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Abstract

The increasing reliance on big data within the pharmaceutical industry underscores significant chal-
lenges related to noise and missingness, which can adversely impact data quality and the inter-
pretation of patient outcomes. Noise arises from various sources across different data types, with
genomic and transcriptomic data influenced by genetic and environmental factors, while proteomic
and metabolomic data are affected by a wider array of variables, complicating the extraction of
meaningful insights. Additionally, missing data—whether classified as missing completely at ran-
dom (MCAR), missing at random (MAR), or missing not at random (MNAR)—further complicates
analyses, particularly in longitudinal studies. To address these challenges, this thesis emphasises
the importance of replicating real-world conditions, enabling researchers to better understand data
behaviour and develop robust statistical methodologies.

The thesis comprises three papers that tackle these challenges from multiple perspectives. The
first paper focusses on missingness in metabolomics data, proposing a novel clustering method
that integrates missingness information, rather than relying solely on imputed values, to enhance
clustering accuracy. This two-step clustering procedure aims to improve patient clustering outcomes,
particularly when data are MNAR, and demonstrates superior performance compared to standard
methods as confirmed by external validation measures.

The second paper addresses the complexities of utilising longitudinal Electronic Health Record
(EHR) data for health risk assessment by employing joint models that integrate longitudinal and
survival data. This study simulates realistic longitudinal EHR data, incorporating noise, sample
size, and cohort homogeneity, to analyse how various data quality characteristics impact model
performance. The findings reveal conditions under which joint models outperform traditional Cox
models in risk prediction.

The third paper explores the modelling and prediction of blood pressure trajectories using data
from wearable devices in hypertensive patients. For that, a framework is developed for simulating
realistic blood pressure trajectories. This framework is used for evaluating the performance of novel
statistical approaches for the prediction of treatment effects of antihypertensive drugs.

Together, these studies contribute to a deeper understanding of the challenges posed by noise
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and missingness in pharmaceutical big data, while offering innovative methodologies to enhance data

analysis and patient outcomes.
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Chapter 1

Introduction

The phrase ”precision medicine” has gained significant popularity in recent years, driven by scientific
findings (Konig et al., 2017). The idea of precision medicine is to identify relevant disease subtypes,
as well as patient subgroups, while taking into account genetic, environmental, and lifestyle factors
to provide more effective and personalised care, improve results, and minimise adverse effects. This
concept is not new; Hippocrates (460-370 BCE) once said ”It is far more important to know what
person the disease has than what disease the person has”. In the past, the problem was that this
concept of precision medicine could not be realised due to limited data sources, restricted to clinical
trials. Starting with the completion of the human genome project in 2011, the implementation of
genomic-based precision medicine has evolved (Gibbs, 2020). As more and more sources of big data
related to health became available, more and more data types became available and promoted the
implementation of precision medicine. In recent decades, data availability has increased rapidly,
driven by public and private data generation consortia, particularly real-world big data. These data
can offer previously unknown information on patient characteristics, treatment outcomes, and disease
progression in various populations and subgroups. In 2024, the number of patent applications related
to big data in the pharmaceutical industry increased by 33% compared to Q2 2023 (Pharmaceutical
Technology, 2024). Real-World big data can be sourced from different sources like large cohort
studies or so-called biobanks. A biobank is defined as a structured collection of biological samples and
associated data, stored for the purposes of current and future research (Parodi, 2015). The potential
of biobanks was recognised by the Time magazine already in 2009 as one of the top ten ideas that
transform the world (Park, 2009). Biobanks are now essential for pharmaceutical research, helping
in the discovery of human target-disease links and gene-environment interactions. They provide
information on disease pathogenesis, support risk assessment, diagnostics, pharmacogenomics, and

drug development, all crucial for advancing personalised medicine (Olson et al., 2014).
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In the realm of pharmaceutical development, the initial emphasis of big data was on genomic
data, which played a crucial role in revealing disease mechanisms and informing drug development
strategies, demonstrated by resources such as genome databases, for example, the human genome
project (Gibbs, 2020). However, recent years have witnessed a significant shift towards incorporat-
ing a broader range of data sources, including multiple omics layers and real-world data, particu-
larly from electronic health record (EHR) data, a digital version of a patient’s paper chart (Yang
et al., 2020). Omics data, including genomics, transcriptomics, proteomics, and metabolomics, have
emerged as a key component in the pursuit of personalised medicine, providing personalised in-
sights of individual patient profiles. Genomics involves examining the complete set of genes -the
genome- within an organism, focussing on their structure, function, evolution, and mapping, playing
a crucial role in enhancing our understanding of genetic disorders, developmental processes, and
evolutionary biology (Vailati-Riboni et al., 2017). Transcriptomics focusses on the complete set of
RNA transcripts produced by the genome -the transcriptome- analysing gene expression patterns
to understand gene regulation (Vailati-Riboni et al., 2017). Proteomics is the study of proteins,
particularly their functions and structures, with the aim of understanding the protein composition
of cells and tissues, their interactions, and their roles in biological processes (Vailati-Riboni et al.,
2017). Lastly, metabolomics studies the complete set of metabolites (small molecules) within a bio-
logical sample, providing insights into metabolic processes, identifying biomarkers for diseases, and
revealing the effects of drugs or environmental changes on metabolism (Vailati-Riboni et al., 2017).
Metabolomics technology is rapidly advancing, enabling researchers to investigate the complexities
of the human metabolome, which is estimated to include more than 19.000 small molecules derived
from various biological sources (Wishart et al., 2012). These omics datatypes are interconnected and
collectively contribute to a comprehensive understanding of biological systems. Additionally, there
is primary care data. This data provides information collected during routine healthcare visits. It
can include, for example, general practices, medical history, diagnostic tests, clinical findings, and
patient outcomes, but also patient demographics. Primary care data can be accessed through EHR
data. It can be used to improve quality, plan health services, and perform epidemiological studies

and research (de Lusignan and van Weel, 2006).

However, while offering detailed insights into biological processes, omics data is often not readily
available on a large scale in biobanks. The application of omics measurements as a screening tool
in clinical data is challenging due to the lack of availability of established assays. Taking these two
aspects together, both EHR and omics data are considered valuable tools for precision medicine
approaches. Although the focus of this thesis is on EHR and, as a representative of the class of
omics measurements, on metabolomics data, it should be noted that all proposed methodologies can

in principle also be applied to other types of data. In the following, we will use the term real-world



evidence (RWE) as an umbrella term covering both EHR and omics data.

Using available RWE data, researchers and clinicians can improve their understanding of disease
processes and improve the precision of patient management strategies, ultimately leading to more
effective and tailored therapeutic interventions. This approach not only streamlines the research
process but also supports the integration of omics data into routine clinical practice, paving the way

for advancements in personalised medicine (Wu et al., 2016).

The growing wealth of real-world big data presents both opportunities and challenges for the
pharmaceutical industry. Historically, the most important source of human data in the pharmaceu-
tical industry was given by randomised controlled trials that have generated high-quality data due
to strict study protocols (Kendall, 2003). The underlying standards for data quality are very high,
i.e. typically one would expect a standardised protocol with measurements taken at the same time
for all patients. This reduces the noise of the measurements. In addition, a high number of missing
observations is typically not observed since the study protocols ensure a data collection that is as

complete as possible.

In RWE data, the situation is completely different: firstly, one is faced with a substantially
increased heterogeneity of patients since those are not only carefully selected patients but cover a
broad spectrum of individuals with varying diagnoses and characteristics. This patient diversity
improves the richness of the data, but also introduces challenges, such as greater heterogeneity and

mixed signals when it comes to information extraction (Burden, 2019).

Furthermore, it is important to recognise that all biological systems inherently exhibit variability,
often referred to as noise (Ning and Lo, 2010). This noise becomes increasingly significant when
working with larger and more inclusive databases. In the context of RWE, noise can be caused
by various factors, including measurement variability, data entry inconsistencies, and overall data
quality. For example, in omics data, sources of noise may include individual genetic predispositions,
environmental influences, technical variability during sample collection and processing, sequencing
errors, and inconsistencies in bioinformatics pipelines (Lay Jr et al., 2006). In processes that are
less directly related to biological mechanisms, such as proteomics, metabolomics, and phenotyping,
additional variables contribute to noise. These include regulatory processes (e.g. protein activation
and inactivation), metabolic states, cell cycle phases, and interactions with external factors such as
diet, lifestyle, stress, pharmaceuticals, and radiation (Moseley, 2013).When it comes to phenotyping,
measurements are particularly susceptible to a broad range of error sources beyond those previously
mentioned. These may include measurement errors, environmental factors, and other influences that

can further complicate data interpretation.

This variability, which arises from differences between individuals and experimental conditions,

can complicate the interpretation of the results. Understanding and mitigating this noise is crucial
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for improving the reliability and validity of findings derived from real-world evidence.

But not only unknown influences causing noise can distort disease pathways and signals when it
comes to data analysis. Another key feature we want to focus on is the case of missing data. The
correct handling and interpretation of missing information is crucial while working with RWE. A
distinction is made between three types of missingness (Rubin, 1976). Missingness is called missing
completely at random (MCAR) when it is independent of the data. When missingness relies on
the observed data—and given these data, it is independent of what has not been observed—the
mechanism is termed missing at random (MAR). If missingness is influenced by the unobserved

data, possibly along with the observed data, it is known as not missing at random (NMAR).

In general, missing data can be bypassed by using imputation techniques such as multiple im-
putation, Expectation-Maximisation (EM) imputation, or regression imputation. These methods
are valid if the underlying missingness mechanism is not NMAR, and the percentage of missing
data is not too great (Scheffer, 2002). If the underlying missingness mechanism is NMAR, com-
mon imputation methods will cause biases and are therefore not recommended. To incorporate the
underlying mechanism, weighted adjustments can be used, which require knowledge about missing

data mechanisms (Little and Rubin, 2019).

Another significant issue, especially in primary care data, is the varying frequency and unequal
spacing of the measurements. In contrast to clinical trial data, where standardised procedures are
applied uniformly across all patients, in primary care data the measurements of specific phenotypes
occur only when the clinician thinks that it is necessary. This practice not only introduces selec-
tion bias regarding biomarkers, but may also lead to informative missingness when analysing the
frequency and temporal spacing of individual measurements. As a result, the absence of data points
can reflect underlying patterns related to the clinical decision-making process, further complicating
the interpretation of the data (Haneuse and Daniels, 2016). Ibrahim et al. performed a comprehen-
sive review of missing data methods in longitudinal studies (Ibrahim and Molenberghs, 2009). They
highlighted that each approach is based to some extent on unverifiable assumptions and therefore
has its strengths and weaknesses, so that the method of choice should be guided by the nature of
the missing data and the specific research context.

The presence of these unknown distorting factors underscores the need for stringent quality
control and advanced analytical techniques to guarantee accurate data interpretation and reliable
conclusions when it comes to pharmaceutical research. As already highlighted, RWE come with a
lot of problems that have to be tackled with a suitable statistical methodology when it comes to
data analysis.

In order to tackle these challenges and address key objectives in precision medicine, it is essential

to combine the fields of biology, computer science, and statistics, while considering various data-



related issues. A suitable statistical method is crucial for performing robust analyses and taking
advantage of large biodata to improve understanding of diseases and health outcomes, highlighting

the need for innovative approaches in data analysis and interpretation (Goh and Wong, 2020).

In the realm of real-world data analysis, managing diverse types of data presents numerous chal-
lenges. To effectively assess the impact of different characteristics of the data set and compare the
performance of statistical methodologies, creating a controlled environment is essential. This can be
achieved through the use of simulation studies, which offer a structured approach to understanding
and mitigating potential impacts. Simulation modelling techniques, increasingly used in healthcare
applications with various software tools and data sources, have gained growing interest as indicated
by the number of published reviews (Salleh et al., 2017). In healthcare, simulation is gaining impor-
tance as a methodology for enhancing system improvement initiatives. For any given project, the
simulation methodology to be used is highly application-dependent. By simulating the dynamics of
an actual health system or procedure over time, one can more effectively understand and evaluate
the impact of specific data parameters without having additional effort and costs for data collection
(Alvarado et al., 2016). For example, by introducing varying levels of noise or simulating missing
data points, researchers can explore how these factors affect the estimation of trends, treatment
effects, and patient outcomes. This approach allows for a better understanding of the robustness of
the analytical methods used in real-world data scenarios, ultimately leading to improved strategies

for managing and interpreting complex healthcare data.

Based on simulated data, algorithms can be developed and improved to address critical research
questions in the pharmaceutical industry. Once these algorithms have been developed, it is crucial to
assess the real-world performance of the algorithms. In this work, two main real-world data sources
have been used for validation, namely the UK Biobank and the German Chronic Kidney Disease

(GCKD) study.

First, we use the UK Biobank (Sudlow et al., 2015). It consists of patient data from approximately
500.000 individuals between 40 and 69 years, who were recruited throughout the UK between 2006
and 2010. All participants provided their informed written consent to participate in the study, which
was approved by the National Research Ethics Service (11/NW/0382). In this study, a variety of
data types were collected, including, for example, omics data, imaging, and EHR data. Alternative
sources of more dense longitudinal health data are wearables, collecting, for example, pulse and
blood pressure measurements. Although this type of data might be more dense, it is also more

susceptible to sources of error caused by activity or device inaccuracies.
Second, we use the German Chronic Kidney Disease study (GCKD). The GCKD study is a

prospective observational cohort study of 5217 patients between the ages of 18 and 74 years with

chronic kidney disease treated by nephrologists. Patients were included if they had an eGFR between
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30 and 60 ml/min/1.73 m? or a urinary albumin-to-creatinine ratio (UACR) greater than 300mg/g.
Patients completed a medical assessment, including plasma, serum, and spot urine measurements,
every two years (Titze et al., 2015).

This thesis focusses on metabolomics and longitudinal phenotype data, with the goal of extracting
valuable information despite challenges in data availability and noise.

The evolving field of metabolomics presents new opportunities for discovery, as metabolites serve
as critical indicators for diseases and can often be linked to underlying pathogenic mechanisms. For
example, earlier studies have revealed early metabolic indicators for conditions such as pancreatic
cancer and type 2 diabetes, often detectable years before clinical symptoms appear (Mayers et al.,
2014; Rhee et al., 2011).

When dealing with metabolomics, addressing missing data, for example, caused by device de-
tection limits, is crucial for accurate analysis and interpretation. Studies have applied various
imputation methods, but often overlook the impact of missingness in clustering, highlighting a gap
in methods that account for informative missingness in metabolomic insights.

Given longitudinal primary care data, for example, phenotype trajectories over several years of
GP visits, these data can be leveraged to gain new insights into disease mechanisms and subtypes,
for example, modelling the individual patient courses and drawing conclusions on the patients’
disease risk by using various statistical approaches. Recent insights derived from longitudinal EHR
data indicate that quantitative phenotypes and disease trajectories in women reveal new critical
pathways linked to various adverse outcomes, illuminating potential targets for the early detection
and prevention of these diseases (Yang et al., 2022).

The problem of unknown distorting factors and missingness can also be observed here. For
primary care data, these data are regularly collected by general practitioners (GPs), so there is not
only an extensive and diverse patient pool, but also a wealth of data of varying quality accumulated
over the years. This supports the opportunity of longitudinal analyses over years and offering a
valuable means to track disease risks within populations. However, it is crucial to recognise the
biases that can arise from EHR datasets, as this understanding is essential to design epidemiological
studies and accurately interpret their results. Implementing strategies to mitigate bias in the context
of EHR data can improve the quality and applicability of these data sets (Bower et al., 2017).

In summary, the growing reliance on big data in the pharmaceutical industry highlights significant
challenges posed by noise and missingness, which can adversely affect the quality of the data and
interpretation of patient outcomes. Noise originates from various sources across data types, with
genomic and transcriptomics data influenced by genetic and environmental factors, while proteomics
and metabolomics data are affected by a broader range of variables, complicating the extraction of

meaningful insights. Furthermore, missing data, whether classified as MCAR, MAR, or NMAR,



further complicate the analyses, particularly in longitudinal studies.

This thesis addresses the aforementioned challenges from multiple viewpoints. The first paper
focusses on missingness in metabolomics data. The paper discusses a novel clustering method
that addresses missing information in the data. The approach explicitly integrates missingness
information, not just imputed values, to improve clustering accuracy. This is especially significant
if the data is not missing at random. A two-step clustering procedure is proposed based both on
the values and the missingness pattern, with the aim of improving patient clustering outcomes. The
method’s effectiveness is evaluated using simulated datasets and is shown to outperform standard
clustering methods.

The second paper addresses the challenges of using longitudinal EHR data for health risk as-
sessment by employing joint models that integrate longitudinal and survival data. The goal of the
study is to develop simulation-based checklists for required data quality to understand when the
more complex joint models are superior to a cox regression model, i.e. a well-established survival
model that only uses cross-sectional data only. Thus, the study focusses on the simulation of realistic
longitudinal EHR data to represent patient health records, incorporating noise, sample size, and co-
hort homogeneity. By including noise terms and measurement inaccuracies, the model performance
dependent on the characteristics of the data is studied. In total, the study compares the performance
of a joint model that combines longitudinal and survival information with Cox models in different
data scenarios, identifying conditions for superior risk predictions using longitudinal data.

The third paper discusses modelling and predicting blood pressure trajectories using data from
wearable devices in hypertensive patients. A simulation framework for blood pressure profiles is
introduced through Pharmacokinetic-Pharmacodynamic modelling, which incorporates individual
daily rhythms, patient characteristics, and medication effects. Based on this, we propose and evalu-
ate two models for steady-state prediction under antihypertensive therapy, a Gaussian process and
a nonlinear mixed-effect model.

The methods developed for the individual papers are introduced in the corresponding section.
Each chapter ends with an outlook for possible further research in its topic. All full-length papers

are attached thereafter.






Chapter 2

A novel method integrating
continuous values and informative

missingness in clustering
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2.2 Summary

One of the major challenges when dealing with RWE is the large amount of missing data. Missing
values are typically imputed, i.e., replaced by plausible candidates. Although the imputation method
may differ, ultimately, there is an information loss because the fact that a value was initially missing
is not used. This may be negligible, especially when the missingness is either completely at random
(MCAR) or at random (MAR). However, in cases where data are not missing at random (MNAR) but
is missing for a reason, working only with imputed data can introduce a significant bias (Kang, 2013).
An example of different types and causes of missingness can be found in dealing with metabolomics
data. Although missing data may arise randomly, for example due to problems during sample
preparation, it may also result from an inherent mechanism that provides information, such as when
values fall below the limit of detection (LOD) (Do et al., 2018). In recent research, several approaches
for missing value imputation have been studied in depth with application in metabolite data. A study
evaluated 31 different methods for imputing missing values (Do et al., 2018), while another study
focused on eight imputation techniques (Wei et al., 2018). However, it is important to note that
these studies rarely consider the information of missingness itself, particularly in the context of
cluster analysis. Traditional clustering methods, such as fuzzy k-means clustering (Cuperlovié-Culf
et al., 2009), self-organising maps (SOMs) (Beckonert et al., 2003), and genetic algorithms (Petricoin

et al., 2002), typically rely solely on available values and do not integrate missing information at all.

We hypothesise that excluding missing information can reduce clustering effectiveness, insights
and reliability. This paper proposes that taking into account missing data can improve patient
clustering and help detect patient clusters at risk, highlighting the need for methods that address
missing data, particularly those targeting informative missingness. The goal is to integrate the
presence of missing data into the clustering process, thereby considering both the actual values and

the absence of data during clustering, rather than solely focusing on the imputed values.

2.2.1 Overview of methods and simulation

Figure 2.1 shows an overview of the proposed procedure. It consists of two steps: first, an initial clus-
tering is performed based on the imputed values with a subsequent merging of similar clusters based
on the corresponding within- and between-sample distances; second, a subclustering is performed

based on missing data information, again followed by a merging step.
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A. Clustering on imputed B. Subclustering on Final clustering based on
values missingness values values and missingness
Initial clustering i. Initial clustering
Check for cluster ii. Check for cluster
combinations combinations

Figure 2.1: Algorithm Scheme: Given prerequisits, the new clustering scheme is devided into to
steps, focussing on the value and the missingness information separately. Extracted from Hunsdieck

et al. (2025D).

For introducing the single steps in more detail, we define

n : Number of Individuals
M : Number of variables/ markers, M = mj + mo
m1 : Number of cluster-specific markers

ms : Number of cluster-unspecific markers

v Observed or imputed value of variable/marker m with v{**) € R", m e {1,..., M}
v{™%) . Missingness information of variable/marker m with v € {0,1}", m e {1,..., M}.

For our proposed approach, we first perform an Initial clustering on the observed or imputed
values, then a Cluster combination step. Afterwards obtained clusters are subdivided by an Initial
clustering based on the missingness information followed by a Cluster combination step. The two

concepts are introduced below.

Initial clustering Initial clustering is done on measurements (Step A) or missingness (Step B),
using k-means. In Step B, subclusters are derived from Step A’s clusters. The number of initial
clusters, kg, can either be predetermined or calculated using Maechler’s gap statistics method,
which builds on Tibshirani et al.’s work (Tibshirani et al., 2001). Using ko clusters, the k-means
algorithm is applied to each variable set (A or B) to assign each observation to a cluster C’,SA/ B)
for k=1,...,ko. In the context of the paper, k-means clustering is preferred over methods such as
PAM and hierarchical clustering, as it was shown in the simulation study that k-means outperforms

the other approaches for the scenarios considered.
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Cluster combination Given the clusters 6’1, ey C’k resulting from the initial clustering, these
clusters will be redefined based on their ”uniqueness”, taking into account the cluster compactness
as well as the cluster distinction. This is achieved by incorporating the average distance of the
clusters, defined by

ny na
1

di; = N o sz(xsayt) (2.1)

s=1 s=1

given two clusters C; = {1,...,2,, } and Cj = {y1,...,Yn, } with

A (s), o™ (¢)) , when looking at (imputed) values (A)

d(fﬂs,yt) = ) ) (2.2)
d(v&mls)(s),v%ms) (t)) , when looking at missingness (B) .
The corresponding individual distances can either be calculated using the Euclidean distance or
other similarity measures, for example, Pearson’s correlation coefficient.

The main concept involves utilising these distances in such a way that if the distance between
clusters substantially exceeds the distance within the single clusters, the clusters will then be com-
bined, so that in the end cohesive and well-defined clusters are remaining. To achieve this, we
calculate the distance ratio between two clusters ¢ and j. This ratio is estimated by dividing the
minimum of the average within-cluster distances min(d; ;,d; ;) by the average distance between the

clusters d; ;, namely

N
rij = mm(d‘,‘ ]J)' (2.3)
27]

To derive a confidence interval

Plij = 90,054, 90.95,7, ] (2.4)

for the empirical ratio, a resampling approach is used. The decision to merge is based on the
prediction interval PI; ;. The clusters ¢ and j merge when PI; ; is included in the ’equivalence
interval’ [1 — o, 1 + a]. If not, they will remain distinct. If multiple merging steps are possible, the
merging process will be performed iteratively, beginning with the combination of the two clusters
having the maximum empirical ratio.

To objectively evaluate the performance of the algorithm, simulated data with known ground
truth clusters are used. To assess whether the clustering method is performing well, several external
validation measures, namely the adjusted rand index (ARI) (Hubert and Arabie, 1985), purity (Kim
and Park, 2007), entropy (Kim and Park, 2007), and mutual information (Cover, 1999), are evaluated
given the ground truth.

For the simulated data sets, a population with n individuals is assumed with M markers, includ-

ing both value information and missingness indicators (1 for missing, 0 for present). Missing values



2.2. Summary 13

Scenario 1 Scenario 2 Scenario 3
0.5 ° °
0.4
0.3 ° ° ° ° ° ° °
0.2
0.1
DE. Scenario 4 Scenario 5 Scenario 6
0.5 ° °
0.4 ®
0.3 °
0.2 ° ° )
0.1 ° °
90 95 100 105 110 90 95 100 105 110 90 95 100 105 110
Hval

Figure 2.2: Visualisation of cluster means pi,,; and p,, for seven different scenarios that are analysed

further. Extracted from Hunsdieck et al. (2025b).

are imputed using predictive mean matching. Markers are divided into m; cluster-specific and mg
cluster-unspecific types such that M = mj + mo. To simulate a cluster of size n4, we generate a
mean value i, for the cluster-specific markers and a probability of missingness p,,. To be able
to evaluate the performance of the clustering algorithm, different scenarios are considered for the
choice of piyq and pp,.

Individual values are assumed to be normally distributed around pi,,; with a standard deviation
of 5, and the missingness is modelled from a Bernoulli distribution with probability p,,.

The performance of the algorithm is analysed in six scenarios that vary in the configuration of
the clusters, given by cluster-specific mean values fi,,; and missingness probabilities p,, (see Figure
2.2). Scenario 1 uses value information alone for cluster formation, scenario 6 uses missingness
information alone, and scenarios 2 to 5 use both value and missingness information with differing

gradations of the value and missingness influence.

2.2.2 Key findings and their broader research implications

Among the established methods (k-means, hierarchical clustering, PAM), k-means performs compa-
rably or better than the others based on various validation measures (ARI, purity, entropy, mutual

information). To evaluate the performance of the novel approach, the influence of the three hyper-
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parameters «, kg and the distance measure is analysed by evaluating the final number of derived
clusters as well as established cluster evaluation criteria, namely the adjusted rand index, purity,
entropy and mutual information.

The choice of « significantly affects the number of clusters. Lower values of « tend to produce
more clusters than exist, while higher values typically produce fewer clusters. Setting kg to a
reasonable value (e.g., 6) or deriving it using the gap statistic is recommended to for the initial
number of clusters.

The new method using Euclidean distance generally performs at least as well as when using
Pearson correlation across different hyperparameter combinations.

For the following analysis, we set « = 0.1 and ky = 6 and the Euclidean distance as distance
measure. Compared to k-means across six scenarios, the new approach performs consistently as well
or better when clustering information is present in missingness and value variables, with notable
performance gains in scenarios 1 and 4 (see Figure 2.3). Even without the influence of missing data
on cluster formation, the new approach outperforms k-means. The new method shows increased
robustness, indicated by narrower error bars. In scenarios 5 and 6, the lack of clustering information
provided by the value variables results in challenges for both the new approach and k-means, often
yielding an underestimation of the number of clusters. This leads to reduced performance (according
to the performance measurement) due to the frequent identification of only two clusters. These
findings highlight the importance of hyperparameter selection.

In general, the proposed clustering method outperforms traditional methods such as k-means,
PAM, and hierarchical clustering. In particular, the strength of our proposed methodology lies in
the combination of information in both the observed data and the missing values. But even in the
considered scenario without missing information, the methodology outperforms established standard
approaches.

Applying this statistical approach to a real-world data example given by metabolomics data from
the GCKD study (Eckardt et al., 2012) that focus on kidney-specific adverse events demonstrates
how beneficial it can be to incorporate missingness data to identify patient risk groups. Including
missing data during clustering with the newly introduced clustering procedure helps to identify at-
risk patients, and therefore new patient subgroups. The findings are supported by cluster-relevant
biomarkers, which turn out to be well-established risk markers. In conclusion, the proposed method
can not only include informative missingness within the clustering procedure, but also supports the
detection of established as well as new biomarkers for personalised medicine.

The statistical approach comes with different hyperparameters that have to be predefined. To
apply the algorithm to the problem at hand, it is important to select a suitable value for the

parameter «, which is influenced by the specific clustering goal. To identify unique subgroups, such
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Figure 2.3: Comparison of four different performance measures (ARI, purity, entropy, mutual infor-
mation) for k-means and new approach given Euclidean distance, a = 0.1,k = 6 for six different
scenarios; In scenario 1 the information is solely given by the values of the markers. In scenario 6
the information is solely given by the missingness information of the markers. Scenario 2-5 reflect
different graduations of missingness and value information. Big dots illustrating the empirical means

fig.y, error bars are given by fir.; & &.3. Extracted from Hunsdieck et al. (2025b).

as high-risk patients, « should be set at 0.1 or higher. In contrast, to achieve balanced groupings
among all patients, o should be decreased, e.g. to 0.05. Additionally, it needs to be considered that in
datasets where high noise levels can be assumed, either due to uninformative markers or inaccurate
measurements, it is advisable to employ preprocessing techniques, such as principal component
analysis, or to incorporate external information such as survival data for a prior selection of clustering

variables.

The newly introduced method is particularly beneficial for analysing real-world data, as it helps
identifying new patient subgroups that may be at risk or healthier than average. In scenarios with
missing data, this method overcomes biases induced by imputation, especially when the missing

data are not completely at random, and helps reveal underlying mechanisms that may be obscured
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by standard preprocessing techniques.
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3.2 Summary

Primary care data, for example, accessed through electronic health records (EHR), can contain
valuable longitudinal health information, but also pose challenges due to incompleteness, inconsis-
tency, and inaccuracies of the data (Botsis et al., 2010). Under the assumption that small changes
in biomarker levels over time can signal health changes (Zhang et al., 2012), the longitudinal in-
formation/trajectories can be used to improve the risk stratification of disease diagnoses. To take
advantage of the longitudinal data provided by electronic health records, longitudinal and survival
data can be combined into a single model that jointly models the outcomes. Joint models, which in-
tegrate longitudinal and survival data, have recently been highlighted as an effective tool to leverage
comprehensive patient information without losing interpretability, potentially improving parameter
estimates compared to traditional static survival data. Implementing a joint model requires having
survival and longitudinal data that are of sufficiently high quality.

The contributed paper addresses the topic of the level of data quality, based on longitudinal
real-world biomarker data, so that a joint model outperforms simpler and more established sur-
vival models like the cox model for risk assessment. These simulations have the goal of developing
guidelines for assessing whether the underlying longitudinal data quality is appropriate for gaining

information through a joint model.

3.2.1 Overview of methods and simulation

For the development of these guidelines, realistic longitudinal EHR, data is simulated by incorpo-
rating components that reflect typical data characteristics, such as the amount of noise, the sample
size and the homogeneity of the patient cohort, allowing the analysis of the influence of different
characteristics on predictions.

As a starting point, we assume a cohort of patients without prior diagnoses at the start time
tstart- 1t is assumed that they are recruited with a balanced design with a 50-50 split between healthy
patients and patients who will develop the disease during the course of the study. Subsequently,
the patients undergo a 5-year monitoring period during which both survival and longitudinal data
are gathered, concluding at the time ¢.,4. After the monitoring period, a 5-year follow-up period
is considered with only survival data given. We assume that the longitudinal measurements are

adjusted to fit within the range of [0, 1], which is achievable through min-max normalisation.



3.2. Summary 19

For healthy patients, the diagnosis time ¢; 445 is censored at 120 months. If patients develop the

disease, the time point follows a uniform distribution between 10 and 119 months:

120 , if patient 4 is healthy (censored at 120 months) 3.1)
ti,abs ~ 3.1
U(10,120) , if patient ¢ becomes sick,
To generate meaningful longitudinal data, different aspects that affect the quality of the data

in terms of their information content are addressed, namely, the sample size and the number of

measurements. The individual number of measurements n; is simulated from a normal distribution

ti abs
ni ~ | N (ngps - . 2” .2)] (3.2)

with mean ngps per year and standard deviation 2, reflecting variability in real-world measurement
frequency, derived from UK Biobank EHR data.

In addition, parameters that directly affect longitudinal measurement values are considered,
namely response rate, underlying noise, years of biomarker change prior to disease diagnosis, baseline
measurement, difference, and homogeneity within the patient group. Specifically, for subject i with
n; observations, the time-varying longitudinal biomarker measurements, observed at time point #;;
are represented as y;; = {y;(ti;),7 =1,...,n;}. We assume, that the longitudinal measurements y;,

for patient ¢ at time j are given by
Yij = Y(tij) = bi +mi - tij - L, <t apo—12:t, + €ij (3.3)

assuming that the expected value remains constant until breakpoint ¢,,, after which the biomarker
begins to change and increases linearly, indicating a forthcoming diagnosis. The individual baseline

term b; is given by

N(0.5+ Ay, 02) , if patient 4 is sick

N(0.5,07) , if patient 4 is healthy.

assuming a normal distribution with different means for sick and healthy patients. The individual

response term (probability of responding effect before onset) is defined by

0 , if patient ¢ is healthy
pi~
Bern(presp) , if patient ¢ is sick.

The individual slope is then given by

0 , if patient 4 is healthy

pi -m; , if patient ¢ is sick
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with m} ~ N (tm,02,). An additional noise term €; ; ~ N(0,02) is further assumed.

This setup allows for an individual and flexible simulation of patient data. To systematically
investigate the effects of various characteristics related to the quality and quantity of longitudinal
electronic health record (EHR) data on the performance of a joint modelling approach, we compare
its risk prediction performance against a standard Cox model (Therneau et al., 2000).

The joint model consists of two submodels, the longitudinal model and the survival model. It can
improve the precision of the estimation and the predictive performance by capturing relationships
between the longitudinal and survival submodels (Tsiatis and Davidian, 2004).

For the longitudinal model, we assume that the longitudinal outcomes are normally distributed

and follow a linear shape. Then, the mixed-effects model is given by

yi(t) = mi(t) + e(t)

=l ()8 + 2] (t)b; + e (t)

with fixed effects parts x;(t), 8, random effect parts z;(t), b;, and time-dependent error terms €;(t), €;(t) ~
N(0,02).

For the survival model, let C; be the potential censoring time, 77" be the true event time for the
i-th subject, and T; the observed event time with T; = min {C;, 17}, and §; = 1(T} < C;) the event

indicator. The relative risk is given by
hi(t| M (), w;) = ho(t)eap {v wi + am;(t)}, ¢t>0

with history of true unobserved longitudinal process up to time point t, M;(t) = {m;(s),0 < s < t},
true unobserved value m;(t) of covariate at time ¢, equivalent to respective part in longitudinal
model, baseline risk function ho(¢) at time ¢, (Vector of) baseline covariates w; with coefficients
vector v of regression coeflicients for baseline covariates, and effect o of underlying longitudinal
outcome to the risk for an event quantifying association between time-varying covariate and risk of
event.

Assuming that these two processes are associated, we can define a model for their joint distri-
bution by assuming that we have full conditional independence; e.g., the random effects explain all

interdependencies. This yields to the joint distribution
P06 755 = [ plulb) - (1T 0% S(T: )} i),
with vector of random effects b; explaining the interdependencies, and density function p(-) and
survival function S(-).
Since we want to evaluate whether the estimated risk is well predicted given a reasonable time

frame, the approaches are evaluated using an adjusted time-varying concordance index defined by

1 Tk Tt
FoCimperon(t) = k€51 2218 Lm0} g gy (3.4)

ny - Ny
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given subset S consists of all individuals with diagnosis in interval [t — interval, t] and subset Sy

consists of all individuals without diagnosis in interval [O, t—&—interval} with |S1]| = ny and |S2| = ns.

3.2.2 Key findings and their broader research implications

The key results are based on the mean time-varying C-index during the follow-up period [tend, tend +
At] with tenq = 5 years and At = 5 years for patients still at risk after the observation period. The
analysis examines how different scenarios affect the mean time-varying C-index over a 12-month
interval. The influence of various data characteristics on prediction quality is assessed using 100
iterations of simulated data in controlled settings.

The Cox baseline model without any covariates is provided for illustration only. Since this model
uses less data, it performs as expected worse than other models. Therefore, the focus is on the
joint model’s performance using the full longitudinal trajectory of the simulated marker over the
five-year observation period, compared to the Cox model, which uses only the last measurement of
the simulated marker.

The study investigates the effectiveness of the joint model compared to the Cox model in analysing
the simulated EHR data, focussing on various factors that influence model performance.

The joint model outperforms the Cox model when at least one measurement is taken annually,
although additional measurements beyond a certain point do not enhance performance. Therefore,
at least one annual measurement is recommended for optimal use of the joint model.

Measurement noise significantly affects model performance. The joint model performs better as
the noise levels increase, particularly when the noise variance exceeds approximately 0.075. Fur-
thermore, the joint model can detect changes in biomarkers shortly before diagnosis due to its slope
estimation capability, whereas the Cox model relies on the most recent measurement.

The joint model benefits more from the increase in the intercept differences, making it suitable
when the intercept difference is at least 0.1. A response rate of at least 80% is necessary for the joint
model to outperform the Cox model, resulting in more homogeneous subgroups and less variability.
A similar conclusion can be drawn from the slope variability, where increased variability leads to
less accurate results when it comes to risk prediction using joint models.

The sample size also affects the performance; at smaller sizes (N = 50), both models are similar,
but the differences become apparent at N = 200. A sample size of at least 200 is recommended
for reliable joint model predictions, with prediction intervals narrowing as the sample size increases.
Overall, the study highlights key factors that make the use of the joint model for EHR data analysis
beneficial -particularly when dealing with high level of noise, high sample size, and short-term
biomarker changes, while also highlighting the importance of understanding response rates and slope

variability over time. A summary of the guidelines for recommended data quality for longitudinal
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primary care data is given in Table 3.1.

To apply these guidelines, it is crucial to normalise longitudinal measurements in a range of [0,1],
achieving a mean value of approximately 0.5 for scaling purposes. Most parameters can be extracted
directly from the relevant real-world data; however, the response rate is often unknown. Generally,

to improve response rates, the cohort may be restricted to specific subgroups of patients or diseases.

Parameter Superior performance
Sample Size N > 200

Noise Standard Deviation o > 0.075
Percentage of Patients Responding Dperc = 80%
Number of measurements per year Naps > 1
Intercept difference Ay > 0.1

Slope Standard Deviation om < 0.005

Table 3.1: Guidelines: Criteria for Normalized Electronic Health Record Data That Preferentially
Support the Joint Model Over the Cox Model. Extracted from Hunsdieck et al. (2025a).

Applying the derived guidelines to two real-world datasets, namely modelling the impact of
serum bilirubin on primary biliary cirrhosis (PBC) (data source: Mayo Clinic, access through the
R package JMBayes2 (Rizopoulos et al., 2024)) and the impact of eGFR on chronic kidney disease
(CKD) (data source: UK Biobank (Sudlow et al., 2015), access via application 28807), shows that
the predicted outcomes align with the final performance of individual models. In the first example,
where all criteria are met, the joint model outperforms the Cox model in terms of the time-dependent
C-index. However, in the second example, the joint model does not surpass the Cox model due
to unmet conditions. Thus, the guidelines not only give a recommendation for individual model
performance, but also help identify data characteristics that can be optimised for better outcomes.

Several directions for future research have been identified. First, the interactions between param-
eters and their mutual influences have yet to be analysed, particularly with regard to the complex
interactions between factors such as noise, sample size, and measured effect. In practice, it is rea-
sonable to assume that the measurement frequency will increase near a diagnosis. This increased
measurement frequency over time, relevant for certain markers, is not currently modelled due to
complexity considerations. Since the analysis was limited by computational time constraints, the
results are restricted to the number of variations per parameter. A more thorough examination
of individual parameters with a broader range of values could enhance the understanding of their
effects and interactions, improving the robustness and reliability of the findings/ guidelines.

Moreover, for specific use cases, the joint model may require modifications as a linear slope after
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a specific break point is not always given in real-world data. Furthermore, the complexity of joint
models increases with multiple events and multivariate longitudinal observations (Lawrence Gould
et al., 2015). Currently, the current predicted value is used as a covariate for the survival sub-
model, but alternative associations, such as interaction effects or time-dependent slopes, remain an
additional exploration aspect (Lawrence Gould et al., 2015).

In conclusion, this work, particularly the guidelines provided, serves as a valuable resource for
identifying quality issues in EHR data and determining the data quality needed for the joint model.
In addition, it offers practical insights on improving data quality, which can subsequently improve

the reliability and validity of joint modelling outcomes.
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4.2 Summary

With technological advances, the variety of data types continues to grow, including those from
wearable devices (Eisenkraft et al., 2023; Sola et al., 2021; Kim et al., 2024). Information collected
from wearables, for example smart watches, have the unique feature of being accessible not only over a
continuous longitudinal time frame but also on demand for immediate read-outs and analysis. Thus,
there is the possibility that clinically relevant features (e.g., pulse, blood pressure, oxygen saturation)
can be extracted and used in real-time for direct health evaluation, potentially improving immediate
patient care. We hypothesise that the use of longitudinal wearable data, specifically blood pressure,
can help to manage medications in hypertensive patients and thus combat hypertension, the leading
cause of death worldwide.

Currently, blood pressure medications are prescribed based on a static value measured during
the doctor’s visit. Although this is common clinical practice, this value can be biased due to many
factors, such as daytime or stress factors. As the possibility of easily and continuously measuring
blood pressure is still very new and the reliability of the measurements is only slowly improving,
these measurements are not yet considered further by doctors. However, with technological progress
and reliable and easily accessible data, this should change to ensure the best possible care for the
patient, not only to overcome wrong diagnoses, but to use these data for early treatment phases, for
example, during the adjustment phase of the new blood pressure medication (Schutte, 2024).

In the paper, a novel framework is presented for simulating realistic systolic blood pressure
(SBP) profiles that integrate both the modelling of medication effects, as well as daily rhythms and
individual patient characteristics. Based on simulated data, long-term effects of antihypertensive
treatment should be forecasted by predicting steady-state responses under anti-hypertensive therapy
using data collected for just a few days. For this purpose, two algorithms for forecasting the steady-
state effect of the medication are introduced, namely a non-linear mixed effects model and an

advanced Gaussian process, and compared with respect to their performance.

4.2.1 Overview of methods and simulation

For simulating individual blood pressure profiles, different aspects add up to the final simulated blood

pressure profile, namely, the drug effect, the circadian rhythm, the uncertainty of a measurement,

and the inclusion of covariate influences. These aspects will be described in detail in the following.
First, the antihypertensive treatment effect is modelled using a pharmacokinetic-pharmacodynamic

(PKPD) model (Rowland and Tozer, 2019). The choice of the specific pharmacokinetic and phar-
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macodynamic models is the result of a review of the literature that focusses on the identification
of commonly used models in drug development for classes of antihypertensive medications. The
pharmacokinetic submodel models the plasma concentration dependent on the administered dose.
In our case, the model is specified via a two compartment model (Baek et al., 2008; Heo et al.,
2016; Rijn-Bikker et al., 2013), given by

O — k- ey
dt ¢
AC@) _ ~(Kun+ Kar) - CR)O) + K CO)O) + i CR(D)

dt vC

YOO _ K- c)0) - K- CB)) (4-1)

with
C(1) : Gut
C(2) : Central (Plasma)
C(3) : Peripheral (Tissue)
K,, Kio: Rate of absorption
K51 : Rate of transport of the drug from the central to the peripheral
compartment
K5 : Rate of transport of the drug from the peripheral to the central
compartment
Ko : Rate constant for transfer to effect compartment . (4.2)
The pharmacodynamic submodel focusses on translating the plasma concentration of the drug

into the final effect. As suggested by literature (Otani et al., 2021; Larsson et al., 1990), a sigmoid

FEpqz-model

CE
CE + EC5

is used with F,,4, as maximum effect of a specific drug, CE as the drug concentration, and ECsq

BPeff = Emax : (43)

as the half-life time, e.g. period after which half of the effect is achieved.

The corresponding parameter choices, as well as the parameter ranges, are based on a literature
review focused on PKPD modelling of antihypertensive medications.

In order to effectively integrate the PKPD model with the natural fluctuations in blood pressure,
it is necessary to capture the natural shape of blood pressure throughout the day. Since the blood
pressure is not a static value but varies dependent on the day time, a circadian rhythm is further
introduced by

27 - (t + hor)
24

SBP(t) = BSL + ampy - cos( W) (4.4)

) + amps - cos(
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with
nadir = (BSL — % - change) - (1 + exp(v))
ampg = é - (BSL — nadir) — g - change
- g -\/6 - change - (nadir — BSL) + 4 - change?
amp; = BSL — nadir + amps (4.5)

motivated by Bikker et al. (Van Rijn-Bikker et al., 2013). SBP is the systolic blood pressure and
BSL is the baseline systolic blood pressure. The parameters nadir and change characterise the
patient: nadir is the minimum systolic blood pressure at night, and change is the day-to-night
systolic blood pressure difference.

Additional within-day (noise;nirq) and day-to-day variability (noise;nter) is added by using noise

terms

NotSCintra NN(Oa (5/21.99/2)2) = N(Oa 1'942)3

TLOiSﬁinter NN(O, (8/2’199/2)2) = N(O, 3112)

These values are obtained from literature Chia et al. (2019) combined with an internal study assessing
the blood pressure profiles of eleven healthy volunteers using wearables.

Many of those parameters may dependent on individual characteristics of the patients. There-
fore, individual covariate-specific impacts on the specific submodels are included based on literature
references. Realistic sets of covariates were generated based on data from UK Biobank, focussing
on patients with hypertension stage 2 (Whelton et al., 2018), namely a systolic blood pressure of at
least 140 mmHg or a diastolic blood pressure of at least 90 mmHg without ongoing medication to
reflect age and weight distributions classified by sex and ethnicity.

Based on longitudinal blood pressure data, the objective is to estimate and forecast the course of
the treatment effect beginning in the early stages of antihypertensive medication. For that, we use
the daily means of the measurements for the first days after treatment initiation and aim to predict
the course of treatment response in subsequent days. Therefore, two approaches are introduced,
a parametric and a non-parametric approach. Given patient i € {1,...,n,,} and observation day
t €{0,...,n0}, the goal is to predict @;¢,,,. (t) for a maximum of ¢,,,, days.

Given specific assumptions about the shape of a curve, a parametric model can be employed to
fine-tune parameters of interest, either individually or at the population level. A popular approach
for this is given by the non-linear mixed-effects model (Lindstrom and Bates, 1990). For this use

case, the likelihood equation is motivated by Lasserson et al. (2011), given by a generalised sigmoidal
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FE,ax curve

~(nlme t- lOg 2 eap(iw)
4 ()] = eap(Romanie,n.) (1 —exp ( (”)> .46

exp(It1/2,i t s
IRmax,itimer = Rmax,pop T Militmass  1/2,itmae = (172,000 + 12 tmas

with individual effects ;¢ .. = (771"1,771'72)71. The corresponding knowledge-based priors for the

Bayesian framework are given by
I Rmax,pop ~ N(1.2,0.1), It12 pop ~ N(0.5,0.2), lw~ N(1,0.1), (4.7)

securing reasonable non-negative trajectories and avoiding multi-modality problems.

In the absence of prior knowledge about the shape, a second non-parametric approach may
be used. This model type is aiming for estimating and forecasting the curve shape only based
on training data. This nonparametric approach uses an advanced Gaussian process consisting of
two steps. First, the mean population curve §meqn,cp(t) is estimated using a Gaussian process

(Rasmussen and Williams, 2008). The Gaussian process

gmean,GP (t) ‘ (yl (t)a t) ~ N (/Lmean (t), 2mean (t)) (48)

given a squared exponential kernel

k(z,z,) = 0% exp <("E;lf*)2> . (4.9)

is fitted by optimising the log marginal likelihood

1 _ 1 n
log p(y|X,0) = fgyTK Ly — 5109 |K +o,I|— 5109(2%) , (4.10)

given the training data. To estimate the individual trajectories given by the remaining residuals
€i(t) = ¥i(t) — Jmean,cp(t) (4.11)
an individual Gaussian process
€ ()| Snearest.itman ~ N (Hindiv(t); Sindiv(t)) (4.12)

is fitted in the second step using a nearest-neighbour approach based on the training data. This
nearest-neighbour approach takes into account the five most similar trajectories of the training data,

determined by their Euclidean distance

tmax

disty,,,, (€, 65) = \| O (€ilt) — €;(t))2 (4.13)

t=1

limited to the specific time frame of interest [0, t;nqz]-
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4.2.2 Key findings and their broader research implications

In this paper, the performance of two prediction models is compared using cohorts of patients with
sample sizes of N = 60, N = 120, and N = 200. Furthermore, various observation durations are
considered, spanning from a single day to five days of measurements. To ensure robust results, we
simulated and evaluated a total of 50 datasets, evaluating bias and root mean square error (RMSE).

The results are displayed in Figure 4.1. Our analysis reveals that both models exhibit minimal

Bias based on observed values
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Figure 4.1: Root Mean Squared Error (RMSE) and Bias across days (¢t = 0...,10) compared to
actually observed values, models (non-linear mixed-effects model (nlme) in blue, Gaussian process
(GP) with five resp. ten nearest neighbours in yellow resp. red)(tmaz = 1,...,5, vertical line).

Extracted from Hunsdieck et al. (2025¢).

bias, with a maximum deviation of approximately 1 mmHg. The NLME model seems to benefit
highly from additional data, leading to a reduction in RMSE. This improvement is attributed to the
model’s ability to utilise both fixed and random effects across the data. In contrast, the performance
of the GP model does not improve with increased data availability; it is based mainly on population
means and limited data points for individual fits.

Although the GP model shows better performance for single-day data in terms of RMSE, the
NLME model shows superior performance if more data is available when considering both bias and

RMSE. This suggests that the GP model is preferable only in scenarios with very limited data
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availability. The findings remain consistent across various sample sizes, indicating that there are
no significant performance gains from adding more subjects. This observation suggests an early
saturation of the model performance.

In conclusion, while the GP model is more suitable for minimal data scenarios, the NLME
model demonstrates superior performance if more data is available. Overall, both models exhibit
increased performance levels as the sample size increases, highlighting important considerations for
their application in predictive modelling.

The integration of statistical methods into wearable devices presents a novel solution to monitor
medication efficacy in hypertensive patients. It can predict if the desired reduction in blood pressure
will be achieved within the next days, allowing the timely adjustment of the medication if necessary.
There is increasing interest in forecasting the effects of antihypertensive drugs, supported by studies
using machine learning to predict response to therapy (Mroz et al., 2024). This approach improves
monitoring, improves treatment effectiveness, and promotes better blood pressure control, marking
a significant advancement in personalised healthcare for hypertension management. Future steps

involve testing algorithms on real-world data to assess their performance and reliability.






Chapter 5

Discussion and outlook

This thesis addresses challenges that occur when dealing with real-world data, namely metabolomics
and phenotype data, interspersed with noise from external sources and missingness. The three
articles summarised in this thesis focused on different aspects of the use of real-world biomarker

data for patient risk assessment.

The first manuscript proposed a method to take into account missingness mechanisms that are
not at random for improving patient clustering. Instead of just imputing missing values, missingness
itself is incorporated in the clustering process, to capture both the value and missingness information
for clustering. The application of this algorithm to the metabolomics data from the GCKD study
highlighted its efficacy in identifying subgroups of patients at risk and well-established as well as
new biomarkers. The second manuscript develops guidelines on required data quality for the use of
a representative of complex models for longitudinal biomarker data, the joint model. It compares
joint models combining longitudinal and survival data with Cox models, identifying conditions for
improved risk predictions. T'wo real-world examples demonstrate the applicability in practice of the
guidelines. The third manuscript focusses on the prediction of long-term effects of antihypertensive
drugs based on high-frequency measurements during the first days of treatment. For that, a frame-
work is presented to simulate blood pressure profiles, integrating the effects of medications, daily
rhythms, and patient characteristics. For the prediction task, we compare two statistical approaches:
a nonlinear mixed-effects model (nlme) and a Gaussian process (GP). The GP model excels with

limited data, while the nlme model performs better with more available data.

In summary, the need for advanced tailored statistical methodologies is essential to generate
insights from real-world data. Innovative approaches, such as those presented in this thesis, have
the potential to significantly enhance data analysis and interpretation. Each of the three projects

deals with the topic of real-world biomarker data, highlighting that different aspects and issues of
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real-world data should be considered, depending on the specific research question.

In this thesis, we study the properties of established and proposed statistical methodologies by
simulation. This is the gold standard for statistical method development since the ground truth
is known. Although the individual projects introduced earlier include advanced comprehensive
simulations, additional aspects can always be taken into account, depending on the assumptions
made. For example, when simulating cluster/ marker values, it is possible to not only rely on
fixed cluster-specific marker means, but to extend the simulation by incorporating correlation and

interdependency terms.

While the proposed methodologies are presented separately in the different contributed papers,
it is also possible to combine the approaches. Data-driven clustering of patient cohorts (Chapter
2) could help identify more homogeneous cohorts, which ultimately results in better results when it
comes to risk prediction (3) or modelling (Chapter 4). Therefore, it may be beneficial to first apply
the clustering approach for integrating informative missingness introduced in Chapter 2 prior to the
longitudinal joint modelling approach.

In addition to the individual, paper-specific aspects which were already mentioned in the corre-
sponding chapters, the topic of real-world biomarker data offers several directions for improvements

and extensions and future research topics.

It is essential to address specific challenges, particularly in the realm of clustering and longitudinal
analysis. In real-world scenarios, researchers often face uncertainty when missingness is present. This
uncertainty complicates the interpretation of the clustering results. When no missingness is present,
clustering is based completely on the available values, which may lead to a more straightforward
analysis. However, when dealing with missing data, the potential for bias increases, as the clustering
outcomes may reflect the patterns of the missing data rather than the true underlying structure.
Therefore, explicitly stating these limitations not only enhances the transparency of the research
but also guides future studies in addressing these challenges.

Especially in the context of precision medicine, a comprehensive understanding of the character-
istics of the individual patient is important. By combining different data types, RWE can be used
to identify well-defined patient cohorts, new targets for drug development, and personalised treat-
ment strategies. All of the methods discussed have the potential to be transferred to multiple data
types to improve the precision of patient evaluation. For example, genetics can be incorporated for
drug safety or suitability testing for a patient, while data types other than genetic information also
influence therapeutic outcomes, including epigenetic variables, age, medication use, lifestyle choices,
and sex of the patient (Duffy, 2015).

Using the example of incorporating continuous values and missingness into clustering analyses,

various omics layers (e.g., proteomics, transcriptomics, genomics) can be integrated. This integration
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allows for the consideration of not only different omics types during the clustering process but also

enables the modelling of the information content of each respective data layer.

Using the example of individual blood pressure predictions, the approach can be extended to mul-
tivariate time series. This allows simultaneous analysis of multiple interrelated variables over time,
enhancing the ability to capture complex dynamics and interactions among different physiological

parameters.

By integrating multiple data types, this can lead to a broader understanding of patient health
and disease mechanisms. Currently, there are approaches for the integration of multimodal data,
such as evolutionary random forest clustering (Bi et al., 2020). However, these current methods often
operate as black boxes, limiting interpretability and understanding of the underlying processes. In
future research, interpretable methods for multimodal data could be developed based on the methods

introduced in this work.

Moreover, the methodologies proposed in this thesis, are not without limitations. The reliance
on simulation studies, although a robust approach, may not fully capture the complexities and
variability of real-world data. The effectiveness of the proposed methods can be influenced by the
specific characteristics of the data sets used, such as sample size, heterogeneity, and the presence
of confounding factors. Future research should focus on validating these methodologies in diverse

real-world settings to ensure their generalisability and robustness.

Prior to an application in practice, it is essential to verify that the results are stable and can
be validated with external data sources. Therefore, a sufficient sample size is important. While
biobanks typically offer large sample sizes, if one is focussing on a homogeneous subpopulation or
specific indication of interest, these may still be too small for meaningful analysis. By increasing the
sample size, the final results will be more robust. This can be achieved, for example, using upcoming
initiatives for EHR recruitment, such as Our Future Health (2022). This not only enables an increase
in the overall sample size, but also allows for an indication-specific increase in data density from
a longitudinal perspective. Since the results of the data analysis may be highly influenced by the
underlying cohort, other data sources and biobanks should be considered for validation. For example,
one can consider the Finnish cohort FinnGen (FinnGen, 2020) or the American cohort All of Us
(All of Us Research Program Investigators, 2019) for validation. Although establishing clear quality
guidelines across different biobanks has been challenging due to various subsequent use cases, in
the past decade the importance of centralised biobank infrastructures has been recognised globally.
This led to substantial efforts in creating and managing the global network of biobanks guaranteeing
well-defined patient samples of high quality (Hummel and Specht, 2019). This not only improves
working with biobanks but will make quality control (e.g., standardisation, harmonisation) much

easier for future work, leading to an increased use of biobanks for decision making.
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In conclusion, the methodologies offer meaningful solutions for patient risk assessment and can
potentially be adapted for other applications. The integration of advanced statistical methodologies
and innovative approaches in the analysis of real-world biomarker data not only addresses the in-
herent challenges of noise and missingness, but also paves the way for better patient evaluation and
personalised treatment strategies, ultimately contributing to the advancement of precision medicine

and the identification of novel therapeutic targets.
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Abstract

Clustering approaches can only produce meaningful results if all relevant infor-
mation is available. Missing data can be an important contribution, though it
is often neglected. In this paper, we present a novel method for clustering data
where missing data is explicitly considered by integrating both observed values
and information about missing data. More concretely, we propose a two-step
approach in which the first clusters are derived and optimised based on contin-
uous measurements. Afterwards, obtained clusters may be subdivided based on
information obtained from missing data if these are considered informative.

We show in a simulation study that our approach can achieve better results than
established standard clustering procedures (k-means, PAM, hierarchical cluster-
ing) in the evaluation measures of adjusted rand index (ARI), entropy, purity,
and mutual information.

We demonstrate the applicability in practice by clustering patients from the
German Chronic Kidney Disease study, a prospective cohort study of patients
with chronic kidney disease (CKD), based on metabolite data. Our approach
can identify high-risk clusters for CKD disease progression, which would have
been overlooked if missing data would have only been imputed and not explicitly
included in the data matrix for clustering.

Keywords: Missing data, informative missingness, mixed data type clustering,
real-world data
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1 Introduction

Patient subtyping, i.e. the identification of subpopulations of patients with a joint
disease mechanism, is of high importance for the development of novel treatments.
Treatments developed for a specific endotype of interest could more directly treat
larger effect sizes and more homogeneous effects [1]. The identification of such
subpopulations remains challenging. Diverse data types, such as omics data, e.g.
metabolomics, transcriptomics, or proteomics data, lead to a better description of
the underlying biological mechanisms [2]. Since these sub-populations are not yet
described, hypothesis-free approaches are the method of choice for describing such dis-
ease sub-populations. In this paper, we present a novel approach for hypothesis-free
discovery of such disease sub-populations.

When experimental data are measured in a high-throughput fashion, for example,
untargeted metabolomics data, missing information is typically encountered [3]. It
is well known that missingness can have different underlying causes: it can occur at
random (MAR) or completely at random (MCAR) if, for example, there were problems
with the sample preparation or technical issues [4]. On the other hand, it can also be
not at random (MNAR) caused by a systematic issue if, for example, the measured
concentration was below the lower limit of detection, LOD [5, 6]. While MCAR occurs
when missing data is entirely unrelated to any values (observed or missing), MAR
occurs when missingness is related to observed data, but not to the missing values
themselves. In mass spectometry applications, Wei et al. discussed various approaches
for handling missing values by imputation, i.e. exchanging missing value with plausible
replacements [7]. The imputation method can vary for each type of missingness. While
for MCAR and MAR random forest imputation is recommended, for MNAR, methods
such as quantile regression imputation of left-censored data are preferred [7]. However,
the type of missingness is often unknown, or is a mixture of these categories. After
imputation, imputed data are typically treated in the same way as observed data,
and missigness is not further considered in standard follow-up analysis [8]. Since for
some of the experimental data, the rate of missingness can be high (> 50%) and the
missingness very informative, an imputation strategy may not reflect the biological
meaning of the data. We propose to handle the missingness information transparently
by explicitly including it in the clustering algorithm. For that, we modify the data set
by introducing an indicator variable that reflects the missing status of the biomarker.
This results in two layers per biomarker: one that gives the actual observed or imputed
value (continuous variable) and the other one that describes the missingness status
(binary variable).

There are already some approaches for handling paired variables where one variable
is continuous and one variable is binary [9]. If the binary missingness feature is taken
into account, the standard approach for handling mixed data types is given by a
clustering based on the distance matrix using the Gowers distance [9], where the
distances are scaled by the range of each variable. However, this approach has the
difficulty that, when including binary and continuous variables, the distance range
given by the continuous values differ substantially from the distance range given by
the binary variables. This is particularly problematic for the presence of missing data,
as this may lead to a bias within the distance matrix. Such an imbalance can skew the
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analysis, potentially leading to false conclusions about the relationships and variations
among the clusters. Therefore, it is essential to consider both missingness patterns and
the range of values in an appropriate manner, to accurately interpret the data and
maintain the robustness. Optimising the weighting for clustering, as done in previous
studies [10], is not optimal, since it leads to clusters based on missing or non-missing
data. However, we aim to make use of both types of information.

We hypothesise that missingness itself can bring additional information gain for the
clustering of patients. Our goal is to consider missingness information for clustering,
rather than focussing on the imputation. Given a population of patients with measured
markers, where some of the measurements are missing, we aim to present a cluster-
ing algorithm which not only imputes the missing values, but also takes the original
information of missingness into account. This way, in the final clustering the different
causal influences of values and missingness on clusters can be modelled. For that, we
introduce a stepwise approach where the different layers of information are sequen-
tially included in the clustering by first clustering based on the observed and imputed
observations and fine-tuning the clustering afterwards based on the missingness status.
The superiority of the proposed approach is demonstrated in a simulation study. We
also demonstrate the applicability in practice by clustering patients with Chronic Kid-
ney Disease (CKD) based on metabolomics data obtained from the German Chronic
Kidney Disease cohort (GCKD, [11]).

2 Methodology

The proposed methodology is a stepwise approach which is able to adequately take
into account both the actual observed (or imputed) data, but also the information
on missigness of data. In contrast to classic clustering algorithms like k-means [12],
our proposed methodology avoids problems of handling various data types (here:
continuous measurement- and binary missigness status-data).

We assume that a data set X is given in which some variables are missing for
some subjects. Given M imputed variables accompanied by information on missing
values and N observations, every variable v,,(n) = (fux:al), v,(nmis)), m=1,...,M, for
observation n,n = 1,..., N, can be split into

1. value information v,(ﬁal) (n): containing the actual or imputed value

2. missingness information v7(n )(n): containing information about the missingness

status with

Uv(nmiS)

(1)

(n) {O , if the actual value is measured
n)=

1 , if the actual value is missing

Since the specific choice of imputation methodology (e.g., mean imputation, nearest
neighbour imputation [13], MICE [14]) is not our focus of research, we assume that
the data have already been imputed and vﬁﬁal) no longer contain missing data. We
also assume that data has been cleaned and preprocessed and the data is normalised

(e.g., 0-1/min-max normalisation).
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Fig. 1 Algorithm Scheme: The new clustering scheme is devided into two steps, focussing on the
value and the missingness information separately.

In the following, we first describe in detail the proposed approach, before we intro-
duce the specifics of the simulation study. It should be emphasised that a simulation
study is necessary here, since for hypothesis-free clustering approaches, the ground
truth is typically not known. The generation of artificial data facilitates the assess-
ment of the approach. The simulated data are oriented around metabolomics data,
where many markers are measured for individuals, but with highly varying amounts
of missingness.

2.1 Clustering Procedure

The general scheme is visualised in Figure 1. Details on the individual steps are given
in the following sections. In the first step, we focus on the measured or imputed values.
An initial clustering is performed on those values (Step A). Afterwards, it is checked
if any of the clusters can be merged to improve the compactness and separation of the
clusters. Next, we focus on the missingness status: using the clustering obtained within
Step A, we focus on each cluster separately, and within the obtained cluster, perform
an additional clustering that only takes into account the missingness information (Step
B). In this step, we may generate meaningful subclusters of the clusters from Step
A that we may have overlooked if we had ignored the missingness information. This
is followed by a step in which it is checked if the clustering can be improved by
merging parts of the clusters. Steps A and B follow the same structure: first, there
is an initial clustering step, and then a cluster combination step. These are described
in the following sections in detail. The final clusters will be labelled as C,.,. Here, =
indicates the value-based cluster, while y denotes the subcluster determined by the
missingness within the value cluster.
For introducing the different steps, we define variable set A as

A:{vgml),...,vg\;al):vfﬁ’al)ER",m:L...,M} (2)
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as set of M variables containing value information and variable set B as
B= {vﬁmis), . ,v](\Tis) colmi) € {01}, m=1,..., M} (3)
as set of M variables containing missingness information.

2.1.1 Initial Clustering

In this step, an initial clustering is carried out separately on the measurements (Step
A) or missingness information (Step B). It should be emphasised that in Step B,
multiple subclusters are derived based on the results of Step A, i.e., the clustering
is performed separately within each cluster resulting from Step A. In both cases, the
k-means algorithm [12] is used due to its status as a standard procedure in cluster
analysis. Its performance is demonstrably superior to other standard clustering algo-
rithms like partitioning around medoids (PAM) and hierarchical clustering for this
particular use case, as evidenced by the results and the comparison between the new
method and the established clustering procedures (see Section 3.2).

For k-means, it is necessary to pre-specify the initial number of clusters kg. This
can either be fixed or derived using a gap statistics approach proposed by Maechler
[15]. The implementation is given by the R package cluster [15].

2.1.2 Cluster Combination

Starting with a preliminary clustering result according to section 2.1.1, it remains
unclear whether this clustering effectively differentiates the data. The primary goal in
this step is to assess the derived clusters for their ”uniqueness”, specifically examining
whether the clusters are compact and distinctly separated from one another.

To assess the (internal) validity of the initially derived clusters, we compute the
average distances both within the clusters and between them. Given k derived clusters,

the average distance matrix D = (d;;), jef1,...ky Will be computed by calculating the

average distance between and within the clusters Cy, ..., C’k The average distance of
two clusters C; = {x1,..., 2y, } and C’j ={y1,...,Yn, } is given by

1 ni no
dij = d(zs,y 4
ij nl_m;;(s +) (4)
where the pairwise distance d(z,,y;) of two observations x5 = (zs1,...,%s m) and
ye = (Ye.15---,%¢m) can be defined as the euclidean distance

M
dL2 (J?S, yt) = Z (‘rs,m - yt,m)2 (5)

m=1

or using the distance based on Pearson correlation coefficient

dcor(xsayt) =1- |CO’I"($S7yt)|
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Distances are calculated separately in Step A and B. If the distance between clusters
is not greater than the distance within individual clusters, it may be appropriate to
merge the clusters.

For that, the ratio

€ [0, 1]. (6)

n(dii, dj,;
rog = mm(d;j ) (7)

of the minimal average within-cluster distance and the average between-cluster dis-
tance will be evaluated between cluster C’l and C’j. If there is no difference in the
clusters, the corresponding ratio r; ; is numerically close to 1. In order to assess if
the observed data is compatible with the hypothesis that the ratio matches 1 (then
clusters need to be merged), an equivalence test is performed, i.e. we test

H():RL]‘#:[VS HliRi’j =1.

For this test, a confidence interval is calculated. We determine the empirical dis-
tribution R; i,; of the ratio between two clusters C; and C by resampling. Resampling
has the advantage that no statistical assumptions need to be met, which is particu-
larly beneficial when dealing with real-world data. Given the empirical distribution
Rw, the confidence interval P1I; ; for the ratio of cluster C; and C is given by

Pl ;= [qp,Ri.j ’ ql_P7Ri,j] (8)

with Ui, denoting the p-quantile of distribution R”

The clusters C; and C'j will merge if the corresponding prediction interval is con-
tained in the equivalence interval [1 — a, 1+ «], o € [0,1] (in step A: a = ay; in step
B: @ = ag). The process will be carried out for all cluster combinations in parallel. If
there are multiple options for the merging of the clusters, the process will be carried
out iteratively, beginning with the highest mean empirical ratio y; of the resampling
datasets. 7

When choosing a small « (e.g. « = 0.05), the analysis will favour the formation
of more unique clusters, as the merging criteria will be more stringent. In contrast,
increasing a will tend to produce larger clusters, in which a cluster will only remain dis-
tinct if there is a truly significant difference compared to other clusters. This approach
allows for a nuanced balance between cluster compactness and distinctiveness, depend-
ing on the chosen significance level. Depending on the level of information within the
individual sets of variables A and B, « can be chosen according to the set of relevant
variables.
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2.2 Evaluation via external validation measures

To assess the effectiveness of this clustering method, it is crucial to compare its results
with the ground truth (available for simulated datasets). Consequently, we use exter-
nal validation metrics for evaluation.
Suppose that we are given L (true) subgroups, while the clustering method gen-
erates K clusters. For each combination of clusters sets ¢ = {C,...,Ck} and
C ={Cy,...,CL}, the corresponding numbers are given in the Appendix, Table 2.
For cluster evaluation, we will focus on four validation measures, namely the
adjusted rand index (ARI) [16], purity [17], entropy [17], and mutual information
[18]. Our objective is to achieve high ARI, purity, and entropy while maintaining low
entropy. For clarity, we will display 1 — entropy in all following Figures. Then, a high
value is desirable for all measurements. Detailed definitions of the individual evaluation
measures are given in in the Appendix, section S1.

2.3 Simulation of clusters

For our simulation study, we assume a population X with n individuals, information on
M markers for each individual includes value information and missingness information
(1 for missing, 0 for not missing). To simulate clusters, it is assumed that among the M
markers, there are m, informative markers and ms cluster-unspecific markers such that
M = m;j + ms. Cluster-unspecific markers represent non-informative markers (noise).
We assume that all cluster-specific markers follow the same underlying distribution
within one cluster.

For our simulation study, we select M; = 100 informative markers and My = 20
non-informative markers measured on n = 1900 subjects with data organised into
k = 5 clusters. For the cluster-unspecific marker, a mean value fi,4; = 100 and a miss-
ingness probability of p,, = 0.5 is assumed. For the cluster-specific markers, we select
six scenarios (see supporting information, Table 4). The corresponding cluster-specific
mean values pi,, and missingness probabilities p,, are illustrated in Figure 2. In the
first scenario, the underlying clusters are only split by value information. In the sixth
scenario, the underlying clusters are only split by missingness information. In scenar-
ios 2 to 5, the underlying clusters are split by value and missingness information, with
rising influence of missingness and descending influence of value information for the
formation of the cluster. We simulate 100 datasets and compare the performance of our
proposed approaches with three common clustering algorithms k-means, hierarchical
clustering using complete linkage method, and PAM [19].

For comparison, k-means, hierarchical clustering, and PAM will have missing-
ness and value information as input. The new clustering approach is evaluated for
« € {0.05,0.1}. The initial number of clusters is either derived from the gap statistic
or set to a fixed value (6 or 10). The distance measure used for calculating the aver-
age distance matrix is either given by the Euclidean distance or using the Pearson
correlation coefficient.

For values originally missing, the missing values are imputed using predictive mean
matching implemented via the R package "mice” [14].
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Fig. 2 Visualisation of cluster means fi,4; and p,, for seven different scenarios that are analysed
further, see Table 4 for details.

2.4 Software versions

The following software has been used:

R Version [20]: 4.4.1

Package Versions: dplyr [21]: 1.1.4; ggplot2 [22]: 3.5.1; patchwork [23]: 1.3.0; purrr
[24]: 1.0.2; tidyr [25]: 1.3.1; NbClust [26]: 3.0.1; mice [14]: 3.17.0; factoextra [27]: 1.0.7;
mclust [28]: 6.1.1

3 Results

First, we give a concrete walk-through example based on simulated data (see Section
3.1) to demonstrate the individual steps of the algorithm. In Section 3.2, we analyse
the generalisability of the performance by looking at 100 different simulated datasets,
evaluating and comparing the results with other clustering procedures using external
validation measures (see Section 2.2). Finally, in section 3.3 we apply the algorithm
on the metabolite data given by the German study of chronic kidney disease (GCKD)
[11].

3.1 Walk-through example

Assume that we have N = 1900 patients divided into L = 5 clusters with means and
cluster sizes according to the Appendix, Table 3. As outlined in section 2.3, for each
cluster, we simulate for each subject M; = 100 informative markers based on the
chosen cluster means (see Appendix, Table 3). The final distribution of the marker
means per cluster is visualised in the Appendix, Figure 9, where the dots give the

average values per cluster(pizbl), p%i) of marker m,m =1,..., M.
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Missing data is imputed using predictive mean matching. The (imputed) values will be
normalised using a Min-Max-Normalisation. The following walk-through is based on
a = 0.1, i.e., clusters are merged if the prediction interval falls within [0.9,1.1]. Since
we assume the same number of informative markers for the value and the missingness,
we do not choose a different « for the first and second merging step. The initial numbers
of the clusters will be set to kg = 6 with the Euclidean distance as a distance measure.

Step A: Clustering on values with merging step

In Step A of the clustering procedure (see Figure 1), we perform an initial clus-
tering based on the imputed values. Results are shown in Figure 3. Comparing the
ground truth clusters with the initial cluster assignments, we note that a-4 and a-5
mainly include observations from the original cluster C' and E. When calculating

the corresponding empirical distribution Ra747a75, the prediction interval PT Borns ™

[0.977,0.981] is included in the equality interval [0.9, 1], which results in a merge of
these two clusters to the new cluster a’_1. Iteratively following this procedure, the
clusters a_2 and a_3 will be merged to the cluster a’_2, a_1 and a_6 will be merged
to cluster a’_3, and finally a’_1 and a’_2 will be merged to cluster a’_4, so that in the
end the two clusters a’_3 and a’_4 are remaining based on the continuous values. In
Figure 3 the distribution of the initial clusters (A) together with their pairwise dis-
tances (B) as well as the distribution of the joint clusters (C) and the distribution of
the empirical ratio for the hypothesis of merging o’_3 and a/_4 (D) are illustrated.

Step B: Subclustering on missingness with merging step

After clustering based on the values, we proceed with subclustering on the missingness.
In Step B of the clustering procedure (see figure 1), we perform an initial sub-cluster
given kg = 6 clusters based on the missingness information within each of the derived
clusters a’_3 (displayed on the upper panels in the figure) and a’ 4 (displayed on the
lower panels in the figure). Analogously to Step A, we merge iteratively, resulting in
two subclusters for cluster a’_3 and two subclusters for cluster a’_4. As a final result,
we obtain 4 clusters as shown in the right panels of Figure 4. The first cluster o’ _3+b'_1
contains nearly exclusively observations from original cluster B, the second cluster
(¢’ -3 + V' _4) represents the original cluster D, the third one (a’_4 + b'_2) is a mixture
of cluster C and E. The last cluster (a’_4+b’_4) is mostly representing original cluster
A. Considering the Appendix, Figure 9, the lack of separation for cluster C and E is
not unexpected, since the mean values of the markers and the missingness patterns
also overlap.

It is already clear that the clustering specifications, such as the choice of «, can
influence the clustering results. When looking for more distinct clusters, a should be
increased. In the next section, the influence of a and other hyperparameters with
respect to the clustering performance will be analysed.
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Fig. 3 Distributions of original and derived clusters based on value information: A:
Distribution of original clusters within initially derived clusters; B: Within and between distances
of initially derived clusters; C: Distribution of original clusters within merged clusters; D: Empirical
distribution of pairwise ratios of merged derived clusters

3.2 Evaluation of clustering performance across simulated
datasets

The generalisability of the results is evaluated by simulating data sets as explained in
Section 2.3 comprising M; = 100 informative markers and My = 20 non-informative
markers with five underlying clusters. To facilitate a discussion on the algorithm’s per-
formance under the appropriate hyperparameter selection («, ko, distance measure),
six scenarios are analysed with varying influence of missingness and values on cluster
formation (see Section 2.3). The new algorithm will be evaluated given the Euclidean
or correlation distance, a € {0.05,0.1} and ko € {6,10} or derived from the gap
statistic.

We first examine the influence of the different settings on the final number of
derived clusters, as illustrated in the Appendix, Figure 10. Note that the true number
of underlying clusters is 5. Setting the initial number of clusters to a fixed high value
(here: ko = 10), the new clustering approach is no longer able to join clusters and
tends to a high number of derived clusters, if the values have less impact on cluster
formation (see scenarios 1-5). This can be compensated by using a higher «. For
a = 0.05, more clusters are generated than actually exist in the dataset, while for
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Fig. 4 Distributions of original and derived clusters based on missingness information:
Left: Distribution of original clusters within initially derived clusters; Right: Distribution of original
clusters within merged clusters. The right side displays the final result of the clustering.

a = 0.1, fewer clusters are typically produced. This indicates that « is an important
parameter influencing the results. Using the Gap statistic is a good alternative for
the preselection of the initial cluster number. If the clusters are solely driven by the
missingness information, the algorithms underestimate the correct number of clusters,
resulting in two clusters in almost all cases.

The choice of the clustering method should depend on its performance, evaluated
using internal and external cluster validation methods to focus on different aspects of
the clusters. For example, the Adjusted Rand Index (ARI) is an external performance
measure used to assess clustering results by comparing them with true cluster labels.
In contrast, purity and entropy focus less on the external performance of the clustering
than on the quality of the clusters itself, namely the homogeneity within the clusters
and their purity. When comparing the three established clustering approaches, we note
that for the chosen data setup, k-means is at least as good as hierarchical clustering
and PAM in terms of ARI, purity, entropy and mutual information (see Appendix,
Figure 11). Therefore, we will focus on the performance of the introduced approach
compared to k-means taking into account values and missingness.

Comparing the performance of the proposed method using the Pearson correla-
tion as the distance matrix versus the Euclidean distance for different choices of «
and ko (see Figure 5), we note that the Euclidean distance demonstrates at least a
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performance similar to the Pearson correlation approach for almost all combinations
considered. That is why we focus on the Euclidean distance as distance measurement
in the following analysis. It is also evident that the optimal performance is predomi-
nantly achieved with the parameters a = 0.1 and ko = 6, leading to the choice of this
parameter configuration for further analysis.

Therefore, we will further compare the proposed approach given the Euclidean
distance with o = 0.1 and kg = 6 to k-means for the six different scenarios. The direct
comparison of the four different evaluation measures is shown in Figure 6. Looking at
ARI, the new approach is always performing at least as good as k-means except for
scenario 6. We note that even without the effect of missing data on cluster formation,
the new approach still outperforms k-means. A large performance gain of at least
0.1 is achieved using the new approach for scenario 1 and 4. When comparing the
configuration of various scenarios, it is evident that for some scenarios, the method
performs similarly to k-means, especially when the initial cluster centres f,q,; of the
values are closer together. If there is an appropriate distance both in terms of values
and missingness, our approach outperforms k-means. Similar observations can be made
when looking at the other performance measures. In addition, the narrowing error bars
indicate that the new approach is more robust when it comes to clustering. Scenario 5
and 6 seem to be more challenging for the approaches. A more in-depth examination
of scenarios 5 and 6 reveals that both algorithms fail to accurately identify the correct
number of clusters in these cases, frequently resulting in only two derived clusters.
Consequently, the outcomes of the performance indices are not indicative, as in both
cases, limited significance is provided by the presence of only two clusters.

Therefore, we conclude that the strength of our proposed methodology lies in the
combination of information in both the observed data and the missing values.

3.3 Clustering of chronic kidney disease using metabolomic
data

The GCKD study is a prospective observational cohort study of 5217 patients with
chronic kidney disease treated by nephrologists. The study has previously been
described in detail [29]. In brief, patients were included if they had an eGFR between
30 and 60 ml/min/1.73 m? or a urinary albumin-to-creatinine ratio (UACR) greater
than 300mg/g [29]. Patients completed a medical assessment, including blood and
urine sampling, every two years. In addition, urine and plasma metabolites were mea-
sured at the beginning of the study using untargeted mass spectrometry. In this paper,
we focus on the urine metabolomics study in this paper. This study has previously
been described in detail, including information on sample processing and data cleaning
[30]. In total, 1020 metabolites with at least one missing value are available.

Since the number of measured metabolites is large compared to the sample size, we
first reduce the number of metabolites by only including those with prognostic value
for kidney disease progression into the clustering approach (both value and missing-
ness status). For that, we apply a Cox survival model [31], using days to temporary
or permanent dialysis or kidney transplantation as the outcome and metabolites as
covariates (including missingness and value as features). Observations are censored
if no event was observed within a follow-up period of 5 years. More concretely, the
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following model was used:
h(m,t) = ho(t) - exp{y1 - 0™ (n) + 72 - ) (n)} 9)

with ho(t) is the baseline hazard function at time ¢, v = (71,72) represents the vector
of regression coefficients and v, (n) = (vﬁfbal)(n), i) (n)) are the measurements and
missingness status, respectively (m,m = 1,..., M). We select all metabolites with
a p-value of 0.05 or lower for the value and the missingness association for further
clustering. No multiplicity correction was used. Metabolites where the observed values
are highly correlated (Pearson correlation greater than 0.8) are excluded by including
the metabolite with the highest association, namely the lowest p-value, on survival
per correlated group. In total, 122 metabolites remain.

The aim of this case study is to identify distinct groups with medium-to-large size,
i.e., we aim to tend to merge early. Therefore, we select vy = 0.1 and as = 0.15. An
initial number of ky = 6 clusters is chosen to maintain a reasonable total number of
clusters. As distance measure, the Euclidean distance is chosen.
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For step A, three clusters C’l, C'g and 6'3 of sizes 507, 306 and 3376 are derived.
After the sub-clustering step B, in total 10 derived clusters are given. Details on the
obtained clustering, including sample sizes per cluster, can be found in Table 5. In the
following, we will focus on clusters of a size greater than 50 subjects. The seven final
clusters for further characterisation are called CA’M, él’g, 02’1, 02’2, C'g,l, 6'3’2 and C’g’g.

In the following, our objective is to characterise the identified clusters based on
available phenotypic information and disease progression trajectories. For that, we
first analyse the Kaplan-Meier survival curves [32] with adverse renal events, namely
temporary or permanent dialysis or kidney transplantation, as endpoint. This is illus-
trated in Figure 7. We note that cluster C’l,g has the highest risk of disease progression.

1.0-

Cluster
C{1,1}
c{1,2}
c{2,1}
c{2,2}
Cc{3,1}
C{(3,2}
C{3,3}
All

FHEbE

Survival probability
o
®

b

0.7-

0 2 4 6 8
Years

Fig. 7 Survival curves for each derived cluster and for the full population (in black), C{z, y} denotes
cluster Cz y

Specifically, the risk is much higher than in cluster C'l)l. If considering the imputed
data only and ignoring the missingness pattern, one would not have been able to
separate these patients into high and low risk groups. Thus, missingness information
substantially improved assignments into biologically diverse and heterogeneous clus-
ters. A similar observation can be made by considering CA'371, CA’3,2 and CA’373. All of these
fall into one cluster when considering the imputed data only. However, as shown in
Figure 7, the risk of 02)1 and CA'3,1 is substantially lower than for the other subgroups.
Again, we conclude that the missingness information contains relevant information for
subtyping.

To better understand the patient characteristics of the different clusters, we analyse
the corresponding biomarker levels based on a heatmap using logs-fold change given
the full population as reference. A selection of markers is shown in Figure 8. The
complete heat map containing all biomarkers analysed is given in the Appendix, figure
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12. Within the high-risk cluster 01,2, a range of known biomarkers for kidney disease
progression are observed to be up-regulated. For example, C-reactive protein (CRP)
levels [33, 34], copeptin [35], galectin-3 levels [36], and urea levels [37] are increased.
In addition, the estimated glomerular filtration rate (eGFR) [38] is lower than in the

full population.
eGFR I 05

CRP

Copeptin

Urea

Galectin3

{I'1t}o
{z'1to
{r'elo
tardse)
{r'elo
{e'elo
{e'elo

Fig. 8 Heatmap illustrating the log2 fold change of outstanding biomarkers across each cluster.
The color intensity represents the magnitude of change, with blue indicating upregulation and red
indicating downregulation of biomarkers relative to the full cohort. C{z,y} denotes cluster Cg,y.

Analysing metabolite levels in each cluster (see Appendix, figures 13 and 14)
suggest that certain markers might be MNAR since the missingness status varies
drastically between clusters.

4 Discussion and outlook

In real-world data analysis, e.g., in metabolomics and electronic health records (EHR),
missing data is a major challenge. If this missingness is missing at random (MAR),
imputation methods help eliminate missing values so that data analysis can be based
on imputed values. If missingness is not at random (MNAR), such as when influenced
by device limitations or specific measurements, using basic imputation methods can
skew the data, leading to biased results [39].

In this paper, we focus on clustering approaches and propose a method that is able
to integrate both observed values and information about missing data in an unbiased
way. This specifically means that no distinction between MNAR and MAR is needed.
This is achieved not by merely aggregating all elements, but through a two-step pro-
cess that appropriately handles each variable type. When informative missingness is
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present, this approach can identify markers with informative missingness and use this
knowledge for efficient clustering. Our algorithm is capable of identifying information
sources and surpasses traditional clustering methods like k-means, hierarchical clus-
tering, and PAM, particularly when data contains information both in missingness
and value.

We also demonstrate the applicability in practice by clustering patients from the
German Chronic Kidney Disease Cohort based on metabolite data. In this example,
we demonstrate that including the missingness information leads to the identification
of high-risk clusters for disease progression that would otherwise have been overlooked.

The method requires, in addition to the selection of an initial number of clusters,
the choice of « for the equivalence margins in the cluster combination step, depending
on the clustering goal. If the goal is to leave only highly distinct subgroups (such
as a specific high-risk patient subgroup, tendency towards large clusters), « should
increase to 0.1 or greater. However, if the objective is to keep also small clusters, «
should be in [0, 0.1]. It should be noted that typically the ground truth is not known.
However, the impact of o w.r.t. the obtained subgroups can be analysed considering
the phenotype profile and risk trajectories, as demonstrated in the case study.

Another important question is whether data should be pre-filtered to reduce the
dimensionality prior to clustering. This certainly depends on the use case, the num-
ber of subjects included, and the number of markers measured. However, as a rule
of thumb, we recommend using preprocessing or marker selection methods such as
principal component analysis or incorporate external information such as survival
information when dealing with data sets where many non-informative markers are
suspected.

So far, we have assessed the performance of the methodology for specific data
situation (e.g., normally distributed data). As an area of future research, it would be
interesting to assess the performance in data with different underlying distributions.

It should be noted that while we present the method for the use case of missing
data, in principle it also works for other scenarios where paired bivariate data (contin-
uous and binary observation) need to be clustered. The proposed clustering approach
could be extended to other types of combination, e.g., count data and continuous data
or count data and binary data. Also, conceptually it would be possible to extend it
to higher dimensions, i.e. the approach could run iteratively across e.g. three or four
different data layers. However, one may need to allow for merging of clusters from the
first steps to avoid a large number of small-sized clusters. The construction of such a
procedure could be a field of future research.

To summarise, in this paper we present a clustering methodology that can deal with
data sets in which variables have a varying degree of missing observation. Since the
missingness is explicitly modelled, we account for missingness at random or completely
at random - or even a combination. We have demonstrated in a simulation study and
a case study that this approach can lead to more meaningful clusters.
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5 Appendix

S1 Evaluation via external validation measures

Purity

The purity measures the ability of a clustering method to recover known classes,
namely how ”pure” the derived clusters are. It is defined by

K
1 .
Purity = N E mazi<j<r(ny) € [0,1] (10)
q=1

with IV total number of samples, n{; number of samples in cluster ¢ belonging to original
class j (1 < j < L). The higher the purity, the better the clustering performance.

Entropy

Entropy is a measure that reflects the mean homogeneity within the clusters. It is
defined by

" A
1 . 7
Entropy = N ool E E ny - loga <Zq> (11)

0g2(1) a=1 =1 q

with N total number of samples, n, number of samples in cluster g, nf] number of

samples in cluster ¢ belonging to original class j (1 < j < L). The smaller the entropy,
the better the clustering performance.

Mutual Information

Mutual Information I is defined as relative entropy between the joint distribution of
the true and derived clusters and the product distribution p(z)p(y),

IX;Y) =YY pla,y) - log (M) (12)

x
S5 p(x)p(y)
c\c|lc ¢ -+ Cp | sum
ql n% n% . nll ni
Co n% n% S nl2 no
Ck ni ni o onk | ng
sum | nt  n? ..l
Table 2 Scheme: Contingency Table
given two clusterings C' = {C’l, e, C’K}

and C = {C1,...,CL}
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given the probability distributions p(z) of the true clusters and p(y) of the derived
clusters. It computes the entropy of the empirical probability distribution. The higher
the mutual information, the better the clustering performance.

Adjusted Rand Index (ARI)

The Adjusted Rand Index (ARI) measures the degree of agreement between two sets of
cluster assignments: the denominator is generated by a statistical method independent
of the label groups, and the numerator reflects the true classification. Referring to the
Contingency Table 2, the adjusted rand index (ARI) is defined by

S () = [Se () ()] /)
3 [Zk (") + 22 (Zl)] - [Zk (") > (gl)] /(5)

An increased ARI indicates superior clustering outcomes. It is calculated using the R
package mclust [28].

ARI =

€ [0,1]. (13)

Hyal Pm Cluster Size
Cluster A 96.55 0.48 500
Cluster B 104.68 0.24 300
Cluster C 99.68 0.23 300
Cluster D 102.77 0.65 400
Cluster E 99.08 0.24 400

Table 3 Characteristics used for simulation of five clusters, given by mean value pi,4;, average
missingness proportion p,, and cluster size.

Scenario 1 | Scenario 2 | Scenario 3
Hval Pm Hval Pm Hval Pm Cluster Size

Cluster A 90 0.3 90 | 0.5 90 0.5 500
Cluster B 95 0.3 95 | 0.3 100 0.5 300
Cluster C 100 0.3 100 | 0.5 90 0.1 300
Cluster D 105 0.3 105 | 0.3 100 0.1 400
Cluster E 110 0.3 110 | 0.5 110 0.5 400

Scenario 4 | Scenario 5 | Scenario 6
Hval Pm Hyal Pm Myal Pm Cluster Size

Cluster A 95 0.4 975 | 04 100 0.1 500
Cluster B 95 0.2 97.5 | 0.2 100 0.2 300
Cluster C 100 0.5 100 | 0.5 100 0.3 300
Cluster D 100 0.1 100 | 0.1 100 0.4 400
Cluster E 105 0.4 | 1025 | 0.4 100 0.5 400

Table 4 Characteristics used for six different scenarios of information
(value and missingness): Simulation of five clusters, given by mean value
yval, average missingness proportion p,, and cluster size.
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Fig. 9 Distribution of the marker means per cluster: Dots are given as the marker means

(,uq(f;l), ug:;l), of marker m, m =1,...,120, of the corresponding cluster.
Value-Cluster Missingness-Subcluster Cluster size
%! Cia 312
Ci2 195
% C2,1 150
Ca2 67
C2,3 43
Ca4 28
Cay5 18
Cs Cs,1 1401
C3,2 645
Cs,3 1430

Table 5 Distribution of cluster sizes, C’x,y. Here, z indicates the value-based cluster, while y
denotes the subcluster determined by the missingness within the value cluster.
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Fig. 12 Heatmap illustrating the log2 fold change of biomarkers across each cluster. The color
intensity represents the magnitude of change, with blue indicating upregulation and red indicating
downregulation of biomarkers relative to the full cohort. C{z,y} denotes cluster Cy, .
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intensity represents the magnitude of change, with blue indicating upregulation and red indicating
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Abstract

Background: Over the past decade an increase in usage of electronic health
data (EHR) by office-based physicians and hospitals has been reported. However,
these data types come with challenge regarding completeness and data quality
and it is, especially for more complex models, unclear how these characteristics
influence the performance.

Methods: In this paper, we focus on joint models which combines longitudi-
nal modelling with survival modelling to incorporate all available information.
The aim of this paper is to establish simulation-based guidelines for the neces-
sary quality of longitudinal EHR data so that joint models perform better than
cox models. We conducted an extensive simulation study by systematically and
transparently varying different characteristics of data quality, e.g., measurement
frequency, noise, and heterogeneity between patients. We apply the joint mod-
els and evaluate their performance relative to traditional Cox survival modelling
techniques.

Results: Key findings suggest that biomarker changes before disease onset must
be consistent within similar patient groups. With increasing noise and a higher
measurement density, the joint model surpasses the traditional Cox regression



model in terms of model performance. We illustrate the usefulness and limitations
of the guidelines with two real-world examples, namely the influence of serum
bilirubin on primary biliary liver cirrhosis and the influence of the estimated
glomerular filtration rate on chronic kidney disease.

Keywords: Joint Modelling, Longitudinal Data Application, Primary Care Data,
Simulation Study, Chronic Kidney Disease

1 Background

Identifying patients at high risk for clinical diagnosis as early as possible is increasingly
important [1, 2]. Statistical models can be used for generating this early risk prediction
of various health conditions. In this paper, we focus on the task of identifying patients
at high risk for disease based on (longitudinal) biomarker levels. This builds on the
hypothesis that small changes in biomarker levels can indicate changes in health, which
ultimately lead to diagnosis of a disease at a later time point [3].

Joint models, which combine longitudinal and survival data in a unified framework,
present a compelling approach to take advantage of all available longitudinal informa-
tion within a single model [4]. Research has shown that these models can enhance our
understanding and yield improved parameter estimates compared to static survival
data [5]. To implement joint models, it is essential to have a dataset that encompasses
both types of data (survival and longitudinal data) of reasonably high quality.

Electronic health record (EHR) data, which typically includes longitudinal pri-
mary care and hospital information, offer a rich repository of patient health details,
including laboratory results, diagnostic tests, treatments, symptoms and results [6].
However, working with EHR data presents numerous challenges, particularly in the
pre-processing phase and in the analysis of processed data. The primary quality issues
associated with the EHR data include incompleteness, inconsistency, and inaccuracy
[7]. In the context of primary care data, specific challenges arise, such as missing data,
noise, irregular data patterns, and the difficulty in accurately identifying relevant data
points.

So far, it has not been systematically assessed how joint models perform in noisy
real-world data as expected in EHR data sets, that is, what level of data quality is
required so that joint models still offer an advantage in terms of precision and bias
compared to other more established approaches such as Cox regression [8].

The primary objective of this paper is to establish guidelines for the necessary
quality of longitudinal data for joint models through simulations. More concretely,
this paper conducts an extensive simulation study by systematically and transpar-
ently varying different characteristics of longitudinal data, including measurement
frequency, noise, and heterogeneity between patients. Utilizing the simulated data,
we apply the joint models and evaluate their performance compared to traditional
Cox survival modelling techniques. Insights gained in this simulation study are sum-
marised in guidelines for data quality that other researchers can apply when making
the decision whether a joint model or another model should be fitted.



We illustrate the usefulness of the guidelines with two practical examples to eval-
uate whether long-term biomarker records are of sufficient quality to extract insights
from these trajectories. In particular, we examine how Bilirubin impacts primary bil-
iary cirrhosis and how the estimated glomerular filtration rate (eGFR) affects chronic
kidney disease (CKD).

2 Methods

2.1 Framework for Simulating Longitudinal Primary Care Data

We present a simulation framework to generate realistic primary care and hospital data
for joint modelling that will be used to investigate the impact of various characteristics
of data quality on disease progression prediction models.

For our simulation study, we assume that patients enter the study at time tgpq.¢
without prior diagnosis of the relevant disease. The patients are then followed over
a b-year observation period in which both survival data and longitudinal data are
collected, ending at the time point te,q. Subsequently, starting after ¢.,.q, a 5-year
follow-up period is considered, where no longitudinal data is observed and only survival
data are recorded (see Figure 1). Time is measured in months. We assume that the
longitudinal data (the EHR or biomarker data) are scaled to lie within an interval of
[0,1], which can be achieved by min-max normalisation. We also assume a balanced
design with a 50-50 split between healthy and diseased patients.

We generate the following types of data in our simulation:

1. Survival outcome, i.e., information if a patient is diagnosed or not during follow-up
period

2. Longitudinal EHR data, e.g. measurements of biomarkers (from tsqrt t0 tend)

3. Fixed baseline characteristics of patients, such as sex and age (see Appendix, Simu-
lation of the Baseline characteristics), that affect survival outcomes and are chosen
differently between cases and controls so that they indirectly influence the survival
outcomes.

In the following, we define P; as a patient i, ¢ = 1,..., N. For simplicity, we con-
sider univariate longitudinal data, i.e., the availability of a single measured biomarker.
Details of the data generation process are described in the following sections.
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Fig. 1 Scheme: Designated observation periods given in months for simulated data



2.1.1 Survival Outcome

The simulation of the diagnostic time point (time point of event), denoted as t; 455, was
carried out within a specified range of 10 to 119 months. This means that we require
some longitudinal prior (i.e., between month 0 and month 10) to the event and that
if a patient is to be diagnosed with the disease, this event would occur no later than
five years after the biomarker observation period. For healthy patients, the diagnosis
time point was right-censored at 120 months, indicating that no diagnosis was made
within the observation period. In contrast, for patients who developed the disease, the
diagnosis time point was randomly assigned based on a uniform distribution between
10 and 119 months,

_ 120 , if patient 7 is healthy patient (censored after 120 months)
habs U(10,120) , if patient ¢ becomes sick,

(1)

where U represents the uniform distribution. This shows that there is no specific
increase or decrease in risk during the time window in which the GP data are modelled.

2.1.2 Longitudinal Data

With the increasing availability of biobanks and EHR data, these resources can be uti-
lized to enhance the development of predictive models. Especially longitudinal EHR
data come with irregularities such as varying numbers of measurements and differing
precisions of these measurements. To understand the impact of these distinct charac-
teristics on predictive models, it is essential to simulate such data in a realistic and
verifiable manner.

In EHR data, biomarker measurements are typically not taken at prespecified time
points, but varying between patients (that is, taken on the decision of the physician).
That is why, for the longitudinal data, we need to both simulate the data frequency
and the actual data time and the values.

Number of Measurements

The number of measurements for each patient, denoted as n;, is simulated using the
absolute value of a normal distribution realisation with the mean number of mea-
surements nqps per year and the standard deviation 2. This distribution is chosen to
reflect the variability in the frequency of measurements observed in real-world EHR
data and can help to analyse the influence of the number of measurement frequency
on prediction. Figure 2 (in the Appendix) shows the mean number of measurements
and the standard deviation for 66 biomarkers in the UK Biobank data (see Appendix,
UK Biobank), focussing on data up to five years before the baseline visit. Based on
this, a mean standard deviation of 2 and 1 measurement every two years on average
is most likely for a typical biomarker. As we are interested in examining longitudinal
data, the UK Biobank dataset can be tailored to include only those patients with a
minimum of two to three measurements. This filtering increases the average number



of measurements per year but leads to a reduced sample size and potential biases. The
number of measurements n; are simulated such that

ni ~ [N (s - 202 ) @

The diagnostic time point t; 445 is included in the expectation of the number of

measurements because the total count of measurements depends on the duration up

to the diagnosis, that is, if a longer time until diagnosis is observed, more longitudinal
data can be measured.

Simulation of the Distribution of Measurement Dates

The measurement time points for the patient i, denoted as t;;, are simulated as
random integers {t; 1,...,%;n, } with

tiJ‘ ~ U(Outi,abs)7 _] S {L...,ni}, (3)

where U reflects the uniform distribution. The chosen parameter reflects that longi-
tudinal markers are observed for 60 months (from ts¢qrt t0 teng). The measurement
dates for each patient were generated independently, resulting in a set of random time
points for the patient.

Simulation of Measurement Values

The final goal of this simulation is to generate longitudinal EHR data, denoted as
y(ti;), prior to the disease onset. For simplicity, we focus on continuous measurements
here. We adopt a linear mixed-effects model to represent the underlying trend in
longitudinal data preceding the onset of the disease. Linear mixed-effects models, as
introduced by [9], are widely recognised for their efficacy in modelling longitudinal
trajectories (e.g., see [10]).

More concretely, we assume

Yij = Y(tiz) = bi +mi - tij - Liyy<t, apo—12:40 + €ij (4)

for patient ¢, where b; reflects a patient-specific intercept and m; reflects a patient-
specific slope that is added to the data starting from a breakpoint t,,. The error term
€, is time-point specific. This means that the expected value of the longitudinal data
is assumed to be constant until the break point ¢,,, where the biomarker will start to
change and already give an indication of the later diagnosis, and then will increase
linearly thereafter.

The slope parameter m; is simulated in a two-step procedure: For patients who are
in the process of developing the disease, the probability of showing an effect before
the onset of the disease based on longitudinal data (responding) is modelled using a
Bernoulli distribution with a probability of p,.sp, that is,



0 , if patient ¢ is healthy
bi Bern(presp)  if patient 7 is sick
For healthy patients, we assume that the slope is 0 in all cases. Then, the slope m;
is calculated based on

*

mi; =p;-m;,

with

777: NN(ﬂﬂ%U?n)v
where p,,, and o, represent the mean value and standard deviation, respectively. The
values for u,,, and o, are discussed in Section 3. This approach takes into account the
expected heterogeneity between patients, as not all patients are expected to show an
association between longitudinal and survival data.

For the intercept, we assume that patients developing the disease already exhibit
different baseline levels and define the difference as Ay (w.l.o.g.: Ay € [0,0.5]). There-
fore, we simulate the intercept b; with a normal distribution with mean 0.5 and
standard deviation af, ie.,

b N(0.5+ Ay, 02) , if patient i is sick 5)
"\ N(0.5,07) , if patient 7 is healthy.

As measurements are consistently affected by noise, additional time-independent
noise is included, represented by

€t ~N(0,0%) . (6)

2.1.3 Parameter Choices and Practical Example

This simulation approach allows an individual generation of realistic longitudinal
data that reflects the different trajectories of healthy and diseased patients prior to
the disease, allowing for adjusting different data quality parameters.

Since we want to examine how individual data quality parameters influence the per-
formance of models, we vary the corresponding parameters. The parameter choices
given in Table 1 are selected to explore various aspects of patient response and
measurement variability with respect to their influence on model performance. For
example, the number of measurements is selected to align with their distribution
within the UK Biobank (see Figure 2 in the Appendix).

To keep the number of settings under evaluation in a manageable range, we use a
reference setting per parameter (in bold in Table 1) and vary one parameter at a
time. Parameter selections are designed to be based on Min-Max normalised values
so that the values are within a [0, 1] range, facilitating transferability to real-world
data settings. Since the range of the standard deviation depends on the range of



the mean, only one parameter is varied for both the slope m and the intercept b
(only one scenario for the other parameters). An example of a simulated patient

‘ Parameter ‘ Parameter Annotation ‘ Parameter Choices ‘
Sample Size N {50, 200, 500, 5000}
Noise Standard Deviation o {0.05,0.075,0.15,0.3}
Percentage of Patients Responding Pperc {0,0.2,0.5,0.8,1}

Years of Assumed Slope tm {1,3,5}

Number of Measurements per Year Nabs {1,2,3}

Intercept Difference Ay 0,{0.1,0.2}
Intercept Standard Deviation oy {0.05}

Slope Mean Hm {0.005}

Slope Standard Deviation Om {0.001,0.005,0.01}

Table 1 Parameter selections for further simulation and investigation of the impact of
data quality metrics on risk prediction (In bold: Reference values). Since the range of the
standard deviation depends on the range of the mean, only one parameter is varied for
both the slope m and the intercept b.

trajectory for a patient diagnosed after 75 months is given in Figure 2. It is evident
that approximately five years before diagnosis, the values start to change exhibiting
an increasing trend over time until the diagnostic time point at ¢ = 75. During the
observation period [0, 60], a total of 12 measurements are available.

2.2 Theoretical Foundations of Joint Models and
Time-varying Evaluation Metrics

To systematically investigate the effects of different characteristics of quality and
quantity of longitudinal EHR data on the predictive power of a joint modelling
approach (see Section 2.2.1), we compare the prediction performance to a standard
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Fig. 2 Example of a simulated trajectory of a sick patient: The Patient is getting sick after 75 months
with twelve measurements during observation period [0, 60]. The patient is male, not smoking and 66
years old. The blue triangle marks the last (simulated) measurements within the observation period.



Cox model. The approaches are evaluated by a version of the time-varying concor-
dance index (see 2.2.3). This allows for a comprehensive analysis of the influence of
longitudinal data of varying quality on the prediction of the risk of disease progression.

2.2.1 Joint Model

Joint modelling of longitudinal and time-to-event processes enhances the precision
of the estimation and predictive performance by effectively capturing the intrinsic
relationships between the submodels. This approach is particularly advantageous in
longitudinal studies, as it characterises the association between a longitudinal response
process and a time-to-event outcome [4]. Consequently, these models have become
increasingly popular in recent years and, as a widely utilized class of models, will serve
as the foundation for developing the guidelines.

The joint model can be split into two submodels, the longitudinal model and the
survival model. For the endogenous time-dependent longitudinal covariate (e.g.,
biomarker measurements), let y;;(¢) be the observed value of the i-th subject at time
point tij,

Yij = {wi(t;), j = 1,...,n4}

Let T* be the true event time for the i-th subject and T; the observed event time with
T; = min{C;, T}}, C; the potential censoring time, and 6; = ¥(TF < C;) the event
indicator.

Longitudinal Model

For the longitudinal model, we assume that the longitudinal outcomes are normally
distributed and follow a linear shape. Then, the mixed-effects model is given by

yit) = mi(t) + e(t)
=] ()8 + 2] (£)bs + €i(t)
with
z;(t), B : Fixed effects parts

2i(t), b; : Random effects parts, b; ~ N(0, D)
€;(t) : Time-dependent error terms, €;(t) ~ N(0,0?)
with variance-covariance matrix D. The longitudinal model is implemented using the

R package nlme [11] that includes the estimation of the covariance matrix of the
random effects.



Survival Model

For the survival model, the relative risk is given by
hi(t{Mi(t), wi) = ho(t)exp {v"wi + ami(t)}, >0
with

M;(t) : {mi(s),0 < s < t}
: History of true unobserved longitudinal process up to time point t
m;(t) : True and unobserved value of covariate at time t (equivalent to respective part in longitudinal model)
ho(t) : Baseline risk function at time ¢
wj : (Vector of) baseline covariates with coefficients vector
v : Vector of regression coefficients for baseline covariates
a : Effect of underlying longitudinal outcome to the risk for an event

: Quantifies association between time-varying covariate and risk of event
The survival model can be implemented using the R package survival [12].

Joint Distribution

Assuming that the two processes are associated, we can define a model for their joint
distribution by assuming that we have full conditional independence, e.g., the random
effects explain all interdependencies. This yields to the joint distribution

Py, T, 6:) = / p(wislbs) - {H(T3[b)% S(Tifbi) } p(bi) b

with

b; : Vector of random effects explaining interdependencies
p(+) : Density function

S(+) : Survival function

Taking into account the longitudinal submodel (see section Longitudinal Model) as
well as the survival submodel (see section Survival Model). The models are jointly
optimised with the EM algorithm through Bayesian approaches using MCMC tech-
niques [13]. The prior distributions are defined using frequentist univariate regression
models fitted separately for each outcome. The mean of the Gaussian prior is defined
as the maximum likelihood estimate (MLE) and the precision is defined as the inverse
of 10 times the variance of the estimate from the univariate model. Regarding the prior
distributions for the variance and covariance parameters of Gaussian random effects,
JMbayes2 uses gamma priors with mean defined as the MLE of univariate models [14].
It is assumed that, based on the observed history, the mechanisms of censoring and
the process of visiting are independent of the actual event times and future longitudi-
nal measurements. This implies that the decision on the withdrawal of a subject from



the study or their attendance at the clinic for a longitudinal evaluation is influenced
by their past history, without additional causalities of the underlying latent charac-
teristics of subjects that may be related to his prognosis.

In the following, the joint model will be consistently implemented and fitted using the
R package JMbayes2 [15].

2.2.2 Candidate Models for Comparison of Performance

In this section, we compare the performance of the joint model in simulated data
with different characteristics (as outlined in Section 2.1) with the Cox model, as the
standard approach for modelling survival data. We aim to identify settings in which
the more complex joint model outperforms the Cox model. The models to be compared
are given by

1. Joint model incorporating biomarker measurements from the past 5 years along
with covariates such as sex, age, and smoking status (represented in green in the
result section). More concretely, the submodels are given by:

yi(t) = my(t) + €i(t)
= ﬁo + ﬁlt + ﬁgsel‘i + ﬁgAge,- + B4Smok‘ing5tatusi + biO + bilt + Ez(t)
hi(t) = ho(t) - exp{y1Sex; + v2 Age; + y3SmokingStatus; + am;(t)}

where the parameters b;. mark the individual subject-specific effects.
2. Cox model including covariates such as age and sex, but no EHR data (”baseline
model”, shown in blue in the result section).

hi(t) = ho(t) - exp{y1Sex; + v2Age; + v3SmokingStatus;}

3. Cox model that incorporates the covariates of age and sex along with the
most recent measurement g; of the biomarker in the 5-year observation period
(represented in orange in the result section).

hi(t) = ho(t) - exp{y1Sex; + v2 Age; + v3SmokingStatus; + v47; }

It is important to note that the Cox model uses biomarkers measured at t.,q4, while
the additional longitudinal data for the joint model is obtained prior to tenq. With
this selection, we ensure a fair comparison between the models.

Table 1 lists the various scenarios that will be examined.

2.2.3 Evaluation of Risk Prediction Models: Adjusted
Time-varying Concordance Index

The goal is to evaluate the precision and reliability of risk models. More concretely,
we aim to identify with highest accuracy those who are at increased risk of developing
a disease. Commonly used scores to evaluate the performance of the model are the C
index to evaluate the model’s ability to rank the risk of the subject and the integrated
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S,: No diagnoses in this interval
S;: Diagnoses in this interval

t-12 t t+12

Fig. 3 Illustration of subgroups S1 and Sz for the time-varying C-Index definition

Brier score incorporating the discrimination and calibration aspect [16]. Forecasting
risk is largely affected by the specific time period being examined (for instance, a Cox
model can ” more readily” evaluate risk profiles over a brief period like a month rather
than spanning several years). For further evaluation, we introduce the time-varying
C-index, derived from the conventional C-Index (see [17]). This metric can be readily
understood in terms of time and adapted according to varying risks over different
periods. Given the estimated individual risk r;(t) at time t of patient i, we define two
subsets as illustrated in Figure 3 by

S = {Individuals with diagnosis in interval [t — interval, t]}
and
Sy = {Individuals without diagnosis in interval [O, t+ interval]}
with |S1]| = n1 and |S2| = no. The time-varying C-index is then defined as

T (t)>r
t/UOL"thBTUGZ (t) = ZkESI ZZESQ {7k(t)>7l(t)} e [07 1} (7)

ny - No

which expresses the ratio of pairs in which the predicted risk for a pre-disease patient
(subset S7) exceeds the predicted risk for a temporarily healthy patient (subset Ss),
relative to all possible pairs. The closer the time-varying C-index is to 1, the better
the model’s performance. Compared to the established C-index, this measure allows
us to observe changes in the performance over time.

For a observation period of five years (tenq = 60) and a follow-up period of five years
(At = 60), the mean time-varying C-index of the follow-up period [tend, tena + At] is
given by

tend+AL 1 120
mean(tvC,-mmal(t)) = E Z t'UCintcrval (t) = @ Z tvcintcrval (t) (8)
t=tend t=60

with ¢ given in months.

2.2.4 Set-up and Evaluation of Simulation Study

Models are compared with the introduced performance measure across 100 iterations
of simulated data with the parameter settings described in Table 1. From these, the
mean and the 0.05 and 0.95 quantiles are computed to establish the prediction inter-
val for one dataset. Note that in the result section, the prediction intervals are only
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depicted when a change in the prediction interval is given by different parameter
choices; otherwise, they are omitted for the sake of clarity.

In the following, we consider the mean time-varying C-index for patients who
remain at risk by t.,q (those not diagnosed until ¢.,4) in three different models during
the 5-year follow-up period. Therefore, patients with an early diagnosis, which can
technically not be included in the Cox model analysis, are excluded from the evaluation
to ensure fairness while comparing the joint model and the Cox model (see Section
2.2.2).

2.3 Software Versions

The following software has been used:

R Version [18]: 4.2.1

Package Versions: dplyr [19]: 1.1.4; ggplot2 [20]: 3.5.1; JMbayes2 [15]: 0.5-0;
patchwork [21]: 1.2.0; purrr [22]: 1.0.2; tidyr [23]: 1.3.1; Matchlt [24]: 4.5.5

3 Results

3.1 Derivation of Simulation-Based Guidelines for
Longitudinal Primary Care Data

In the following section, we examine how individual data quality parameters influence
the performance of the joint model compared to the standard Cox model [8], see
Section 2.2.2 for details. For that, we discuss the impact of different parameter choices
on the performance given by the 5-year mean time-varying C index (short: mean
C-Index) after the last possible measurement time point t.,q = 60 with an interval
length of 12 months. An interval of 12 months is selected to thoroughly examine the
significant distinctions in risk.

Additionally, we evaluated two additional parameters, namely the response rate and
the slope variance, over time (see Section 3.1.6) to demonstrate how performance
differences evolve over time.

Figure 4 illustrates the performance given by the mean C index of the three different
models in the scenarios described in Table 1. We first note in general that the Cox
model and the joint model outperform -as expected- the Cox model without biomarkers
in all scenarios. Thus, we use the result from the Cox model without biomarkers for
illustration of the baseline performance, but do not discuss it in detail and focus on
the two other models. For clarity of the visualisations, we only provide prediction
intervals for one scenario, but note that comparable variability is also present in the
other cases.

3.1.1 Sample Size

The available sample size in practice depends greatly on the specific use case. For
example, without taking into account the availability of longitudinal biomarker data,
the number of patients who are diagnosed with stroke (approx. 22.200 patients) is by
far larger than the number of patients who are diagnosed with encephalitis (approx.
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Fig. 4 Comparison of the mean time-varying C-index over five years with an interval of 12 months
for different parameter choices for the total sample size (a), the number of measurements per year
(b), the noise standard deviation (c), the years of assumed slope (d), and the intercept difference (e).
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990 patients) within the UK Biobank. In our simulation study, we thus investigate
the time-varying C-index for sample sizes between 50 and 5000 subjects. Figure 4 (a)
illustrates that in small sample sizes (N = 50), the Cox model (orange) performs very
similar to the joint model (green). However, the differences get more prominent when
increasing the sample size to N = 200. We notice also that there are further small
gains in performance for the joint model compared to the Cox model - however, these
differences are rather small. Therefore, we recommend a sample size of N > 200 for a
robust prediction.

We also note that the prediction intervals for the mean C-index narrow with
increasing sample size.

It must be considered that the recommended sample size is influenced by other
factors and can therefore vary, for example, with respect to the homogeneity of the
longitudinal data within the cohort under consideration.

3.1.2 Number of Measurements (per year)

It is recognised that the number of measurements in the electronic health record
(EHR) data can vary considerably depending on the specific marker and the effort
required for measurement. Figure 4 (b) illustrates the performance of the models with
respect to different quantities of measurements. When there is at least one measure-
ment per year, the joint model exhibits superior performance. However, after a certain
threshold, additional data points do not provide further information and thus do not
enhance performance. Consequently, it can be concluded that a greater number of
measurements facilitates improved longitudinal trajectory modelling, thus enhancing
risk prediction. We recommend at least 1 measurement per year if a joint model is to
be used.

3.1.3 Varying Noise Variance

Next, the impact of the noise of the measurements itself is analysed. External factors,
such as varying conditions that affect blood pressure readings, can significantly influ-
ence measurement noise, affecting model performance. In Figure 4 (c), the importance
of noise variance as a critical parameter is highlighted. It is observed that as the level
of noise increases, the joint model demonstrates a greater advantage in the C-index
over the Cox model. In contrast, at low noise levels (0.05), there is a minimal differ-
ence in performance between the Cox model and the joint model. The joint model
is capable of filtering out higher levels of noise, yielding more accurate predictions
in comparison to the Cox model. Starting at a noise variance of approx. o, = 0.075,
the joint model starts to perform better compared to the Cox model, therefore we
recommend the joint model specifically in those scenarios with at least o, > 0.075.

3.1.4 Years of Slope

Typically small changes in biomarker level proceeds the clinical diagnosis. However, it
is not necessarily clear how these changes are present much earlier. As shown in Figure
4 (d), when the slope is given for a shorter time period (i.e., the biomarker starts to
change only for a short period prior to the actual diagnosis), it is detected by the joint
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model but not by the Cox model. In contrast, when the slope is assumed to be over a
longer duration (e.g., 5 years), there is only a minimal difference in the performance
between the models. This can be explained by considering that the Cox model uses
only the most recent measurement. If the slope begins to increase only recently prior
to the most recent measurement used, the absolute difference in biomarker levels is
smaller. Since the joint model is estimating the slope, even small differences can be
retrieved. It is important to note that for practical application, this value is difficult
to derive.

3.1.5 Intercept/ Baseline Difference

Lastly, the impact of a baseline difference is analysed. Like covariates, a specific
baseline difference in the (simulated) marker itself can occur within the risk cohort,
independently of a specific time frame slope [25]. As illustrated in Figure 4 (e), in
scenarios without a difference in intercept, the Cox model and the joint model per-
form similarly. The joint model benefits more than the Cox model from an increase in
the intercept. Therefore, the joint model appears specifically suitable if the intercept
difference is greater than A, > 0.1.

3.1.6 Response Rate and Slope Variance over Time

For specific parameters, not only the parameter itself, but also time plays a role in its
influence on performance, e.g., the statistical model may be very good in predicting
the two-year risk of diagnosis, but may fail to predict the five-year risk of diagnosis.
Therefore, we look at the time-varying concordance index tvCis(t) over a period of
time of 5 years after t.,q for varying choices of the fraction of patients with a rela-
tionship between EHR data and survival outcome (pperc) and slope variance (o, ).
Figure 5 shows the performance of the different models based on the percentage of sub-
jects who actually demonstrate the hypothesised relationship between the biomarker
and the diagnosis. We note that only if at least a majority of patients (approximately
80%) demonstrate a response, the joint model or the Cox model (with biomarker) are
superior to the baseline Cox model. Therefore, a highly heterogeneous relationship
between the biomarker and the diagnosis makes it difficult to detect this pattern.

In Figure 6, we compare different levels of variability of individual slopes. We
note that the advantage of the Cox model is highest if the variability of the slope is
small, i.e., the slope is similar across patients. However, as heterogeneity increases,
the performance of the Cox model, including (bio)marker information, becomes more
comparable.

When we consider the dependency of the performance on the chosen time points
for the time-varying concordance index tvCis(t), we note that generally, for both
parameters, the models are more similar for earlier time points (small values of t). This
means that if the aim is to identify subjects at risk for a diagnosis at a time point that
is close to the time of the last measurement, there is no strong advantage of the joint
model compared to the Cox model. However, when comparisons are made at later
time points, the joint model may begin to diverge from the Cox model because of its
ability to predict and fit the longitudinal trajectory. This results in a more pronounced
distinction between the joint and Cox curves, as illustrated in Figures 5 and 6. The
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”bend” after approximately three years can be explained by the simulation of data
that accounts for a biomarker change starting three years before the disease diagnosis,
allowing the risk prediction to benefit from biomarker data within these three years.

Percentage of Patients Responding (Pperc)
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Fig. 5 Comparison of the effect of different parameter choices for the fraction of patients responding
Presp in simulated data on the time-varying C-index with an interval of 12 months using a joint model
and a Cox model with/ without biomarker information: presp € {0,0.2,0.5,0.8,1}
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Fig. 6 Comparison of the effect of different parameter choices for the slope standard deviation o,
in simulated data on the time-varying C-index with an interval of 12 months using a joint model and
a Cox model with/ without biomarker information: o.,, € {0.001,0.005,0.01}

3.1.7 Simulation-Based Guidelines for Longitudinal Primary Care
Data

The well-established Cox model is much easier to apply and communicate than the
more complex joint model. Therefore, we recommend the joint model only in scenarios
in which the joint model outperforms the Cox model. Synthesising the findings of the
previous sections, guidelines can be formulated that help to determine the utility of the
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available longitudinal Primary Care / EHR data for the identification of disease risk.
The guidelines are presented in table 2. To adhere to these guidelines, it is essential to
normalise the longitudinal measurements to a range of [0, 1], ensuring a mean value of
approximately 0.5, primarily for scaling purposes. Almost all of the listed parameters
can be directly extracted from the available real-world data of interest. It is important
to note that the response rate is typically unknown. To achieve a high response rate,
the cohort can be restricted to specific subgroups of patients and / or disease. In
the following section, two real-world data examples are analysed using the derived
guidelines.

Superior performance of joint model compared

Parameter to Cox model

Sample Size N > 200
Noise Standard Deviation oe > 0.075
Percentage of Patients Responding Ppere > 80%
Number of measurements per year Nabs > 1
Intercept difference Ap > 0.1
Slope Standard Deviation om < 0.005

Table 2 Guidelines: Criteria for Normalized Electronic Health Record Data That
Preferentially Support the Joint Model Over the Cox Model

17



3.2 Case Study: Real-World Applications of the Derived
Guidelines

Table 2 presents guidelines formulated from simulated data. To demonstrate their
applicability in real-world scenarios, two different datasets were subsequently exam-
ined using these guidelines.

3.2.1 Serum Bilirubin and Primary Biliary Cirrhosis (Mayo Clinic)

Primary biliary cirrhosis of the liver (PBC) is considered a progressive disease. The
progression is slow and the resulting inflammation progressively results in cirrhosis,
damage to the liver’s bile ducts, and ultimately death of the patient [26]. More infor-
mation is available in Dickson et al. [27] and Markus et al. [28]. The data used for
further modelling were collected from the Mayo Clinic trial on PBC that took place
from 1974 to 1984. A total of 424 patients with PBC, referred to the Mayo Clinic
during that 10-year interval, met the eligibility criteria for the randomised placebo
controlled trial of the drug D-penicillamine. The first 312 cases in the data set par-
ticipated in the randomised trial and contain largely complete data [12]. The data set
for the randomised trial, consisting of 312 participants, is provided by the JMbayes2
R package [15].

The diseased subgroup comprises all patients who received an initial diagnosis of PBC
within the 10-year interval. We used a 5-year period in which longitudinal data is col-
lected, followed by a 5-year follow-up period in which only survival outcome data are
recorded. Given these data, the guidelines of Table 2 are used to assess if better perfor-
mance of the joint model compared to the Cox model can be expected in this scenario.
Bilirubin values were initially converted using a logarithmic transformation, followed
by a min-max transformation to normalize the distribution within a range of 0 to 1,
targeting an average of approximately 0.5 for optimal application in guidelines. The
normalised bilirubin value at time t is denoted as bilyorm (t). The appendix outlines
the process of deriving parameters using real-world data (see ” Derivation of Parame-
ter Choices Based on Real-World Data”). For applying this approach to derive slope
and noise parameters, it is assumed that t,,, = 3 years since PBC is progressing slowly.
A summary of the derived parameters is given in Table 3.

All requirements given in the guidelines are fulfilled. Therefore, we expect a gain in
performance for the joint model compared to the Cox model.

For the joint model, the corresponding submodels are given by

Longitudinal submodel:
bilnorm (t) = Bo + B -t + B2 - Sex + B3 - Age + big + bix -t + €;(t) (9)

Survival submodel:
hi(t) = ho(t) - exp{y1Sex; + 2 Age; + am;(t)} (10)

with fixed and random effects parameters of the longitudinal model similar to section
Longitudinal Model. The Cox models are given by

Cox model with biomarker information:
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hi,Cozpiom (£) = ho(t) - exp{y1Sex; + y2Age; + bilnorm(f)} (11)
Cox model without biomarker information:

hi,Com(t) = ho(t) . exp{’ylSe:L‘i + ’YzAg@i} (12)

with # denoting the last observation time point of a Bilirubin value within the obser-
vation period.

As a result, we first note that the analysis reveals that the inclusion of biomarkers
in the model provides a relevant information gain (Cox - no biomarker, illustrated
in orange, substantially worse performance to the other models). Comparing the
performance of the cox model to the joint model, it is confirmed, as illustrated in
Figure 7, that there is a gain in prediction accuracy for the joint model compared to
the cox model if the prediction interval is larger than 1 year. This is in line with our
expectations since all criteria in the guidelines were met.

‘ Parameter ‘ Estimate ‘ Comparison to Guidelines ‘
Sample Size N 312 | Requirement fulfilled
Noise Standard Deviation o, 0.078 | Requirement fulfilled
Percentage of Patients Responding pperc unclear | unclear
Number of measurements per year ngps 1.6(sick), 1.4(healthy) | Requirement fulfilled
Intercept difference Ay 0.116 | Requirement fulfilled
Intercept standard deviation oy 0.148 (0.124) | -
Slope Mean pin, 0.007 | -
Slope Standard Deviation o, 0.003 | Requirement fulfilled

‘ Years of Assumed Slope t, ‘ 3 ‘ unclear ‘

Table 3 PBC Dataset (See R package jmbayes2 for more information): Estimation of
Parameters, derived by a Mixed-Effects Model (see Appendix, Derivation of Parameter Choices
Based on Real-World Data), and Comparison with guidelines given by table 2

3.2.2 eGFR and Chronic Kidney Disease (UK Biobank)

Data provided by the UK Biobank (UKB) (see Appendix, UK Biobank) provide a
valuable resource for research on chronic kidney disease (CKD). Estimated glomerular
filtration rate (eGFR) measurements are well established to predict the risk of CKD,
and eGFR is often used for diagnostic purposes in this context [29, 30]. It is of partic-
ular interest to investigate whether eGFR trajectories provide additional information
about the diagnosis of CKD. To this end, UKB data will be used to implement a joint
model and analyse data quality using the derived guidelines (see table 2).

The initial step in the data preparation process involves general preprocessing, which
includes joining units, converting measurements, and addressing implausible values
and outliers (see Appendix, Preprocessing of eGFR trajectories within UK Biobank
GP data). Chronic kidney disease (CKD) is diagnosed according to the ICD-10 codes
detailed in the appendix, as shown in table 2, as specified by [31]. The included data
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Fig. 7 Assessment of Serum Bilirubin and Primary Biliary Cirrhosis (Mayo Clinic): Evaluation of
different models (joint model, and Cox model with/without biomarker information) using the time-
varying C-index over a period of five years with an interval of 12 months. Vertical grey lines mark
diagnosis time points.

are restricted to subjects with available covariate information and at least one mea-
surement per year on average and a total of three measurements available during the
3-year period.

The diseased subgroup comprises all patients who received an initial diagnosis of
chronic kidney disease (CKD) within three years prior to and up to five years after
their visit to the assessment centre (visit VO in UKBB). To create a comparable,
similar-sized subgroup within the healthy cohort, propensity score matching is applied
using the R package Matchlt[24], utilising Mahalanobis distance and the covariates age
(UK Biobank Field ID: 21022), sex (UK Biobank Field ID: 31), and smoking status
(UK Biobank Field ID: 20116). As a result, no covariates were incorporated into the
longitudinal and survival submodel.

In this example, we use a 3-year period in which longitudinal data is collected, fol-
lowed by a 5-year follow-up period in which only survival outcome data are recorded.
The eGFR values are transformed using a Min-Max normalisation to obtain a dis-
tribution within a range of 0 to 1, targeting an average of approximately 0.5 for
optimal application in guidelines. The normalised eGFR value at time t is denoted as
eGF Ryorm/(t).

Given these data, the guidelines of Table 2 are used to assess if better performance
of the joint model compared to the Cox model can be expected in this scenario.
For applying this approach to derive slope and noise parameters, it is assumed that
tm = 1 year. A summary of the derived parameters is given in Table 4. We note that
some requirements are fulfilled (e.g. sample size) whereas other requirements are not
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Parameter Estimate [ Comparison to Guidelines ]

Sample Size N 5272 | Requirement fulfilled
Noise Standard Deviation o 0.042 | Requirement not fulfilled
Percentage of Patients Responding pperc unclear | unclear
Number of measurements per year ngps 1.2(sick), 0.8(healthy) | Requirement not fulfilled
Intercept difference Ay 0.119 | Requirement fulfilled
Intercept standard deviation oy, 0.082,0.073 | -
Slope Mean i, —0.004 | -
Slope Standard Deviation o, 0.004 | Requirement fulfilled

[ Years of Assumed Slope t., [ 1 [ unclear ]

Table 4 eGFR and chronic kidney disease: Estimation of parameters, derived by a mixed-effects

model (see Appendix, Derivation of Parameter Choices Based on Real-World Data), and

comparison with the guidelines given by table 2

fulfilled (e.g., noise is low, low number of measurements per year). Thus, it is unclear

if a gain in performance of the joint model is expected.
For the joint model, the corresponding submodels are given by

Longitudinal submodel:
eGF Ryorm(t) = Bo+ P1 -t + big + bi1 -t + €(t)
Survival submodel:
hi(t) = ho(t) - exp{ami(t)}

The Cox model with biomarker information is given by

i Cowyiom (£) = ho(t) 'exp{eGFRnorm(g)}

(13)

(14)

(15)

with ¢ denoting the last observation time point of a eGFR value within the observation
period. Since propensity score matching was performed, no covariates are included in

the model.

We note that there is no gain in performance for the joint model compared to the Cox
model (Figure 8). Therefore, in this example, there is no additional value for the more

complex joint model.

21



0.84

P
S

2 0.80

|

o model
<

076 — Cox
$ — Joint
0}

S

= 0.72

0 1 2 3 4 5
Years After Last Measurement

Fig. 8 Assessment of eGFR and Chronic Kidney Disease in the UK Biobank: Evaluation of different
models (joint model, and Cox model with biomarker information) using the time-varying C-index over
a period of five years with an interval of 12 months. Vertical grey lines mark diagnosis time points.

4 Discussion and Outlook

Identifying patients at risk for disease as early as possible is crucial. More and more
statistical methodology is published to perform this task as accurately as possible. One
example is a joint model which combines longitudinal and survival data into a single
model. Furthermore, the availability of primary care data is continually expanding,
providing richer datasets for analysis [32]. However, it was unclear how the quality
characteristics of real-life EHR data influences the performance of the joint models. In
this study, we identified several critical parameters that relevantly influence the perfor-
mance of the joint model. The joint model outperforms the conventional Cox regression
model in scenarios where data contain noise and when the frequency of longitudinal
measurements is increased. The homogeneity of the patients’ progress significantly
influences the performance of the joint model, affected by both the count of patients
showing an observable response and the consistency of the slope in the pre-disease
phase. An increase in sample size substantially reduces the width of the prediction
intervals derived from the iterated results in all models, and therefore increases the
accuracy. In total, there are certainly scenarios in which the joint model outperforms
the cox model - but also many scenarios in which no performance gain is observed.
Therefore, the application of the more complex joint model - which is also using the
full longitudinal trajectories, i.e., more information - needs to be considered carefully.
For this purpose, we provide a checklist to allow the analyst to consider if the charac-
teristics of the data offer the potential for a worthwhile application of the joint model.
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When using real-world data to assess the predictive power of (longitudinal) measure-
ments (bilirubin on PBC, eGFR on CKD) using the derived data quality-guidelines,
the expected outcome following the guidelines match the performance outcomes. As all
aspects are fulfilled for the first example, the joint model outperforms the Cox model
in terms of the time-varying C-index, whereas for the second example not all require-
ments are fulfilled, causing that the joint model is not superior over the Cox model.
There are several further direction for research: the way in which the parameters inter-
act with each other and how they may influence each other has not yet been analysed.
For example, there is the possibility of a complex interplay between factors such as
noise, sample size, and the effect being measured. Due to complexity considerations,
an increased frequency of measurements over time, as is sometimes the case for spe-
cific markers, is not modelled. Additionally, due to computational time constraints,
only a limited number of variations per parameter were considered in the analysis.
This restriction suggests that a more thorough examination of a single parameter
could benefit from simulating a larger number of values. Expanding the range of val-
ues for each parameter could lead to a more nuanced understanding of their effects
and interactions, ultimately enhancing the robustness and reliability of the findings.
The joint model can be further modified, as a linear slope after a specific break point
is rarely observed in real-world data. Looking at complex real-world data, joint mod-
els can quickly become complex, especially when multiple events and multivariate
longitudinal observations are involved [33]. For example, the parametrisation of the
current value is used [5], i.e. directly including the longitudinal fit as a covariate for
the survival submodel. However, alternative associations could be explored, such as
interaction effects or time-dependent slopes [33].

It may also be interested to get a better understanding of the quality of EHR data
across data sources and health care system: so far, the data in the UK Biobank [34]
has been used. There, data quality seems to be a challenge for the joint model. How-
ever, it is unclear how representative the EHR data is compared to other biobanks like
BioVU [35] and Singapore Precise [36]. Furthermore, the application of this approach
could extend to other areas of biostatistics, such as clinical trials that lead to a more
consistent data collection and reduced variability, so that the trajectories are likely to
be more homogeneous.

Ultimately, it may be interesting to establish similar guidelines for EHR data analysis
for other types of complex modelling approaches.

This work and specifically the guidelines provided are valuable tools for identifying
quality issues in EHR data and addressing the question of what data quality is required
for the joint model. In addition, it can help in practical applications by providing
insights on how to improve data quality, thereby improving the reliability and validity
of joint modelling outcomes.

5 Conclusions

The research indicates that joint models, which combine longitudinal and survival
data, often surpass traditional Cox regression models, especially in situations with high
levels of data noise and frequent longitudinal measurements. The efficacy of these joint
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models relies heavily on the uniformity of patient progress, as indicated by consistent
observable responses among patients. Moreover, larger sample sizes contribute to nar-
rower prediction interval widths, improving accuracy across all models. Although joint
models may excel in certain scenarios, there are cases where they do not outperform
Cox models, requiring careful consideration before use. Furthermore, the research for-
mulated guidelines for evaluating the quality of real-world data, demonstrating that
following these guidelines can accurately forecast joint model performance.

The study offers valuable guidelines to ensure data quality, aiding researchers and clin-
icians in selecting suitable models. By evaluating joint models alongside traditional
methods, the research enhances statistical methodologies in clinical studies, guiding
analysts in choosing the right techniques based on dataset characteristics. Ultimately,
this study boosts the reliability of healthcare data analysis, contributing to improved
health outcomes.

Declarations

Ethics approval and consent to participate: Data obtained from the UK
Biobank received ethical approval from the North West Multi-Centre Research Ethics
Committee (MREC). All participants provided informed consent to participate in the
study and for their data to be used for research purposes.

Consent for publication: Not applicable.

Availability of data and materials: The simulated datasets used and/or analysed
during the current study are available from the corresponding author on reasonable
request. The real-world data used can be accessed via the R-package JMbayes2 [15]
and by the UK Biobank [34]. The UK Biobank data are not publicly available. Access
to the UK Biobank data is available to researchers who apply for permission through
the UK Biobank’s application process. For more information on accessing the data,
please visit the UK Biobank website at https://www.ukbiobank.ac.uk.

Competing interests: Berit Hunsdieck, Christian Bender and Johanna Mielke are
employees of Bayer AG.

Funding: The authors declare that no funding was received for this research.
Authors’ contributions: BH made substantial contributions to the conception, the
analysis,and interpretation of data. CB made substantial contributions to the con-
ception and substantively revised the work. KI made substantial contributions to the
conception and substantively revised the work. JM made substantial contributions to
the conception and substantively revised the work.

All authors read and approved the final manuscript.

Acknowledgements: Katja Ickstadt acknowledges the support of BMBF and
MKW.NRW within the Lamarr-Institute for Machine Learning and Artificial Intelli-
gence. This research has been conducted using the UK Biobank Resource (Application
28807).

24



Appendix
Additional details on methodology

Simulation of the Baseline characteristics

Baseline covariates are generated based on existing literature to mimic real-world
scenarios. Specifically, the covariates included in the simulation were sex, age, and
smoking status. These standard factors were chosen due to their common causalities
with a broad range of diagnoses. For example, it is well established that smoking
increases the risk of certain diseases, such as lung cancer [37]. By incorporating these
covariates into the simulation, the study aims to better reflect the complexity of real
patient data and to assess how these factors influence the onset and progression of the
disease.

The distribution assumptions for the covariates given in Table 1 were used to evaluate
the different influences of the baseline characteristics on the status of the disease.

‘ Covariable ‘ Distribution in healthy patients ‘ Distribution in sick patients ‘
Age 58 + N(2,6) 62 + N (2,6)
Sex Bin (1/3) Bin (2/3)
Smoking Status Bin (2/5) Bin (2/3)

Table 1 Distribution assumptions for simulated covariates; For Sex: 0=Female,
1=Male; For Smoking Status: 1=Currently, 0=Never (Patients who stopped smoking
ignored)

UK Biobank

The UK Biobank consists of approximately 500,000 community-based participants
aged 40 to 69 years, who were recruited throughout the UK between 2006 and 2010.
All participants provided their informed written consent to participate in the study,
which was approved by the National Research Ethics Service (11/NW/0382). Our
study was conducted under access approval number 28807. In this study a variety of
data were collected, including hospital inpatient data for the entire cohort and primary
care records (including prescribed medications and coded clinical events, including
consultations, diagnoses, procedures, and laboratory tests) for approximately 230.000
participants [34].

Derivation of Parameter Choices Based on Real-World Data

Given individual measurements y(t;;) with their respective time points t;; and diag-
nosis time point ¢; b5, the break point t,Eb) is defined as the specific time at which a
significant change occurs in the behaviour of the measurements y(t;;) for individual .
For now, it is assumed that the trend after reaching the break point is linear, as illus-

trated in Figure 1. Given a data set, we can estimate the parameters mentioned in the
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chapter 2.1 by fitting a piecewise linear mixed-effects model based on the sick cohort.
Therefore, we define 21 ;(t) as the piece before the slope starts, resp. before the mea-
surements are influenced by future diagnosis, and 3 ;(¢) as a piece when the slope is
starting, resp. the measurements are influenced by future diagnosis,

t ,t<bi t—2b; ,tzbi
.%'it: 5 xit:
1i(?) {0 g ) {0 St <b;

Patient A Patient B
0.8
0.7
=06
<
0]
€ . .
[ Patient C Patient D
2 08
[
]
=97 e
PO e
0.6
E -®
[
0 20 40 0 20 40

Months since start

Fig. 1 Example of four trajectories (solid line) assuming a piecewise linear structure with individual

break points at by = 30,bp = 11,bc = 44,bp > 60. Dashed line/dots mark hypothetical measure-
ments.

The piecewise linear mixed-effects model is then defined as

Yi (t) = xl,i(t) + fz,i(t) + El(t)
Toi(t) = wo(t) + 1

An individual effect term, denoted as 7;, is incorporated to capture the individual
slope term in the trajectory following the break point. The estimates given real-world
data can be utilised for subsequent simulations, e.g. to analyse the data quality and
its influence on further predictions. The analysis is carried out using the R package
Ime4 [38].
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Preprocessing of eGFR trajectories within UK Biobank GP
data

To effectively utilise the biomarker data of the Electronic Health Record (EHR), the
simple extraction of biomarker measurements using read codes proves to be insufficient,
and therefore a preprocessing pipeline must be applied.

The eGFR is calculated based on several time-independent characteristics of the
patients and time-dependent levels of creatinine. More concretely, for deriving the
EGFR value of a patient, the formula

. (Ser \“ Ser % Ao .
eGFR =141 -min [ —,1) -max | —,1 -0.99378° . [1.018 if female]
K K

- [1.159 if Black] (1)

given by [39] is used. This equation calculates the estimated glomerular filtration rate
(eGFR) using the CKD-EPI formula, where Scr is the serum creatinine concentration,
k is 0.7 for women and 0.9 for men, and « is -0.329 for women and -0.411 for men.
The serum creatinine concentration within the UK Biobank is given by five different
readcodes, containing two different units (umol/L and mmol/L). Units are aligned
prior to the calculation of the eGFR. The read codes are given by clinical terms
using version 3 (CTV3 or v3). We use the recommended creatinine range for outlier
exclusion as given via the UK Biobank Showcase (see https://biobank.ndph.ox.ac.uk/
showcase/field.cgi?id=30700, accessed: 5.12.2024) by [10.7,127.3]. In order to restrict
to the most relevant range of eGFR values (and to allow for a min-max normalisation
which is only reasonable after the removal of outliers [40]), we include measurements
within the interval [1,150].

For anonymisation purposes, if the combination of unit and read code appears in
fewer than five subject identifiers (SIDs), the associated SIDs should be removed.
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Fig. 2 The mean number of measurements and the corresponding standard deviation for 66 prepro-
cessed biomarkers in the UK Biobank Primary Care data are presented (a), with boxplots providing a
summary for the mean (b) and the standard deviation (c). The analysis considers data collected from
up to five years prior to the baseline visit through to the baseline visit itself. The data distinguished
in red pertain exclusively to individuals with a CKD diagnosis, while the data in blue represent the
entire cohort of UK Biobank participants with Primary Care Data.

Supplementary tables

ICD9 | 585, 5859, 4030, 4031, 4039, 4040, 4041, 4049

ICD10 | 1120, I131, 1132, N18, N180, N181, N182, N183, N184, N185, N188, N189
Table 2 ICD9 and ICD10 Codes Utilized in the Definition of Chronic Kidney
Disease Patients
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Abstract

Hypertension, a leading global cause of death, poses challenges in stabilizing blood
pressure within target values despite various therapeutic options, often necessitating
multiple therapy adjustments and delayed impact assessments. Recently, the first wrist-
based wearable blood pressure measurement devices were introduced which allow for a
continuous assessment of blood pressure trajectories. This enables the development of
statistical methodology for prediction of saturated steady-state of blood pressure under
treatment—and thus allowing physicians to adjust the therapy earlier. As a prerequi-

site for the evaluation of such models and algorithms, it is necessary to simulate reli-
able and realistic hypothetical patient trajectories under treatment with antihypertensive
medication. In this paper, we propose a simulation framework for blood pressure pro-
files through Pharmacokinetic-Pharmacodynamic modeling, which incorporates individual
daily rhythms, patient characteristics, and medication effects. We also propose and eval-
uate two models for steady-state prediction under antihypertensive therapy, a Gaussian
process and a non-linear mixed effect model. When only one day of measurements is
available, the Gaussian process is preferred, but in real-world situations with more data,
the non-linear mixed effect model is favored. It effectively reduces RMSE and bias in
noisy data, outperforming the Gaussian process regardless of sample size.

Introduction

Hypertension is one of the leading causes of death worldwide. While there exist multiple
therapeutic options, stabilization the blood pressure under recommended target values is
challenging and often requires multiple adaptions of therapy. Traditionally, antihypertensive
medicine is prescribed, and the impact of the therapy is only rechecked weeks after treatment
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initiation. Globally, the number of hypertensive patients requiring anti-hypertensive medi-
cation increased from 594 million in 1975 to 1.3 billion in 2019, mainly in low- and middle-
income countries (relative to growth in population) [1]. Starting at a blood pressure of 115/75
mmHg, the risk of death from a heart attack or stroke at ages 35 to 69 years doubles with
every 20-point increase in systolic blood pressure, making it the leading cause of death [2].
High blood pressure accounts for nearly 10% of global health concerns [3]. According to the
current state of the art, the efficacy of the anti-hypertensive drug is not checked in the doc-
tor’s office until a minimum of four weeks after it is taken for the first time. However, if the
patient responds to the drug, an effect can be seen already after a few days [4]. Thus, an incor-
rect medication is identified only after weeks, although it could already be determined after a
few days, whether the corresponding drug responds or not [4].

With the introduction of continuous blood pressure monitoring devices, early identifica-
tion of ineffective medication becomes possible as this allows the physicians to continuously
monitor (remotly) the impact of the therapy on blood pressure measurements. Physicians
would be able to stop and adjust therapy early when it becomes clear that it is not leading to
a steady-state blood pressure level (i.e., the state in which no additional change in blood pres-
sure occurs as a result of further consistent administration) below the recommended targets.
Current cuffless devices on the market are for example a chest patch developed by BioBeat
Technologies [5], a wrist-wearable device developed by Aktiia [6], and a CAR-T ring devel-
oped by Skylabs [7]. We hypothesise that by making use of longitudinal data and statistical
prediction models, sub-optimal blood pressure therapy can be detected even earlier by fore-
casting the expected saturated steady-state level of blood pressure as early as possible. This
may help to identify patients with unsuccessful therapy even earlier.

Although none of these devices were accurately measuring blood pressure, they high-
lighted the need of re-evaluating the current practice of relying on a single blood pressure
measurement in clinical settings [8]. Due to the novelty of wrist-based 24-hour blood pres-
sure monitoring, there neither exists large data bases with relevant patient trajectories under
recently initated blood pressure treatment nor simulation frameworks for generating artifi-
cial data. Therefore, for developing of forecasting methodology it is crucial to simulate real-
istic patient trajectories. In this paper, we propose such a simulation framework based on
Pharmacokinetic-Pharmacodynamic (PKPD) modeling, which incorporates individual daily
rhythms, patient characteristics, and medication effects. In order to integrate realistic patient
covariate pattern, we integrate patient data from the UK Biobank [9].

Based on the simulated data, we develop two approaches to predict the steady state of a
patient’s blood pressure as early as possible. Our approach is, to the best of our knowledge, the
first of its kind with a focus on antihypertensive therapy. Previous approaches aimed to fore-
cast the blood pressure-lowering effect of antihypertensive medication on population level
by identification of risk factors for unsuccessful drug titration for antihypertensive therapy.
However, while these results are relevant for the overall population, none of them exhibits
sufficient flexibility to ensure individual patient-dependent modeling. [10] introduced an
initial approach to individual modeling based on general pharmacokinetic modeling. How-
ever, in this model the trajectory is predetermined by a fixed parametric form, rendering it
less flexible. We optimize and tailor this approach to model patient trajectories under anti-
hypertensive therapy. In addition, we explore Gaussian Processes (GP) which offer even more
flexibility. The models are compared in a simulation study.

Based on simulated data incorporating the circadian rhythm, PKPD effects and measure-
ments errors, the different models are evaluated. When only a single day of measurements is
available, the Gaussian process is the preferred choice; however, in real-world scenarios with
more data, the non-linear mixed effect model is preferred. It significantly lowers RMSE and
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bias in noisy data, surpassing the performance of the Gaussian process regardless of sample
size. Integrating the algorithm into wearable devices presents an innovative way to moni-

tor medication adherence in hypertensive patients. It can predict the likelihood of achieving
blood pressure reduction goals within the next day, allowing for timely adjustments to dosage
and medication if necessary.

A simulation-based framework for patient trajectories under
antihypertensive therapy

The proposed framework aims to generate realistic patient data from continuous blood pres-
sure devices under antihypertensive medication, i.e. a trajectory of the change of blood pres-
sure values. We build our model on the following components:

1. Medication effect: The modeling of the medication effect is the core of our model; we
use a PKPD model to ensure that the simulated data is realistic

2. Circadian rhythm: Since blood pressure varies during the day, we include the daily
rhythm in the model.

3. Inclusion of uncertainty: Since in reality trajectories contain measurement errors, it is
important to include within-day as well as day-to-day variability.

4. Realistic covariate patterns: We leverage UK Biobank data for getting realistic distri-
bution of relevant covariates (e.g., age, sex) in the relevant patient population (hyper-
tensive patient without pre-treatment)—it is known that these covariates influence the
treatment effect and baseline blood pressure values.

Fig 1 provides an example of the individual components for one subject, illustrating the
simulated effects on diastolic blood pressure, taking into account medication effects (a), cir-
cadian rhythms (b), and within-day variability. As different medication groups may yield to
distinct patterns, the simulation will cover a large amount of variation, allowing for the pre-
diction of diverse patterns independent of the underlying medication group. In the following,
we will describe in detail the underlying mechanisms of this figure.

PKPD medication effect

The PKPD modeling of the medication effect is the core of our framework. For each simu-
lated patient, it is assumed that no medication is taken within the baseline period of two days
(e.8. taay € {-2,-1}). The medication phase begins on day 0 (t4,, = 0), with the medication
being administered every morning at 8 a.m. from this point on. The corresponding timeline
is illustrated in Fig 2.

The modeling of the medication effect is done by modeling the concentration-effect
relationship. In pharmacology, this can usually be achieved by different PKPD modeling
approaches. In a PKPD approach, the plasma concentration of the drug as a function of dose
has to be modeled first by using a pharmacokinetic model. Given this time-dependent con-
centration, the effect can be modeled as a function of plasma concentration using a pharma-
codynamic model. This scheme is illustrated in the Appendix, S1 Fig. In the following, we first
describe the PK model and afterwards the PD model.

Pharmacokinetic modeling

Pharmacokinetic modeling uses compartment models to describe plasma concentration.
These models vary in compartment number and absorption rates, such as single or three
compartments in the literature. Although there are already complex compartment model-
ing approaches, a two-compartment model will be applied in the following analysis since
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Fig 1. Example: Simulated trajectory of diastolic blood pressure for a hypothetical patient over a four-day
period. (a) demonstrates the medication effect as predicted by a pharmacokinetic-pharmacodynamic (PKPD) model.
(b) depicts the circadian rhythm’s impact across the duration. (c) presents a combined view, with the circadian and
medication effects overlaid in red, alongside the original data adjusted for within-day variability depicted in black.

https://doi.org/10.1371/journal.pone.0318549.9001
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Fig 2. Timeline of simulated drug administration.

https://doi.org/10.1371/journal.pone.0318549.9002

this model is mainly used for modeling medication effects of blood pressure lowering drugs
[11-13] . This choice is justified by the fact that a two-compartment PKPD model offers a bal-
anced combination of simplicity, appropriateness, and clinical relevance, making it a preferred
choice in many applications [14]. We opt for a widely-used two-compartment effect model,
outlined in [15] and [16], with central plasma, gut, and peripheral tissue compartments, as
visualized in Fig 3.

The underlying equations for the compartment model illustrated in Fig 3 are given by

4O _ g oy

dt
dC(2)(t) _ -(Kio + Ka1) - C(2)(¥) + Ko - C(1)(¢) + Kiz2 - C(3)(2)
dt - 1%6
@ =K1 - C(2) () - Ki2 - C(3)(1) - W
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Fig 3. Relationships within the pharmacokinetic model: Compartmental model parameters C(1), C(2), and
C(3) represent compartments (Gut, Central, Peripheral), K,, K19, K21, and K> denote absorption and transport
rates; Relationships within the Pharmacodynamic model: C(4) represents effect compartment. K, denotes rate
constant for transfer to the effect compartment.

https://doi.org/10.1371/journal.pone.0318549.9003

The parameters are defined as

C(1) : Gut
C(2) : Central (Plasma)
C(3) : Peripheral (Tissue)
K., Kjo :=Rate of absorption
K3 : Rate of transport of the drug from the central to the peripheral
compartment
K, : Rate of transport of the drug from the peripheral to the central
compartment

Ko : Rate constant for transfer to effect compartment. 2)

One important additional parameter is the volume of distribution (or volume capacity,
VC), which is the volume of the central compartment. It relates the total amount of drug in
the body to the plasma concentration of the drug at a given time. The following equation
applies:

VC[L] Amount of drug in the body [mg]

©)

” Plasma concentration of drug [mg/L]

A drug with a high VC tends to leave the plasma and enter the extravascular compartments
of the body. Conversely, a drug with a low VC tends to remain in the plasma, meaning that a
lower dose of a drug is required to reach a given plasma concentration [17].

An increase of Kjo corresponds to the situation that the concentration cannot be held at a
high level for a long time. In general, the concentration is lower and the steady state is reached
faster. An increase in K3; behaves similarly to an increase in Kjo. The general plasma concen-
tration reaches higher values and there are more significant peaks within one day. In addition,
the steady state is reached more quickly. In contrast, an increase in K, leads to a longer time
to reach the steady state, and the decline within individual days is weaker.The steady state
is defined as the plateau where the effect will not increase further. An increase in K, results
in a slight increase in the effective height. An increase in K, affects the pattern of plasma
concentration within a day. It leads to a steeper decrease.
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Parameter choice involves considering factors like time to peak concentration (for blood
pressure medication: 0.25 to 2 hours [18]) and how age and weight impact clearance and vol-
ume capacity [19,20]. A balance between literature values and desired characteristics is essen-
tial to avoid unrealistic drug effect curves. The selected corresponding parameters are listed in
section “Evaluation of proposed prediction approaches”

Pharmacodynamic modeling

Given the plasma concentration the drug effect can be modeled by common pharmacody-
namic models. The specific choice of the concentration-effect relationships needs to consider
that, in real life, the effect of anti-hypertensives will reach the steady state after a few days. For
this scenario, the model typically used in literature is the sigmoid E,,y (cf. [21], [22]).

Given the sigmoid E,.,-model, the blood pressure lowering effect BP, is defined as

CE

Bpeff: Enax - m

4

where CE is the drug concentration and E,,,, can be interpreted as the maximum effect of a
specific drug and ECs as the half-life time, e.g. the time period after which half of the effect
has been achieved. These parameters vary depending on the drug and the subject.

In the literature, it is reported that the anti-hypertensive steady state effect is reached in
approximately five to seven days based on calcium channel blockers [23,24]). This is used as
a reference for simulation. The maximal effect (E, ) directly influences a drug’s maximal
effect, with baseline blood pressure and ethnicity playing roles. Higher baseline blood pres-
sure leads to higher expected absolute drug effects [21]. Ethnicity can also impact drug effec-
tiveness; for instance, the Angiotensin II receptor antagonist Eprosartan has little effect on
blood pressure in Black Africans [25]. The selected corresponding parameters are listed in
section “Evaluation of proposed prediction approaches”

Circadian rhythm. Often the time of day is not taken into account when blood pressure is
assessed [26]. However, for continuous blood pressure trajectories, this is considered a cru-
cial information. We assume a circadian rhythm during the day, which is influenced e.g. by
sleeping phases [27]. An example of such a pattern is displayed in Fig 4.

For the simulation, we use a simplified Fourier construction with two cosine func-
tions [28], which yields

SBP(t) = BSL + amp; - COS(W) +amp; - COS(W) (5)
with
nadir = (BSL - % - change) - (1 + exp(v))
amp; = % - (BSL - nadir) - % - change
- g -\/6 - change - (nadir - BSL) + 4 - change>
amp, = BSL - nadir + amp, . (6)

SBP denotes the systolic blood pressure, BSL denotes the baseline (systolic) blood pressure.
The parameters nadir and change represent patient characteristics. First, nadir is defined as
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Fig 4. Internal study data with eleven voluntary, healthy employees wearing a wearable device for a time frame of

around two weeks. In grey: Individual aggregated circadian rhythms; In black: Mean individual circadian rhythm; In
black (dashed): Simulated circadian rhythm.

https://doi.org/10.1371/journal.pone.0318549.9004

the minimum systolic blood pressure during the night. Second, change is defined as the dif-
ference between the maximum systolic blood pressure during the day and the minimum sys-
tolic blood pressure during the night. The corresponding parameters can be derived from data
given by an internal study. In the internal study, eleven voluntary, healthy employees tested a
wearable device for a time frame of around two weeks.

The individual trajectories as well as the derived simulated trajectory based on internal
study data are given in Fig 4. The specific parameter selection, which results from this, can be
found in the subsequent section.

Variations from the ideal curve: Within-day and day-to-day variability. Noise on the
data should be added for capturing the measurement error present in real-world data. This
noise can fluctuate within a day (intra-daily, within-day) as well as between different days
(inter-daily, day-to-day noise).

To account for additional noise within a day, such as coffee consumption, individual
lifestyle, or environmental impacts, we can introduce variability by adding random noise to
each measurement. For this intra-daily variability, we rely on data from current marketed
wearable devices, such as Aktiia (see https://aktiia.com/de/, accessed on May 11, 2024). It
was estimated that the within-day variability of individual measurements is approximately
5 mmHg. This is consistent with the variability measured in an internal study as well the
variability given in [29].

We assume that the intra-daily variability is independently normally distributed around
zero. When assuming that 5 mmHg corresponds to the 95%-quantile of this distribution, the
final distribution is given by

noiseimm ~ N(O, (5/21_99/2)2) = N(O, 1.942)

for the intra-daily variability.
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In addition, we assume inter-daily variability given by about +8 mmHg. This can be vali-
dated by the internal study as well. Inter-daily variability in the measurements can be caused
by unusual activities like doing sports or being sick. As before, assuming that the inter-daily
variability is normally distributed around 0, the corresponding standard deviation can be
derived by assuming 8 mmHg as the 99% quantile of it’s distribution, which then yields to

noiseier ~ N'(0, (8/21.9912)%) = N'(0,3.11%) .

Covariate-specific impact on blood pressure trajectories

We have already mentioned that covariates like the body weight can have a huge impact on
the blood pressure as well as on the blood pressure lowering effect of anti-hypertensives [20]
and, therefore, some of the parameters introduced above for the PKPD-model are depen-
dent on patient specific covariates. A summary of the hypothesized relationships between
(clinical) covariates and the individual submodels is presented in Fig 5: e.g, we assume that
weight, age and sex both influences the VC and baseline blood pressure. Ethnicity influences
the maximum effect of the antihypertensive drug. Indirectly, all components contribute to
the individual blood pressure profiles. The individual literature sources can be found in the
Appendix, S2 table.

Assuming that we have simulated a dataset with realistic patient characteristics, we now
need to simulate a blood pressure trajectory per patient. For that, we need to consider that
it is known that some parameters from the PKPD model need to be adjusted to account, for
example, for different sex and age. More concretely, according to Fig 5, the above introduced
parameters from the PKPD model, E,,y, VC, and BSL, need to be adjusted by modeling the
impact of the patient-specific covariates (relative to the population mean) by

Ust; = BSLo + Otage - (age; — age) + Qlgex » SeX; + Qyyeight - (weight; — weight)
= BSL; ~ N (upst,i» sdgs; )
fvei = VCo + Vage - (agei — ) + Vuveight - (weight; - weight)
= VCi~ N (yc>sdae)
M = Emaxo + Bost, - (BSLi = BSL) + Betnn - (ethn; - ethn)
= Enaxi ~ N (U s> o) )

Blood
Pressure
Profile

Baseline
Blood
Pressure

Circadian
Rhythm

Fig 5. Impact of covariates on simulated blood pressure profiles; red: Clinical covariates, blue: Variables affected
by covariates essential for PKPD modeling and circadian rhythm, black: Models encompassing circadian rhythm
and medication effects.

https://doi.org/10.1371/journal.pone.0318549.9005
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The above introduced parameters from the PKPD model, BSLj, VCy, and E,;;,y 0, are the
baseline parameters without any influence of additional covariates. The factors ctgge, Xsex,
Clyveights Vages Yweights BBsL» and Begy, are derived by literature review (e.g., see [21,30,31]) as well
as explorative analyses so that the effects given in literature are well expressed. The final val-
ues are given in the Appendix, S5 table. The corresponding reference values, i.e. for ethnicity,
are given by the population means, i.e. denoted by ethn. For the categorical variable ethnicity,
ethn = 0 denotes people of white ethnicity.

Models for forecasting individual patient trajectories

Based on the simulated data, the aim is to model the drug effect on blood pressure and predict
the effect course of anti-hypertensive medication in the early stages of titration phases. Since
the individual courses within a day are irrelevant for this goal, the daily average values are
considered. In this section, we develop a non-parametric (GP) and a parametric (nlme) which
can be used for forecasting individual patient trajectories. Let the time courses be aggregated
by the daily means of the systolic blood pressure for N individuals given in the present data
set. In addition, the covariates height, weight, age, sex, and ethnicity are assumed to be known
for all individuals.

In the following, i, i € {1, ..., N} denotes the individual patient ID and t, t € {0, ...,n,} the
day of observation. fyay, tmax € {1, ..., 1, } is the day of last known observation in test data,
which is constant over all test individuals. Further, y;(¢) is the blood pressure value of indi-
vidual i at day ¢. The corresponding predicted values of individual i at day ¢, t € {1,...,1,},
are denoted as 5’1(2:2 (t) and j/l(zze) (t) based on the GP model and nlme model given t,,,, data
points, respectively.

Parametric approach: Non-linear mixed effects model

In cases where additional information concerning the shape of a curve is available such infor-
mation can be harnessed by a parametric model to optimize the parameters of interest. A
widely adopted model for this purpose is the mixed effects model, which enables the esti-
mation of both population-wide influences and subject-specific effects. In our use case, the
model formula is motivated by [10], where the blood pressure reduction BPregycrion () at time
t is modeled by an asymptotic approach to a plateau given by

t-In(2

with Ry, as the maximal reduction in blood pressure, dt;/, as dynamic half-life time, i.e.,
time to reach 50% of maximal reduction, and ¢ is the time since the beginning of therapy or
taking medication.

To account for uncertainty in the analysis and enable more robust inference and predictive
accuracy despite limited data, we will adopt a Bayesian modeling framework.

For our use case, we need to adjust the model given by formula (8) as our objective is
to model individual patient trajectories. This specifically means that we need to allow for
patient-specific saturation levels R, and patients-specific half lives dt,/,. We also introduce
an additional population-wide parameter w, that allows for additional variations in formula
(8). To avoid high complexity and computational intensity of the model, an individual effect
on w is not considered, as it exerts no direct influence on effect magnitude or time to full
effect. In other words, we assume that the general curve shape depends on w, with variations
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limited to half-life time and effect magnitude among individuals. To ensure that the estima-
tors remain in the positive range, we log-transform the parameters, resulting in the following
equation for the likelihood:

e tn(2) |
yﬁéj(ﬂhﬁzeqﬂﬂhmmwm)'(1‘”W(_(n())) ¥

exp (1112, g

lRmax,i,th = lRmax,pop * il tmax> lt1/2,i,tmax = ltl/Z,pop + i 2, tiax
with 9;¢,.. = (i1, ni)z)T. The priors for the Bayesian framework are given by
IRmaxpop ~ N (1.2,0.1), It1/p0p ~N(0.5,0.2), o ~N(1,0.1) . (10)

resulting from analysing the shape with regard to the known properties regarding mean half-
life time and mean effect size. The model is fitted using Bayesian techniques using the brms R
package [32]. For this model, we assume homoscedasticity, normal-distributed residuals and
independence of individuals.

We assume that data is split in a training dataset (which is used for fitting the model) and
then applied to unseen observations. In practice, the first step needs to be completed prior to
the first application of this approach whereas the application to unseen observations repre-
sents the realistic scenario for a use in practice (novel patients need to get a forecast).

Non-parametric approach: Advanced Gaussian process

GPs provide a non-parametric method for estimating functions, allowing for the fitting of
flexible models which capture the data while quantifying uncertainties in predictions. In hier-
archical GPs, the data follows a nested structure given by a population-based GP and an indi-
vidual GP. The population-based GP captures broad trends, while the individual GPs link
observations to these trends. Prior knowledge enhances predictions [33,34].

To address challenges with convergence of Bayesian estimation as well as extrapolation
problems using GPs, we propose an alternative approach: The proposed step-wise procedure,
here called advanced GP, combines classical likelihood estimation methods and Bayesian
methods in GP modeling. The analytical process consists of fitting a mean population GP to
capture global trends. Residuals are then calculated. A Bayesian approach refines the model
by estimating individual effects using training data. This completes the model building. For an
estimation of effects on previously unseen data, we match the unseen observations to the sub-
jects from the training data, identify trajectory-like data and make use of those for an accurate
forecasting of the blood pressure saturation levels. More concretely, we follow these steps:

1. Fit of Mean Population Gaussian Process: In the initial step of our analysis, we fit a mean
GP Peanp(t) given by

Pmeanp(D|(Vi(1)s1) ~ N (Hmean(t)s Zimean(t)) (11)

given the squared exponential kernel

(12)

k(x,x4) =0" - exp (_(x—x*))

2P
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Therefore, first the hyperparameters 6 = (1,0) are fitted by optimizing the log
marginal likelihood

1 1
In p(y|X, 6) = —EyTK’ly - Sl K +o,1] - gln(Zn') , (13)

given the training data {(¢,y:(t)) : t € {0, ..., n, }, individual i included in training subset}

which provides the necessary tools and functionalities for GP modeling. Given the fit-
ted kernel k for the fitted hyperparameters 8 = (I, &), the fitted GP is used to estimate
fx-fx € R"™*! denotes the the estimated mean population values, which are be derived
by

Sl (X X, f) ~ N (K (X4, X) - K(X,X)'f,
R(Xu Xs) - (K(X0, X) - K(X,X) N (K(X,Xx)),  (14)

with (X,f) = {(t,5:(t)) : t €{0, ..., n, }, individual i included in training subset} given
X* = (O, ee s no).

. Calculation of Remaining Residuals: After fitting the mean GP model, we calculate the

remaining residuals

€i(t) = yi(t) = Imeance(t) - (15)

These residuals represent the differences between the observed data points and the
values predicted by the GP model.

. Bayesian Fit of GP for Training Data: Moving forward, we transition into a Bayesian

framework for model fitting. Specifically, we apply Bayesian methods to fit GP models
on the remaining residuals €;(¢), so that the corresponding estimates ¢;(t) are given by

&i(t) ~ N (Winaiv(£)> Zinain (£)) (16)

at the individual level within the training data set. This Bayesian approach allows us to
quantify uncertainties, and make probabilistic predictions based on the observed data.

. Bayesian Gaussian Process Modeling for Test Data: When dealing with the test dataset,

we employ a slightly different strategy. We identify a pre-selected number of individuals
from the training data that are closest to each test case. To determine this proximity, we
use a distance measure, specifically the smallest Euclidean distance

disty,,. (€ir€j) = \' tmzaf(ei(f) -€i(1))? (17)
t=1

computed from the residuals of the GP models calculated in step 2. The data of these
five nearest individuals are selected to inform the subsequent modeling step and to
serve as the basis for our Bayesian fitting of a GP. The selection process is driven by the
need to have a representative and informative subset for modeling the test data, allow-
ing us to leverage the information contained within the training data set. The resulting
distribution is given by

éi(t) |snearest,i,tmax ~ N (ﬂindiv(t)x zindiv(t)) > (18)
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where Syearest, it cOntains all data of the nearest training IDs and the data up to day
tmax Of individual i.

Combining the results of step 1 to step 4, the individual effect estimate j/l(gyii (t) for individual
iat time t is given by

)A}l(gnii(t) :}A’mean,GP(t) + éi(t) . (19)

Evaluation of simulation framework and comparison of statistical
models

In this section, we describe how we use the proposed simulation framework to generate real-
istic patient trajectories. Afterwards, we explain how we test the two proposed forecasting
approaches, namely the non-linear mixed-effects model and the advanced GP. We aim to
compare the performance of the parametric and the non-parametric model for different
simulation settings.

Simulation of realistic patient characteristics

In a simulation study, it is necessary to simulate a realistic set of covariates of each patient. In
order to generate realistic patient-dependent datasets, we need to ensure that the underlying
baseline characteristics are representative for a patient population (with high untreated blood
pressure). Modeling realistic distributions of the covariates (e.g., generating a dataset with
artificial patients with specific sex, age, height) can be achieved by mimicking a given data set
of hypertensive patients and their covariates. One way to obtain a large data set of hyperten-
sive patients without medication is given by the UK Biobank [9]. The UK Biobank gives access
to detailed phenotype information as well as real world information regarding health status,
genetics, clinical tests and many other parameters for around 500.000 adults across the UK.
For the retrieval of realistic distributions of covariates, we focus on on patients reported not
to take any antihypertensive medication, but still having a diastolic blood pressure of at least
90 mmHg or a systolic blood pressure of at least 140 mmHg which corresponds to so-called
hypertension stage 2 (see Appendix, S1 table).

Evaluation of proposed prediction approaches

We aim to compare the proposed approaches in a simulation study. For that, we conducted an
analysis based on 50 bootstrap test data sets. We employed a train-test split ratio of 2/3 to 1/3
to evaluate the model’s performance. For the patients from the training dataset, all observa-
tions from day 0 to day 10 are included. For patients from the test dataset, we aim to mimic
the situation in practice and therefore only include data for the one individual of interest
with data spanning from day 0 to day #,,,, (Where 1 < t,,,c <5). We aim to predict the blood
pressure level at day ¢ = 10.

We vary the number of days to be included for the test data () from 1 to 5 to identify
the minimal number of observations for solid predictions. We vary the number of subjects
(N € {60,120,200}) to estimate a minimum sample size for the different approaches. Lastly,
the influence of different numbers of neighbours for the GP are compared given two cases,
namely 5 and 10 nearest neighbours.

The PKPD parameter choices for simulating the corresponding patient trajectories can be
found in S3 table.

For the evaluation of the proposed methodlogy, we focus on two different strategies:
Firstly, the model-based predicted blood pressure curve can be compared with the true “raw”
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value (without noise). However, in a real-world setting, this value is always influenced by
noise. Therefore, it is sensible to consider a second scenario, in which the estimated value is
compared with the underlying measured noisy value, i.e. the observed value. We assess the
models’ quality of fit by calculating the bias and the root mean squared error (RMSE) per day.

Results

As outlined in previous chapters, the covariates must be simulated first in order to simu-

late the trajectories. This will be done based on the UK Biobank. A normal distribution is
assumed, whereby the mean value and the standard deviation are estimated based on the UK
Biobank cohort. Therefore, the UK Biobank patients with a systolic blood pressure of at least
140 mmHg or a diastolic blood pressure of at least 90 mmHg and no ongoing medication

are obtained. The distribution of age and weight, separated by sex and ethnicity, is given by
Table 1.

The resulting simulated dataset is based on these simulated covariates. Three concrete
examples of simulated patient trajectories are given in Fig 6. The simulation incorporates both
individual covariate-specific effects as well as within-day and day-to-day variability. It is noted
that if specific characteristics of a mediciation class would be known (e.g., a specific half life),
these could be easily integrated into the simulation framework. First, we compare the red lines
(without noise) and note that the individual patient characteristics (gender, age, height, size,
ethnicity) highly influence the observed trajectories. For example, Patient 2 observes a higher
reduction of blood pressure. The introduced variability leads to further variation which are
visible in the observed data (black dots).

Before systematically comparing the properties of the proposed forecasting approaches
in the described simulation study, we aim to illustrate the characteristics in a single-patient
example. In Fig 7 an example of individual predictions based on the different model types are
given. The cohort size is given by N = 200. The forecasting tasks changes based on the available
information from left to right: In the figure on the left, blood pressure measurement has only
been measured for a single day after initiation of treatment. From left to right, more and more
days of observations are given so that on the right, we have five days of blood pressure mea-
surements given, which can be used for predicting the further course of blood pressure. In
yellow, the corresponding predicted curve of using the GP with 5 nearest neighbours is given.
In blue the non-linear mixed effects model is used for prediction. The black curve marks the
underlying real trajectory without noise. It has been observed that, with limited informa-
tion, the GP estimates the true curve more accurately than the nlme model. However, as more
days of measurements are provided, the nlme model begins to outperform the advanced GP.

Table 1. Summary statistics of covariates age (in years), weight (in kg), and sex in patients with hypertension
stage 2, i.e., diastolic blood pressure greater than 90 mmHg or systolic blood pressure greater than 140 mmHg
(see Appendix, S1 table), in the UK Biobank data.

Sex Ethnicity Covariate Mean Standard deviation| Cohort size
Female Black Weight 823 |16.8 2.228
Age 542 |7.94
Female White Weight 73.3 |14.7 109.327
Age 59 |7.19
Male Black Weight 86.5 |14.4 1.025
Age 51.6 |7.95
Male White Weight 86.3 |13.8 79.705
Age 572 |7.92

https://doi.org/10.1371/journal.pone.0318549.t001
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Patient 1: Female, White, 163 cm, 79 kg, 50 Years
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Days after first medication

Fig 6. Simulated trajectories of systolic blood pressure after taking anti-hypertensive medication of three
hypothetical patients. The red line corresponds to the raw blood pressure curve without any noise.

https://doi.org/10.1371/journal.pone.0318549.9g006
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Fig 7. Prediction of individual effect curve using a non-linear mixed-effects model (nlme) and an advanced Gaussian process model (GP) with five nearest
neighbours, given tuax, tmax € {1,...,5}, days of measurements. In black: true curve of medication effect. The dots represent the observed values.

https://doi.org/10.1371/journal.pone.0318549.g007
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Specifically, after five days of measurements, the estimated trajectory closely aligns with the
true (unobserved) trajectory.

Generalising this to the full cohort with N = 200 patients, we will further focus on the
comparing the predicted blood pressure values to the observed (noisy) values since in a real-
world data setting, the true underlying values without any noise are not accessible. To ensure
robustness, 50 datasets are simulated and the performance is compared.

First, the bias and rmse results are evaluated on a daily basis as illustrated in Fig 8. With
a maximum absolute bias of approximately 1 mmHg all models are almost unbiased. While
for the nlme model, we observe that adding in more information, i.e., increasing the num-
ber of available days with measurement, improves the performance by lowering the RMSE,
the same is not true for the GP models: there, the RMSE is not reduced if more data is added.
Looking at the RMSE and bias based on the noise-free values (see Appendix, S2 Fig), similar
observations can be made.

One possible reason for this could be that the non-linear mixed-effects model implicitly
has access to all training data during fitting. When NLME models are fitted to the data, they
integrate information from both the fixed and random effects. The random effects are cap-
turing the variation between different entities or subjects in the data set. In the GP models,
only the population mean of these data points influences the model, while the individual fits
of the residuals have access to only a fraction of the training data. Therefore, the NLME model

Bias based on observed values
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i | i | i
1 1 1 )
1 1 1 1 Model type
| 1
! — GP on fitted-10
| ) | 1
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Fig 8. Root mean squared error (RMSE) and bias across days (£ =0...., 10) compared to actually observed values, models (non-linear mixed-effects
model (nlme) in blue, Gaussian process (GP) with five resp. ten nearest neighbours in yellow resp. red) (fyax = 1, ..., 5, vertical line).

https://doi.org/10.1371/journal.pone.0318549.9008
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may have the capability to fit the data more accurately, leading to a lower RMSE. This could be
especially true when the data contain a significant amount of noise or individual variability.

Looking at the performance of both models, the advanced GP performs slightly better for a
single day in terms of RMSE, while the nlme approach demonstrates improved performance
over time based on the bias as well as the RMSE. Therefore, the GP is the preferred method
only if very limited data is available.

These findings appear also independent across a wide range of realistic sample sizes (N =
60 to N = 200). We also note that there is no major gain in performance if more subjects are
added (see Appendix, S3 Fig) indicating that the saturation level in terms of performance is
reached early.

Conclusion and outlook

This paper presents a novel simulation framework for generating blood pressure profiles,
which integrates Pharmacokinetic-Pharmacodynamic modeling with individual daily
rhythms, patient characteristics, and medication effects. This model is very transparent and
highly flexible and therefore can be adjusted to different medication classes. Also, the under-
lying patient characteristics are taken into account—allowing for tailoring to a target patient
population, for example if inclusion/exclusion criteria for a clinical trial are already known.

Additionally, two models for predicting steady-state responses under anti-hypertensive
therapy are developed and applied, namely an advanced Gaussian process and a non-linear
mixed effect model. In scenarios where only one day of measurements is available, the Gaus-
sian process is the preferred choice. However, in the real-world setting including more data
is preferred. When multiple days of data are available, the nlme model becomes the preferred
choice. It significantly reduces the RMSE as well as the bias for data with noise compared
to the Gaussian process and demonstrates superior performance independent of the given
sample size.

The algorithm’s potential integration into wearable devices offers a innovative solution for
monitoring medication adherence in hypertensive patients. The algorithm has the capabil-
ity to provide a current probability or forecast of whether the patient will achieve the desired
blood pressure reduction goal within the next day. This information can be used to make early
adjustments to the dosage and medication if needed.

A growing interest has emerged in forecasting the individual effects of anti-hypertensive
medications. This trend is supported by recent studies, including [36], which explored the use
of machine learning algorithms to predict responses to antihypertensive therapy.

This innovative approach, leveraging real-time assessments through wearable technology,
streamlines monitoring, enhances treatment effectiveness, and contributes to better blood
pressure control. This integration signifies a promising step towards personalized healthcare
for hypertension management. In further steps, the different algorithms have to be tested on
real-world data to re-evaluate its performance and robustness given real-world data.

Appendix
Supporting information
Simulation

S1 Table. Overview of systolic and diastolic blood pressure (SBP and DBP) ranges for
different hypertension stages [37].
(JPG)
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S1 Fig. Pharmacokinetic-Pharmacodynamic scheme. top left: Relationship between time
and plasma concentration given a single dose, top right: Relationship between plasma con-
centration and effect given a single dose, bottom: Relationship between time and effect given
a single dose (based on [38]).

(TIF)

S2 Table. Literature sources for the influence of covariates. Based on Fig 5.
(JPG)

S3 Table. Parameter choices for simulating the circadian rhythm, based on internal study
c.f. [39]. The parameters for the average circadian rhythm are determined based on the
parameter estimators provided by [39] and are further modified by the parameters derived
from the average circadian rhythm observed in the internal study (see Fig 4).

(JPG)

S4 Table. Parameter choices for simulating the medication effect using Pharmacokinetic-
Pharmacodynamic (PKPD) modeling assuming normal distribution; For E,,,, covariate
effects need to be added (see S5 tab).

(JPG)

S5 Table. Parameter choices for simulating the influence of the covariates Age, Weight,
Ethnicity, and Sex, on baseline blood pressure (BSL), maximum effect (E,,;,), and volume
capacity (VC).

(JPG)

Modeling approaches

Derivation of model formula for non-linear mixed effects model. The equation can be
motivated by the cumulative distribution function of the exponential distribution

flx)=1-€7, 1ER (20)
which is generalized by
flx)=a-e"*, Aab,ceR (21)

so that the plateau value denoted by a and the factor b determining the time to reach the
plateau can vary. Additionally, in our application zero must be mapped to zero since there is
no medication effect prior to the first dose, which leads to

f(x) —a- e—bx+ln(a) , (22)

which finally leads to formula (9).
Results

S2 Fig. Comparing predictive accuracy based on noise-free values. Root mean squared
error (RMSE) and bias across days (£=0..., 10) based on values without noise, models (non-
linear mixed-effects model (nlme) in blue, advanced Gaussian process (GP) with five resp. ten
nearest neighbours in yellow resp. red), and known measurements (¢,0x = 1, ..., 5).

(TIF)

$3 Fig. Comparison of sample size effect on root mean squared error (RMSE) and bias
for observed values and noise-free values. Given five days of measurements: (Non-linear in
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yellow) mixed-effects model (nlme) in blue, advanced Gaussian process (GP) with five nearest
neighbours. We assess the impact of different sample sizes on the model performance using
the five nearest neighbours for the GP model. Three different scenarios are analysed, given by
sample sizes of N = 60, N = 120, and N = 200. Again, for robustness 50 datasets are simulated
and assessed for each case.

The RMSE as well as the bias are evaluated for noise-free and noisy values given 5 days of
measurements. It can be seen that increasing the sample size will not change the models per-
formance in terms of the RMSE, neither looking at the noisy nor the noise-free values. Look-
ing at the bias, a higher sample size does not change the bias of the nlme model. Using the GP
model, a higher sample size can reduce the bias.

This suggests that, given the data assumptions (such as noise, rhythm, effect size, etc.), a
sample size of approximately 120 patients would be sufficient to make an adequate prediction
based on 5 days of provided measurements.

(TIF)
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