinal and survival data, our thesis
contributed to the current understanding of different methods for modelling longitudinal
and binary data and their applicability for individual risk prediction.
However, we should also note that this thesis comes with some limitations. First, it
focused on predicting a prospective binary outcome measured at a fixed time-point after
the last measurement of a continuous longitudinal biomarker. However, sometimes the
time point at which the outcome occurred is of interest or the measured end point is
categorical or count data, then our presented methods would need to be adjusted to suit
the type of the outcome. A second limitation is that in most of the studies in this thesis, a
linear evolution of the biomarker over time was assumed. The linear change over time
was the best fit for the GTN data, but for simplicity of presentation we also assumed linear
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trajectories in the simulation studies. We did not investigate the effect of misspecification
of modelling the change of the biomarker over time on the predictive performance, this
issue remains an open question.
Furthermore, the thesis focused only on complex models for prediction based on
longitudinal predictors, yet there exist situations where equivalently good prediction can
be obtained using simpler methods, for instance when the repeated measurements are
collected by observing many subjects at the same points of time, then a regression model
with a proper summary measure is sufficient. In comparison with the simple regression
models for predicting survival outcome, Sweeting et al, (2017) observed little further
improvement when using complex methods [4]. Extending the work in this thesis by a
comparison with simpler methods to include longitudinal predictors into a prediction
model, would be of added value to provide wider guidance for prediction based on
longitudinal data.

For a wide-spread application of statistical methods, an implementation in a state-of-the
art software environment is indispensable nowadays. In Chapter 2, we explained the
applicability of the two-stage method and JM-Bin with detailed R syntax, a future work to
extend this syntax to an R package to implement the two methods and their application
in dynamic prediction would be useful.
This thesis concentrated on the modelling of a single longitudinal outcome and an
outcome; usually referred to as univariate modelling. In practice, however, the collected
information will often be more complex, featuring multiple longitudinal outcomes and
possibly multiple outcomes. Including all available information in a single model is
advantageous and should lead to improved model predictions. The extension of the
models in this thesis to handle more than one longitudinal outcome is mathematically
straightforward where all the biomarkers can be combined into a multivariate mixed
model by specifying a joint distribution for the random effects, which captures the
complex correlation structure between various markers. Few developments have been
made in the use of multiple longitudinal markers for discrimination [5, 6].

The

131

Chapter 6

multivariate JM and LoDA approaches have been well implemented in available software
but limited to small number of multivariate biomarkers [7, 8]. Even though this extension
is possible, from a computational viewpoint, it remains difficult to fit such models in
practice due to the high number of random effects they involve. This difficulty has
restricted their use to a limited set of markers [9]. However, data reduction techniques
such as the multivariate functional principal component analysis (MFPCA) can be applied
to capture features from multiple longitudinal data prior to prediction [10]. These
functional data approaches might be interesting for future research.
Finally, it could be worthwhile to extend the joint modelling approach using the
assumptions of finite mixture modelling to develop a joint latent class model (JLCM) that
considers the population of subjects as heterogeneous and assumes that it consists of
homogeneous latent subgroups of subjects that share the same marker trajectory and
the same risk of the event. In a JLCM the random effects are only used to account for the
correlation between the repeated measurements while the latent class accounts for
dependency between the marker and the outcome [2, 3].

132

General discussion

Conclusion
In this thesis, we have provided an illustration and evaluation for different methods for
epidemiologists and clinicians to consider for individual risk prediction with longitudinal
predictors. A strength of this thesis is its focus on the applicability of the different methods
through a comprehensive explanation and software application. In addition, it provides
guidance to help with the choice between the methods. When the appropriate method is
used, prediction models can make optimal utilization of the available information
provided by the repeatedly measured predictors. The improved predictions from these
models may subsequently lead to improved decision making by clinicians in health care
settings. A useful research extension to this thesis, would be extending the methods to
accommodate multiple longitudinal measures
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2SMLE
2SB
LoDA
JMMLE
JMB

Low

LoDA
JMMLE
JMB

High

Same between the
outcome groups

LoDA

Diﬀerent between the
outcome groups

Same shape between
the outcome groups

LoDA

Logistic
Regression

LCA

Homogeneous
latent subgroups of
subjects that share
the same marker
proﬁles

1- Identiﬁcation of similar groups of
patients based on their longitudinal
trajectories
2- Use the group membership to predict
a future outcome

Diﬀerent between
the outcome groups

Prediction of the binary outcome
based on the longitudinal continuous
biomarker trajectories

Longitudinal continuous biomarker and prospective binary outcome

Figure 1 Decision tree to choose the methods for developing a prediction model for a binary outcome based on a longitudinal predictor.
2SMLE= Maximum Likelihood based two-stage method, 2SB= Bayesian two-stage method, JMMLE: Maximum Likelihood based joint
model, JMB=Bayesian joint model. LoDA=Longitudinal discriminant analysis, LCA=Latent class analysis.

Ranked in ascending order according to ease of
application and computational cost

Which method to apply for the development
of the prediction model?

Subject-speciﬁc variability of the biomarker

Longitudinal patterns or shapes

Research objective

Available data
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Summary
This thesis aims to provide an overview of the currently utilized approaches to
incorporate repeated measurements for prediction. More specifically it provides
understanding, comparison, and applications of several available methods for (dynamic)
prediction of a prospective outcome based on repeated measurements, namely the: twostage method, joint modeling approach, longitudinal discriminant analysis and the latent
class analysis. These methods can be used to address several types of public health
problems. First, they can help to understand how changes in a biomarker or other
longitudinal variable are related to changes in status of a subject. Second, they can be
used to predict the outcome of a subject based on the trajectory of the longitudinal
outcome, thus providing information that can be used in a personalized medicine setting.
This allows investigators to identify potentially harmful patterns and intervene at an
earlier stage.
The thesis is composed of six chapters, each of them dealing with different research
objectives. Chapter 1 is introductory and reviews the available approaches for prediction
based on repeatedly measured predictors and discusses our motivation to study them
further.
Chapter 2 is a tutorial that provides an illustrative overview of the two-stage method and
the joint modelling approach to obtain dynamic predictions using both the maximum
likelihood and Bayesian frameworks. The chapter is divided into two parts. Part 1
illustrates the four modeling approaches using a real example data set and evaluate their
predictive performance. Part 2 investigates the situations where the predictive
performance of these models is different using several simulation scenarios. The findings
of this study showed that the performance of these approaches varies with the different
subject-specific variability of the biomarker and suggested that the joint model is
preferred over the two-stage method when the within- and the between-patients
variability of the biomarker is high.
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Chapter 3 looks at the differences in the predictive performance between the joint model
(JM-Bin) and the longitudinal discriminant analysis (LoDA). Even though the two
approaches use the same information for prediction, both methods handle them
differently. In JM-Bin, predictions typically are based on the subject-specific deviations
from the overall mean trajectory of the longitudinal biomarker, while LoDA models the
distribution of longitudinal biomarker per group separately. The influence of such
difference on the predictive performance of the two approaches is expected and is
explored using different simulation scenarios. The results showed better predictive
performance of LoDA compared to JM-Bin when the within- and/or between-subject
variability of the biomarker is different between the outcome groups. The chapter ends
by stressing the importance of exploring the variability of the longitudinal biomarker
before choosing which model to apply.
The next two chapters of the thesis focus on the latent class mixed modeling (LCMM) and
its application for prediction. The latent class analysis approaches, including the latent
class mixed modeling (LCMM), deal with hidden heterogeneity by assuming that a
population under study may consist of “latent” subpopulations or classes with distinct
patterns of longitudinal trajectories of biomarkers that can also have different effects on
the outcome in each subpopulation. Chapter 4 presents an interesting application of
latent class analysis to predict response to early high-intensity physiotherapy training
after Total Knee Arthroplasty based on longitudinal trajectories of walking speed during
the training. In this study we used the latent class mixed model (LCMM) to classify patients
into groups according to their walking speed trajectories during the program. Then the
association between the outcomes and the identified groups was assessed using
multivariable regression. Chapter 5 describes another application using data from the
same cohort as used in chapter 4. This time the Latent class analysis was used to
distinguish classes of patients based on recovery trajectories over 6 weeks. Multivariable
regression analyses were used to identify associations between the classes and one-year
outcomes. Based on the findings in chapter 4 and chapter 5, we recommend using the
LCMM followed by a suitable regression model when the aim is to first identify distinct
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groups of subjects in a heterogenous population based on their longitudinal profiles and
then use the groups for prediction.
Discussion and conclusion are drawn in Chapter 6. The main aim of the thesis has been
reached by providing guidance to help the researchers with the choice between different
methods for risk prediction with longitudinal predictors. When the appropriate method
is used, prediction models can make optimal utilization of the available information.
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Samenvatting
Dit proefschrift biedt een overzicht van de actuele benaderingen om herhaaldelijke
voorspellingsmetingen te verwerken. Meer in het bijzonder biedt het proefschrift
inzichten, een vergelijking en toepassingen van verschillende beschikbare methodes voor
(dynamische) voorspelling van een prospectief resultaat gebaseerd op herhaalde
metingen, te weten de tweestapsmethode, gezamenlijke modelleringsbenadering,
longitudinale discriminantanalyse en de latenteklasseanalyse. Deze methodes kunnen
worden gebruikt om verschillende soorten volksgezondheidsproblemen aan te pakken.
Ten eerste kunnen ze helpen begrijpen hoe veranderingen in een biomarker of andere
longitudinale variabele verband houden met veranderingen in de status van een
proefpersoon. In de tweede plaats kunnen ze worden gebruikt om de uitkomst voor een
proefpersoon te voorspellen op basis van het traject van de longitudinale uitkomst, en zo
informatie te verschaffen die kan worden gebruikt in een gepersonaliseerde medische
omgeving. Hiermee kunnen onderzoekers potentieel schadelijke patronen identificeren
en in een eerder stadium ingrijpen.
Het

proefschrift

bestaat

uit

zes

hoofdstukken

die

elk

over

verschillende

onderzoeksdoelstellingen gaan. Hoofdstuk 1 geeft een inleiding; in dit hoofdstuk worden
de beschikbare voorspellingsbenaderingen op basis van herhaaldelijk gemeten
voorspellers besproken, en onze drijfveer om ze verder te bestuderen.
Hoofdstuk 2 is een tutorial waarin een illustratief overzicht wordt gegeven van de
tweestapsmethode

en

de

gezamenlijke

modelleringsaanpak

om

dynamische

voorspellingen te verkrijgen met behulp van zowel maximale waarschijnlijkheid als
Bayesiaanse kaders. Het hoofdstuk is verdeeld in twee delen. Deel 1 illustreert de vier
modelleringsbenaderingen aan de hand van een daadwerkelijke voorbeeldgegevensset
en evalueert hun voorspellende prestaties. Deel 2 onderzoekt met behulp van
verschillende simulatiescenario's de situaties waarin de voorspellende prestaties van
deze modellen verschillen. De bevindingen van dit onderzoek toonden aan dat de
prestaties van deze benaderingen variëren met de verschillende proefpersoon-specifieke
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variabiliteit van de biomarker en suggereerden dat het gezamenlijke model de voorkeur
krijgt boven de tweestapsmethode wanneer de variabiliteit van de biomarker binnen de
groep patiënten en tussen de verschillende groepen groot is.
In hoofdstuk 3 worden de verschillen besproken in de voorspellende prestaties tussen
het gezamenlijke model (JM-Bin) en de longitudinale discriminantanalyse (LoDA). Hoewel
de twee benaderingen dezelfde informatie voor de voorspelling gebruiken, behandelen
beide methodes ze verschillend. In JM-Bin zijn voorspellingen doorgaans gebaseerd op
de proefpersoon-specifieke afwijkingen van het totale gemiddelde traject van de
longitudinale biomarker, terwijl LoDA de verdeling van longitudinale biomarkers per
groep afzonderlijk modelleert. De invloed van een dergelijk verschil op de voorspellende
prestaties van de twee benaderingen is verwacht en wordt onderzocht met behulp van
verschillende simulatiescenario's. De resultaten toonden betere voorspellende prestaties
bij LoDA, in vergelijking met JM-Bin, wanneer de variabiliteit binnen en/of tussen de twee
onderwerpen van de biomarker verschilt tussen de resultaatgroepen. Tot slot wordt in
dit hoofdstuk benadrukt hoe belangrijk het is om de variabiliteit van de longitudinale
biomarker te onderzoeken voordat een modelkeuze wordt gemaakt.
De

volgende

twee

latentklassemixmodel

hoofdstukken
(LCMM)

latentklasseanalysebenaderingen,

en

van

het

de

inclusief

proefschrift

voorspellende
het

richten
toepassing

zich

op

het

ervan.

De

latentklassemixmodel

(LCMM),

behandelen verborgen heterogeniteit door aan te nemen dat een populatie in een
onderzoek kan bestaan uit ‘latente’ subpopulaties of klassen met verschillende
longitudinale biomarkertrajectpatronen die ook verschillende effecten kunnen hebben
op de uitkomst in elke subpopulatie. Hoofdstuk 4 bevat een interessante toepassing van
latentklasseanalyse om de respons op vroege fysiotherapietraining met hoge intensiteit
na

een

totale

knie-arteroplastiek

te voorspellen

op

basis

van

longitudinale

loopsnelheidtrajecten tijdens de training. In dit onderzoek gebruikten we het
latentklassemixmodel (LCMM) om patiënten in groepen te classificeren op basis van hun
loopsnelheidstrajecten tijdens het programma. Vervolgens werd het verband tussen de
resultaten en de geïdentificeerde groepen beoordeeld aan de hand van multivariabele
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regressie. In hoofdstuk 5 wordt een andere toepassing beschreven die gegevens
gebruikt van dezelfde cohort als in hoofdstuk 4. Deze keer werd de latentklasseanalyse
gebruikt om patiëntklassen te onderscheiden op basis van hersteltrajecten gedurende 6
weken. Er zijn multi-variable regressieanalyses gebruikt om verbanden tussen de klassen
en de eenjarige resultaten te identificeren. Op basis van de bevindingen in hoofdstuk 4
en hoofdstuk 5 raden we aan het LCMM te gebruiken, gevolgd door een gepast
regressiemodel, wanneer het de bedoeling is om eerst afzonderlijke groepen
proefpersonen in een heterogene populatie te identificeren op basis van hun
longitudinale profielen en vervolgens de groepen te gebruiken voor voorspelling.
Hoofdstuk 6 bestaat uit de discussie en de conclusie. Het hoofddoel van het proefschrift
is bereikt door begeleiding te bieden om de onderzoekers te helpen bij de keuze tussen
verschillende methodes voor risicovoorspelling met longitudinale voorspellers. Wanneer
de juiste methode wordt gebruikt, kunnen voorspellingsmodellen optimaal gebruik
maken van de beschikbare informatie.
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Data management statement
The studies in this thesis were conducted in accordance with the principles of the
Declaration of Helsinki.
The study presented in chapter 2 is based on the data obtained from the Dutch Central
Registry for hydatidiform moles at the Radboud university medical center in Nijmegen
(Radboudumc). The studies presented in chapter 4 and 5 are based on the results of
patient studies. In all studies, the privacy of the participants in our studies is warranted
by use of encrypted and unique individual subject codes. The codes were stored
separately from the study data.
The statistical programs are stored and backed-up at the local Radboudumc server. Data
of the studies, transcripts, analyses, and code scripts are stored on the Radboudumc
department server: H:\HEV\Biostatistics\RDandis. The datasets analyzed in these studies
are available from the corresponding author on reasonable request.
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