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Abstract

Introduction: With its threshold-based approach, the quasi-experimental regression dis-
continuity design (RDD) represents an alternative to randomised controlled trials (RCTs). It
enables the formation of comparable groups and their examination using regression analysis
when random group assignment is not feasible, for example for ethical reasons. However,
when evaluating longitudinal data with repeated measures, as it is often the case in health-
related fields, the RDD reaches its methodological limits. In order to analyse longitudinal
data and time effects in the outcome, linear mixed models (LMMs) for repeated measures
are often used. Therefore, combining both approaches merges two methodological challenges

and offers a comprehensive and integrated solution.

Aims and Objectives: The central aim of the cumulative dissertation is the methodological
development of the RDD approach for the low-bias identification of causal effects in longitu-
dinal data with repeated measures. At the same time, the approach is to be opened up for the
health sciences and its practical applicability strengthened. Therefore, the work pursues two
interlinked objectives: i) the introduction and application of the classical RDD approach in

health sciences (articles 1 and 2) and ii) its extension to analyse repeated measures (article 3).

Methods: The methodological extension of the RDD for repeated measures is based on
the standard RDD and its combination with LMMs for repeated measures. Therefore, the
first article presented the mathematical fundamentals of the standard RDD approach and
guidelines for its implementation using statistical software, as well as a worked example in
health research. Furthermore, another section of the methodology part of the dissertation
presented the fundamentals and the mathematical notation of LMMs for repeated measures

in the context of health sciences.

Applications and Results: Based on the conceptual principles of the univariate standard
RDD approach, its application in the clinical setting was demonstrated in the second article
using a subgroup analysis within the framework of the new form of care integrated cross-
sectoral psycho-oncology (nFC-isPO) in order to highlight the relevance of the method for
quasi-experimental designs in health services research. Hence, this analysis highlights the
limitations of the standard RDD for longitudinal data and identifies a significant research
gap in the application, as repeated measurements cannot be taken into account yet. Based
on this finding, a methodological extension was developed in the context of the third article,
which combines the RDD approach with an LMM for repeated measures, thereby enabling
the analysis of longitudinal data. The consistent mathematical notation of the combination

of both approaches was derived in a generalised form. To illustrate its practical relevance and
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test the feasibility, the new LMM-RDD approach was applied to the data from the nFC-isPO.

Conclusion: The results indicate that the proposed LMM-RDD increases the precision
and interpretability of estimated effects in longitudinal data settings and enables a more
nuanced investigation of time-dependent treatment effects compared to the standard RDD.
The detailed description of the mathematical notation and implementation steps ensures an
easy replication and facilitates its transfer into applied medical research. This work therefore
makes a significant contribution to the further development of medical statistics and provides
a practical set of tools that will help to achieve reliable, evidence-based results in clinical trials
in the long term. In summary, this work contributes to the methodological advancement of
the quasi-experimental RDD for repeated measures in health research and to the further
development of alternative study designs, including their analysis methods, and opens up

new perspectives for their application in clinical research.
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Summary in German

Einleitung: Das quasi-experimentelle Regressionsdiskontinuititsdesign (RDD) bietet mit
seinem schwellenwertbasierten Ansatz eine Alternative zu randomisierten kontrollierten Stu-
dien (RCTs). Es erméglicht die Bildung vergleichbarer Gruppen und deren Untersuchung
mittels Regressionsanalyse, wenn eine zufillige Gruppenzuweisung - beispielsweise aus ethi-
schen Griinden - nicht moglich ist. Bei der Auswertung von Léngsschnittdaten mit wieder-
holten Messungen, wie sie hdufig im Gesundheitsbereich vorkommen, st6kt das RDD jedoch
an seine methodischen Grenzen. Um Léngsschnittdaten und Zeiteffekte auf das Outcome zu
analysieren, werden vielfach lineare gemischte Modelle (LMMs) fiir wiederholte Messungen
verwendet. Die Kombination beider Ansétze vereint daher zwei methodische Herausforderun-

gen und stellt somit eine umfassende, integrierte Losung bereit.

Ziele und Zwecke: Das zentrale Ziel der kumulativen Dissertation ist die methodische Wei-
terentwicklung des RDD-Ansatzes zur verzerrungsarmen Identifizierung kausaler Effekte in
Langsschnittdaten mit wiederholten Messungen. Parallel dazu soll der Ansatz fiir die Ge-
sundheitswissenschaften zugénglich gemacht und seine praktische Anwendbarkeit gestarkt
werden. Aus diesem Grund verfolgt die Arbeit zwei miteinander verkniipfte Zwecke: i) die
Einfithrung und Anwendung des klassischen RDD-Ansatzes in den Gesundheitswissenschaften

(Artikel 1 und 2) und ii) dessen Erweiterung zur Analyse wiederholter Messungen (Artikel 3).

Methoden: Die methodische Erweiterung des RDD fiir wiederholte Messungen basiert auf
dem Standard-RDD und dessen Kombination mit LMMs fiir wiederholte Messungen. Daher
befasst sich der erste Artikel zunéchst mit den mathematischen Grundlagen des Standard-
RDD-Ansatzes, stellt Leitlinien fiir dessen Umsetzung mithilfe von Statistiksoftware bereit
und zeigt anhand eines Arbeitsbeispiels aus der Gesundheitsforschung die Anwendung. In ei-
nem weiteren Abschnitt des Methodikteils der Dissertation wurden dariiber hinaus die Grund-
lagen und die mathematische Notation von LMMs fiir wiederholte Messungen im Kontext der

Gesundheitswissenschaften vorgestellt.

Anwendungen und Ergebnisse: Basierend auf den konzeptionellen Prinzipien des univa-
riaten Standard-RDD-Ansatzes wurde dessen Anwendung im klinischen Setting im zweiten
Artikel anhand einer Subgruppenanalyse im Rahmen der neuen Versorgungsform der inte-
grierten sektoriibergreifenden Psychoonkologie (nFC-isPO) demonstriert, um die Relevanz
der Methode fiir quasi-experimentelle Designs in der Versorgungsforschung hervorzuheben.
Diese Analyse verdeutlicht somit die Grenzen des Standard-RDD fiir Langsschnittdaten und
identifiziert eine erhebliche Forschungsliicke hinsichtlich der Anwendung, da wiederholte Mes-

sungen bislang nicht berticksichtigt werden konnten. Auf Basis dieser Erkenntnis wurde im
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Rahmen des dritten Artikels eine methodische Erweiterung entwickelt, die den RDD-Ansatz
mit einem LMM fiir wiederholte Messungen kombiniert und damit die Analyse von Léngs-
schnittdaten ermoglicht. Die konsistente mathematische Notation der Kombination beider
Ansétze wurde in einer verallgemeinerten Form abgeleitet. Um die praktische Relevanz zu
veranschaulichen und die Durchfiihrbarkeit zu priifen, wurde der neue LMM-RDD-Ansatz

auf die Daten aus dem nFC-isPO-Projekt angewendet.

Schlussfolgerung: Die Ergebnisse zeigen, dass das vorgeschlagene LMM-RDD die Genau-
igkeit und Interpretierbarkeit der geschétzten Effekte in Langsschnittdaten erhéht und im
Vergleich zum Standard-RDD eine differenziertere Untersuchung zeitabhéngiger Behand-
lungseffekte ermdoglicht. Die detaillierte Beschreibung der mathematischen Notation und der
Implementierungsschritte gewahrleistet eine einfache Reproduzierbarkeit und erleichtert die
Ubertragung in die angewandte medizinische Forschung. Diese Arbeit leistet somit einen
wichtigen Beitrag zur Weiterentwicklung der medizinischen Statistik und stellt ein prakti-
sches Instrumentarium bereit, das langfristig dazu beitragen wird, zuverléssige, evidenzba-
sierte Ergebnisse in klinischen Studien zu erzielen. Zusammenfassend tragt diese Arbeit zum
methodischen Fortschritt des quasi-experimentellen RDD fiir wiederholte Messungen in der
Gesundheitsforschung sowie zur Weiterentwicklung alternativer Studiendesigns einschliefslich
ihrer Analysemethoden bei und erdffnet neue Perspektiven fiir deren Anwendung in der kli-

nischen Forschung.
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1 Introduction

In scientific research, empirical studies are conducted to obtain information, i.e. investigations
are carried out to confirm or reject hypotheses and gain new insights into certain processes,
e.g. new treatment methods in clinical studies. These so-called experiments are therefore
used to investigate or test cause-and-effect relationships, i.e. causality, causal effects or causal
inferences [1-3|. For this purpose, Rubin formulated a model in 1974 [4] that mathematically
defines causality as the average causal effect (ACE), also known as the average treatment
effect (ATE). The causal effect results from the difference between two possible outcomes
of an observed individual - the hypothetical (‘potential’) outcome with treatment and the
hypothetical outcome without treatment. Since these two conditions cannot be realised si-
multaneously for the same individual, the effect is determined across groups of individuals.
In other words, experiments on causality analyse the influence of at least one independent
variable, e.g. a new drug compared to a placebo, on one or more dependent variables, e.g.
laboratory parameters such as blood values. In order to create structural equality, i.e. to
limit bias, individual test subjects, e.g. patients, are therefore assigned to the various inde-
pendent variable characteristics or groups at random. With this approach, the experiments
achieve a high degree of internal validity, i.e. the observed effects can actually be attributed

to the independent variable and are less likely to be biased by confounding factors (see figure

1).

Quasi-Experiment
e non-random group allocation

e limited control of confounders

e lower internal validity
(causality less evident)

e higher external validity
(realistic/less controlled

erctifing) (True) Experiment
e random group allocation

e high control of confounders

e high internal validity
(causality highly evident)

external validity

o lower external validity
(controlled setting)

internal validity

Figure 1: (True) experiments vs. quasi-experiments and internal and external validity [1-3].

Besides internal validity, there is also external validity, which indicates the generalisability
of the results beyond the specific controlled experimental setting. External validity depends
on the extent to which an controlled experiment, i.e. the study environment including its

sample and procedures, represents the broader population to which the conclusions intended
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to be applied (see figure 1) [1-3].

The strongest experiments for clinical trials with the highest level of evidence (methodologi-
cally high quality) are randomised controlled trials (RCTs), which are considered the practical
gold standard for causal conclusions [5, 6]. However, random allocation of patients is often
not feasible or even unethical because, for example, there is already an effective treatment
that cannot be withheld from a patient group. For this reason, alternative study designs
with the highest possible level of evidence are required in addition to RCTs and systematic
reviews of RCTs [7].

Quasi-experiments provide a promising approach in some of these settings. These classes of
designs are suitable alternatives in real-world settings as there is a high potential to study
patient groups that would not or cannot participate in a RCT [8, 9]. Like experiments, they
test causal hypotheses, i.e. they investigate the effect of one or more independent variable on
one or more dependent variable, but without the comprehensive control of a real experiment,
in particular without randomised group assignment. However, in order to control for con-
founding factors and consequently ensure internal validity, appropriate statistical methods
must be used to determine causal relationships with as little bias as possible. Even if con-
founding factors are adequately controlled, the internal validity of quasi-experimental studies
can be high, but does usually not reach the internal validity of a true experiment. However,
this does not apply to the external validity of quasi-experiments, which can be even higher,
as they are often conducted under more realistic, less controlled conditions (see figure 1)
[2, 3, 10, 11].

The foundation for the variety of experimental and statistical conclusions was laid by R.
Fisher in 1935 [12]. Around 30 years later, Campbell and Stanly introduced and established
the terminology of quasi-experimental study designs for the first time in 1963 [3]. They de-
scribed the use of comparison groups as in experimental studies, but without randomised
group allocation [13|. Due to the lack of randomisation, the formation of comparison groups
respectively the control for confounding must be carried out differently [10].

A frequently used method of forming comparison groups is to use historical controls based on
data available before the start of the study intervention. However, there may be systematic
differences between the observations of the historical control group and the treatment group,
e.g. due to differences in the standard of care, or due to incomplete or non-standardised data
from the historical controls, which may lead to deviations in the primary endpoint and thus
a lower comparability of the data [14]. Another way to create comparable groups is to use
matching methods such as propensity score matching (PSM). PSM creates equality between
treated and untreated groups by matching subjects with similar propensity scores (PS). A PS
is the probability that a subject will receive the treatment based on observed characteristics
(e.g. age, gender, health status, etc.). It is usually estimated using logistic regression and is
therefore also called a predictive model. Nevertheless, this approach bears the problem that
the matching may be biased because important influencing variables were not measured or
recorded. Furthermore, it is possible that too few PS pairs overlap, which reduces the sample
size [3, 15-17]. The quasi-experimental difference-in-difference approach offers another way

to compare groups and estimate causal effects. Treatment effects are estimated by comparing
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the treatment and control groups before and after the intervention. For example, groups can
be formed in different areas e.g. different hospitals with the same standard intervention,
whereby the new intervention is only implemented and carried out in one of them during the
study period. Nonetheless, a central assumption of this approach and the way the groups are
formed is that the trends of the treatment and the control group under standard intervention
run parallel, which is a strong assumption when comparing groups, especially in spatially sep-
arated groups in different hospitals. Moreover, possible structural differences must be taken
into account in the final evaluation, which is why possible additional sensitivity analysis must
be carried out. Also external influences can lead to larger differences in the results, especially
if only one group is influenced [18-20].

Another commonly used option is to observe the sample as a whole, rather than forming
groups, and then apply regression modelling and include confounding factors as covariates to
estimate the impact of these factors on the outcome. With this approach, however, only the
measured variables can be controlled, and often not all confounding factors can be measured.
Furthermore, it is commonly the case that supposedly unimportant factors are overlooked at
the beginning of the study, so that unobserved confounding factors can further distort the
results. And even if confounding factors are controlled for, causality in observational studies
is not certain - it remains an approximation [21]. Moreover, incorrect modelling assumptions
are problematic because if, for example, a linear relationship between variables is wrongly

assumed when in reality a non-linear relationship exists, estimates could be biased [22].

So although there are several alternatives to randomised group allocation, each of them has
minor or major disadvantages. However, there is another alternative in the field of quasi-
experiments, the regression discontinuity design (RDD). This approach is much closer to an
RCT than those mentioned above and therefore has significantly fewer of the disadvantages

mentioned.

1.1 Development of the regression discontinuity design

The quasi-experimental RDD is an alternative approach to test causal inferences (for defini-
tions, see section 1 Introduction) by using a cut-off on a continuous scale to assign groups,
e.g. to divide patients into a treatment and a control group. These groups are then com-
pared using regression models, or more precisely, a regression is estimated below and above
the cut-off. If the regression lines show a jump (discontinuity) at the threshold, the differ-
ence can be interpreted as a causal effect of the treatment. The most important assumption
here is that the two groups are very similar near the cut-off, and that the allocation is
therefore quasi-random. This is usually achieved by limiting the comparison to a predefined
bandwidth around the cut-off [23-25]. Just like the difference-in-difference approach, it is
a method which is primarily known from the field of econometrics. However, history shows
that several disciplines (psychology, statistics, econometrics) have worked independently on
the development and application of RDD [26, 27]. The first research results for the later
RDD were provided by Cambell and Thistlethwaite in the year 1960 in the field of education
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and psychology [28]. Both are best known for their research on quasi-experimental designs,
particularly their work on evaluating research questions in which thresholds could be used
for group allocation and thus measure causal effects when randomisation was not possible.
In 1963, Campbell, together with Stanley, continued to work on quasi-experimental designs,
especially the RDD, and provided further conceptual explanations focusing on issues such as
selection bias and, in particular, local randomisation around a cut-off. However, they could
not provide statistical evidence at this time. They only briefly discussed statistical analysis
options for measuring effects, such as the use of a t-test or an analysis of covariance directly
at the cut-off value. Also, they emphasised the importance of parallel and linear slopes in
relation to the RDD between the assignment and the outcome variable on both sides of the
cut-off value. Non-linearity, in contrast, was only briefly addressed with suggestions for data
transformations or non-parametric regression approaches |26, 29].

In the 1970s Campbell continued to work on the RDD [26], supervising, among others, a
dissertation by Joyce Sween [30], who introduced two innovations to the topic of RDD. First
she argued that the RDD should not be viewed as a mere observational study but rather as
an experiment, because a reliably implemented RDD generates the best knowledge about the
group selection process, which in turn gives the experiment inferential power. Furthermore
she described the handling of non-linear data in detail and showed within an example that
the discontinuity, which occurred using a linear model, disappeared when using a quadratic
model. In addition, Campbell and another student, T. Cook, worked more intensively on
optimising the internal validity of RDD in comparison to other quasi experiments [26, 31].
Parallel to Campbell, other groups from the fields of psychology and statistics formed in
the 1970s to focus on RDD. One of the later members of such groups, especially at North
Western University, was William M. Trochim [26]. Trochim expanded the considerations and
discussions on internal validity (see figure 1) as part of his research on RDD. In his 1984
book, he also describes the fuzzy RDD in more detail compared to the sharp RDD, thereby
contradicting Campbell’s statement that RDDs are only applicable in situations in which
the groups are clearly assigned. Furthermore, Trochim is increasingly concerned with the
practical and empirically testable assumptions of the RDD, thus introducing it to broader
evaluation research and popularising it outside psychology [26, 32].

Despite its spread use in psychology and statistics, methodological work on the RDD stag-
nated in the 1990s [26]. However, from a methodological point of view, there were very similar
approaches over the years, though under different designations. For example, there is a pub-
lication by Finkelstein et al. from 1996 that describes the construct in a clinical-statistical
context under the name ‘risk-based allocation method’, but without linking it to the RDD
described by Campbell or Trochim [26, 33, 34]. Also in the mid-1990s, researchers such as
Angrist and Imbens addressed the issue of causal inference in econometrics and coined the
term local average treatment effect (LATE) for the first time [26, 35, 36]. At this time, the
methodology and interest in RDD, particularly as a tool for analysing causal relationships,
came back into the focus of researchers, especially in econometrics [26].

So after the first wave of formalisation in the 1970s, RDD received a second boost in econo-

metrics in the 2000s. Thereby, special attention was paid to the applicability of the design
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and the use of thresholds to extract causalities from observational data [27|. Particularly
influential in the early 2000s were the works of Hahn et al. and Lee, who demonstrated
the high methodological potential of applying an RDD approach, and Imbens et al., who
presented a practical guide for empirical economists [37-39]. In addition, the development of
statistical software such as R, Stata, SAS and SPSS had helped to increase the applicability
of RDD over the years. Packages such as rdrobust, rdd and rddtools, which are the most
downloaded packages in R for the RDD approach (search from 24-04-2025)[40-43], enabled
a broader community to use RDD not only as a design construct but also as an analysis
method [27]. With the high availability through various software implementation solutions
to a wider community over the last 15 to 20 years and the whole history of RDD, especially
the parallel development of the methodology in different disciplines under various names, it
is clear that the design and its validity can hardly be questioned [26, 27|.

Nevertheless, despite the strong development, the growing use of RDD and its popularity in
econometrics, the design was rarely used for studies in medicine, epidemiology and public
health until around 2010. Even after that, the number of publications of studies using RDD
rose only slowly compared to other disciplines |24, 27, 44]|. Only in the last 5 to 10 years,
RDD has been increasingly recognised and used as a suitable alternative to RCTs in the
planning of clinical trials and health services research [27].

One of these studies was the new form of care and integrated cross-sectoral psycho-oncology
(nFC-isPO) which was launched in 2018. This project is specifically concerned with reducing
anxiety and depression and improving psycho-oncological psychosocial care for patients newly

diagnosed with cancer.

1.2 Clinical background of the dissertation

Annually, about 500,000 people in Germany are diagnosed with cancer for the first time.
In addition, the number of new cancer cases is expected to rise by 23% by 2030 due to
demographic trends (i.e. the ageing of society) [45]. Apart from the rising incidence, cancer

is still the second most common cause of death in Germany at 22% (see figure 2) [46].

Cardiovascular diseases

Malignant neoplasms (cancer)
Total deaths:

1.028 206

Injuries and poisoning Other
Digestive system diseases \
Respiratory system diseases Mental and behavioural disorders

Figure 2: Mortality by types of diseases in 2023 in percentage [46]
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And although the mortality rate has fallen in recent years, the relative 10-year survival rate
is predicted to be only around 57% for men and 61% for women, despite the constant devel-
opment of medical care and the latest procedures and treatment methods [45]. This means
that, in addition to the physical challenges of the illness and the therapy, patients with cancer
also have to contend with a heavy psychological burden due to abrupt changes in everyday
life and fears of uncertainty caused by the illness and the topic of death [47|. It is therefore
not surprising that almost 35% of all cancer patients suffer from psychological co-morbidity,
anxiety and depression during the course of their treatment. This leads to an increase in
emotional stress and thus to an increased need for medical and psychosocial care [45, 48|. In
fact, around one in two cancer patients feels under severe psychological strain and around
one in four suffers from increased depression [49].

For this reason, it is important to include not only physical but also mental health in the
treatment and healing process. Based on this knowledge, a relatively young but important
sub-field of oncology has developed over the last 50 years, since the 1970s. Psycho-oncology
deals with all psychosocial aspects of cancer and is now an integral part of oncological care.
It offers many interdisciplinary approaches that integrate psychological support services such
as cognitive, systemic, depth psychological or creative therapies into cancer treatment. The
well-being of patients and the continuous development of therapies are always at the centre
of attention. Current research focuses on improving the quality of life among cancer patients
through various coping strategies for anxiety, grief, pain, fatigue and depression [50, 51].

In order to establish and institutionalise psycho-oncology in Germany and create nationwide
care, the Working Group Psycho-oncology (PSO) was founded within the German Cancer
Society (DKG) in the 1980s [52]. In the 1990s, the PSO and the German Working Group
for Psychosocial Oncology (dapo) began to offer psycho-oncological training and advanced
education courses in order to improve the range of professional development courses available
nationwide. This led to the formation of the association ’Further education and training
in psychosocial oncology e. V.” (WPO) in the mid-2000s [52-54|. Shortly after the WPO
was founded, the Federal Ministry of Health, together with cooperation partners such as the
DKG, adopted the National Cancer Plan in 2008. Four specific fields of action were identified
as part of this plan, with the second field of action ‘Further development of oncological care
structures and quality assurance’ pursuing, among other things, the goals of ensuring that all
cancer patients receive cross-sectoral, integrated oncological care (goal 7) and, if necessary,
appropriate psycho-oncological care (goal 9) [55]. Based on this decision, the PSO, together
with the Association of the Scientific Medical Societies in Germany (AWMF), published the
interdisciplinary S3 ‘Evidence-based Guideline Psycho-oncological Diagnostics, Counselling
and Treatment of Adult Cancer Patients’ for the first time in 2014 as an important result
of the National Cancer Plan. These guidelines serve as a valuable decision-making aid for
doctors, other healthcare professionals and patients and contribute to improve the quality of
medical care |56, 57|. In spite of the National Cancer Plan and the evidence-based S3 guide-
line on psycho-oncology, there was no adequate, low-threshold, prompt and comprehensive
psycho-oncological care in the years that followed, as there was a lack of regulated funding in

both the outpatient and inpatient sectors [49, 58|. However, several studies have shown that
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psychosocial and psychotherapeutic interventions significantly reduce patients’ psychological
distress. But these studies have mainly focussed on individual cancer entities and showed a
lack of systematic assessment of individual needs and the creation of integrated cross-sectoral

structures [58|.

These gaps were addressed with the above-mentioned nFC-isPO study in order to implement
the demand of the Federal Government’s National Cancer Plan for the further development of
‘oncological care structures and quality assurance’; including needs-based psycho-oncological

care nationwide.

1.3 The nFC-isPO

The nFC-isPO project was funded by the Innovation Fund of the German Federal Joint Com-
mittee (GBA) for 54 months, from October 2017 to March 2022. It was carried out in four
care networks in North Rhine-Westphalia (NRW) (GFO Kliniken Troisdorf, Johanna-Etienne-
Krankenhaus Neuss, Kliniken Maria Hilf GmbH Monchengladbach and University Hospital
Cologne), including the involvement of the outpatient sector of general practitioners. The
aim of the nFC-isPO support programme was to specifically determine the individual psycho-
logical stress of patients due to a new cancer diagnosis and to combat anxiety and depression
as part of a 12-month, staged intervention programme. In addition to taking individual needs
into account at patient level, the aim was to create an integrated, cross-sectoral care struc-
ture. This is also intended to achieve progress for psycho-oncological care in Germany at the
level of the healthcare system with regard to the National Cancer Plan and to enable the
programme to be included in standard care by the statutory health insurance funds.

In order to prove the effectiveness of the programme and the efficacy of the intervention, the
project was scientifically monitored. isPO is a staged psycho-oncological care programme
with 3 main levels. The enrolment in the programme took place at the hands of the treat-
ing oncologist, who issued a recommendation certificate for the newly diagnosed patients
with cancer. The recommendation is based on the patient’s decision to take part in the
programme and the individual needs identified in the screening, which are determined using
different questionnaires. The Hospital Anxiety and Depression Scale (HADS) [59] is used
as the main allocation tool and determines which level of the isPO programme a patient is
assigned to. In addition, the Psychosocial Risk Assessment Questionnaire (PSR) is used for
a differentiated breakdown of psychosocial support needs within the level allocation [60].
Figure 3 shows the rough structure of the isPO care programme (part A) and where proof of
efficacy is provided (part B).

First, all patients receive all necessary information about the isPO programme and the or-
ganisation of care within the programme (level 0, Case Management). At level 1, all patients
then have the opportunity to discuss all cancer related topics and offers of help with a trained
person, e.g. by the DKG, who has suffered from cancer themselves (Onco-Guide). Based on
the HADS score (range: 0-42 points), a decision is then made as to whether a patient should
be treated at level 2 (HADS < 14) or level 3 (HADS > 15), with higher HADS scores being
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associated with a greater need for support. Alongside the established standard care, the pa-
tients at level 2 receive psychosocial support from psychosocial specialists. Level 3 patients
receive psychotherapeutic care in addition to the regular standard care. Furthermore - and
this is where the PSR becomes relevant - there is a subdivision within level 3 into patients
with (PSR > 6) and without (PSR < 5) psychosocial support needs [58, 61].

A)

Level 0: Information on the nFC-isPO and the organisation of the care

Level 1: Information on cancer, treatment and local support options

psychosocial care,

Level 2: ™" gapg <14
psychotherapeutical care,
Level 3: HADS > 15
Control group Treatment group
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(outcome)
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treatment effect|
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Figure 3: Representation of the isPO care programme including a schematic regression dis-
continuity design (RDD) diagram

The assignment to levels 2 and 3 as well as the proof of effectiveness was provided using the
RDD as the study design and analysis method for the scientific monitoring of the project (see
figure 3). Random allocation, as used in an RCT, was not possible for ethical reasons, among
others, as all patients should be guaranteed care tailored to their individual needs. Therefore,
allocation to needs-based treatment was based on a threshold value on the continuous HADS
scale, which was determined in advance on the basis of clinically relevant aspects. This
division led to the formation of the two study groups, with patients at level 2 forming the
control group and patients at level 3 of the isPO programme forming the treatment group
(figure 3).

In accordance with the different care in the two study groups, the effectiveness of complex
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psycho-oncological psychotherapeutic care, which has not been routinely funded to date, was
compared with the previous standard care, including care by a psychosocial specialist in isPO.
In such comparisons, the RDD offers the special feature, like an RCT, of measuring causal
inference close to the allocating threshold within a defined bandwidth (see figure 3). To test
the effectiveness, the HADS was used again 12 months after baseline to measure patients’
psychological distress and to show the change, ideally a reduction, in anxiety and depression
as a result of the complex intervention (primary endpoint) [58, 61].

Since the measurement after 12 months offered a large gap to the baseline measurement, the
HADS was also reassessed in isPO after 4 months in order to be able to depict a temporal
course of the HADS values in addition to the primary endpoint. However, the change in HADS
scores over time could not yet be taken into account in the RDD approach and was therefore
only investigated descriptively and in secondary sensitivity analyses using alternative analysis

methods.

1.4 Repeated Measures

Repeated measures studies such as the nFC-isPO, also known as longitudinal studies, are not
uncommon in research, particularly in medical and health-related fields. They are used to
measure differences and effects over time |62, 63|. A peculiarity of repeated measurements is
the correlation between the respective measurements, as these are much more similar than
two measurements from different subjects. This correlation must be taken into account in
a statistical analysis by estimating the covariance parameters. [63, 64]. However, a simple
linear regression cannot be used for repeated measurements, as it is assumed that the mea-
surements are independent of each other [63]. Usually an analysis of variance for repeated
measurements (RM-ANOVA) is used for the evaluation. With this method, significant differ-
ences in mean values are analysed, taking into account the correlation between the measures
taken from the same individuals [65]. However, RM-ANOVA has some disadvantages because
it assumes, among others, sphericity, i.e. the variances of the differences between all combi-
nations of measurement time points must be the same, and this assumption is often violated,
especially with more than two measurement repetitions. As mentioned at the beginning, it is
important to consider the covariance structure of the parameters in the statistical analysis,
but this is only possible to a very limited extent with RM-ANOVA, as fixed covariance struc-
ture is specified by the model [64-66]. Furthermore, RM-ANOVA cannot deal with missing
values, so that incomplete data records are completely excluded (case-wise deletion), which
in turn leads to an immense loss of information and a loss in power. The same applies to
unbalanced data i.e. a different number of measurements per person [65-67|. Finally, RM-
ANOVA cannot take into account complex structures in the data, such as random slopes,
which significantly reduces the probability of detecting an effect [65, 68]. Due to all these
disadvantages, researchers have been looking for alternative methods over the decades and
have tried to further develop RM-ANOVA.

Theoretical-mathematical approaches for so called linear mixed models (LMM) have existed

since the 1950s, but it was only with increasing computing power and the development of suit-
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able software in the 1990s and 2000s that they could be increasingly used [64]. Today, LMMs
are a popular and frequently used method in medicine for analysing longitudinal studies, as
they offer higher flexibility compared to RM-ANOVA. They can deal with missing values,
are robust against unbalanced data, and offer various possibilities for modelling covariance
structures [63-65].

Due to the many advantages of LMMs and since the integration of repeated measurements
has not yet been implemented in the RDD, the data from the nFC-isPO study was only

analysed with LMMs in secondary analyses.

For this reason, the nFC-isPO with its longitudinal data and the RDD used in the project
led to the question: "How can repeated measurements be included in the RDD approach?".
The objectives and individual research questions of this dissertation are presented in more
detail in chapter 2. Chapter 3 presents the basic concept of the RDD with a worked example
within the first publication. Furthermore, the fundamentals of LMMs for repeated measures
are introduced. Chapter 4 contains the application and results of the RDD in its classic,
familiar sense for a sub-question within the nFC-isPO and thus demonstrates the application
of the worked example presented using study data. This is followed by the main article of
the dissertation on the development of the RDD methodology for repeated measurements
using the data from the nFC-isPO. Lastly, the three articles are discussed in chapter 5 in the

context of the dissertation’s research question.
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2 Aims and Objectives

The central aim of the cumulative dissertation is to further develop an existing alternative
method to the RCT in order to make it usable for analyses with repeated measures and to
offer scientists the opportunity to detect causal relationships with longitudinal data with as
little bias as possible. In addition, the method is to be made more accessible and attractive to
scientists so that the design is considered and applied more frequently in clinical and health
science research. Therefore, the dissertation pursues two interlinked objectives. On the one
hand, the introduction and application of RDD in the familiar sense in the research field of
health sciences and, on the other hand, the methodological extension of the RDD for repeated
measurements. The entire work was carried out as part of the nFC-isPO study and resulted

in three peer-reviewed journal publications.

Each of the three publications deals with one of the above mentioned aspects. The individual

questions and objectives of the articles are briefly explained as follows:

e Introduction of the RDD:
The first article focuses on the methodological introduction of the RDD in the context
of health services research. A worked example with medical research context and im-
plementation program code for various popular statistical software is used to provide
researchers with the necessary mathematical notations and descriptions of the applica-
tion [69].

e Application of the RDD:
During the nFC-isP study period, the coronavirus pandemic raised the question of how
the influence of the pandemic could be taken into account when evaluating the study.
The second article answers this question by applying RDD in the classic, familiar sense

by means of a stratified subgroup analysis using the nFC-isPO data |70].

e Methodological extension of the RDD:
The third article reflects the second and thus the main objective of the dissertation and
deals specifically with the open problem that repeated measurements are not uncommon
in medical research, but have not yet been taken into account in the RDD approach. The
article therefore presents in detail a methodological extension of RDD in combination

with LMMs for repeated measurements using data from the nFC-isPO [71].

By realising the above objectives, the dissertation contributes to the further development of
a study design and analysis method relevant to the health sciences and makes its application

accessible to a larger research group, particularly in a medical context.
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3 Methods

In the previous chapters, the scientific background as well as the aims and objectives of the
dissertation with the associated publications were conceptually contextualised. Building on
this, the methodological basis of the work is presented in this chapter. The methods are
introduced with the first published article, in which the theoretical and practical principles
of RDD in the medical context are presented. Although this article is the first result of
this dissertation, it forms the conceptual basis of the work and is therefore assigned to the
methods chapter.

In addition, the methodology of linear mixed models for repeated measurements is presented
in the course of the chapter. LMMs have a central role in the methodological extension of the
RDD and thus form the methodological core of the dissertation and the third article. The
integration of LMMs for repeated measures into the RDD approach enables a differentiated

modelling of repeated measures within a quasi-experimental design.

13



3 Methods

3.1 Metholodical Overview of the RDD - 1. Article

Published as:

The regression discontinuity design: Methods and implementation with a

worked example in health services research

Anna Hagemeier,
Christina Samel,

Martin Hellmich

7 Evid Fortbild Qual Gesundhwes., 2022 Aug; 172:71-77,
https://doil0.1016/].zefq.2022.04.014

Visual Abstract:

Background Methods

Control Treatment
If Level I is not Outcome :
possible, e.g. forx Experimental studies: RCT (Randomized :
ethical Teasons controlled Trial), Systematic review of RCTs /

Quasi-experimental studies: Pretest-
Posttest-Design, Time Series Design, e.g.
RDD (Regression discontinuity design)

Non-experimental studies: Cut-off Assllgnment
Level IIT litative studies. Cohort studi variable
Qualitative studies, Cohort studies Regression dsicontinuity design

Opinions of respected - offers quasi-randomization within a bandwidth

authorities, expert committees X
’ - threshold based design
or consensus panels

Experiential & informal - simplest functional form: linear regression

evidence: lit. review, case - discontinuity at threshold
reports, quality improvement — indicates local average treatment effect (LATE)
Application
Four essential steps: Use program code with worked example for

1. Determine feasibility » ‘R

2. Note possible treatment manipulation PSS
3. Check for the treatment effect
4. Fit regression models to measure treatment effect - Stata

RDD: Alternative in health service research where RCT cannot be

conducted, but threshold based comparison possible

Figure 4: Visual abstract: "The regression discontinuity design: Methods and implementa-
tion with a worked example in health services research"

14


https://doi10.1016/j.zefq.2022.04.014

3.1 Metholodical Overview of the RDD - 1. Article

Z. Evid. Fortbild. Qual. Gesundh. wesen (ZEFQ) 172 (2022) 71-77

Z. Evid. Fortbild. Qual. Gesundh. wesen (ZEFQ)

journal homepage: http://www.elsevier.com/locate/zefq

Contents lists available at ScienceDirect

Versorgungsforschung |/ Health Services Research

The regression discontinuity design: Methods and implementation with = ®)

Check for

a worked example in health services research

Das Regressions-Diskontinuitcits-Design: Methodik und Implementierung mit einem Arbeitsbeispiel
in Versorgungs- und Gesundheitswissenschaften

Anna Hagemeier *, Christina Samel, Martin Hellmich

Institute of Medical Statistics and Computational Biology, Medical Faculty, University of Cologne, University Hospital Cologne, Cologne, Germany

ARTICLE INFO

ABSTRACT

Article History:

Received 14 December 2021
Revised 29 March 2022
Accepted 12 April 2022
Available online: 16 June 2022

Keywords:

Regression discontinuity

Health service research

Medical statistics

Quasi-experimental quasi-randomization
Statistical software

Background: The randomized controlled trial (RCT) is the gold standard in evidence-based medicine.
However, this design may not be appropriate in every setting, so other methods or designs such as the
regression discontinuity design (RDD) are required.

Method: The aim of this article is to introduce the RDD, summarise methodology in the context of health
services research and present a worked example using the statistic software SPSS (Examples for R and
Stata in the Appendix A). The mathematical notations of sharp and fuzzy RDD as well as their distinction
are presented. Furthermore, examples from the literature and recent studies are highlighted, and both
advantages and disadvantages of the design are discussed.

Application: The RDD consists of four essential steps: 1. Determine feasibility; 2. Note possible treatment
manipulation, 3. Check for the treatment effect, and 4. Fit the regression models to measure the treatment
effect.

Conclusion: The RDD comes as an alternative for studies in health service research where an RCT cannot
be conducted, but a threshold-based comparison can be made.
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Hintergrund: Die randomisierte kontrollierte Studie (RCT) ist der Goldstandard in der evidenzbasierten
Medizin. Dieses Design kann jedoch nicht in jedem Umfeld eingesetzt werden, sodass andere Methoden
oder Designs wie das Regressions-Diskontinuitats-Design (RDD) erforderlich sind.

Methode: Dieser Beitrag fiihrt in das RD-Design ein, fasst die Methodik im Kontext der
Versorgungsforschung zusammen und stellt ein praktisches Arbeitsbeispiel unter Verwendung der
Statistiksoftware SPSS vor (Beispiele fiir R und Stata im Anhang). Vorgestellt werden die mathematischen
Notationen der scharfen und unscharfen RDD sowie deren Unterscheidung. Dariiber hinaus werden
Beispiele aus der Literatur und aktuellen Studien hervorgehoben und die Vor- und Nachteile des Designs
diskutiert.

Anwendung: Das RDD besteht aus vier wesentlichen Schritten fiir die Anwendung: 1. Die Durchfiihrbarkeit
bestimmen, 2. Mdgliche Manipulation der Behandlung beachten, 3. Behandlungseffekt tiberpriifen und 4.
Die Regressionsmodelle anpassen, um den Behandlungseffekt zu messen.

Schlussfolgerung: Das RDD stellt eine Alternative fiir Studien in der Versorgungsforschung dar, bei denen
keine RCT durchgefiihrt werden kann, aber ein schwellenwertbasierter Vergleich moglich ist.
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Introduction

After many years of exploring, developing and refining various
study designs for medical research, the randomized controlled trial
(RCT) is still the gold standard. However, even if an RCT is desira-
ble, it cannot be conducted in every setting as the study design
needs to address the specific research situation. Coly et al. [1]
recommend the choice of design to conduct a study and mention
why sometimes, due to limitations such as ethical reasons (e.g.
detrimental treatment), financial and feasibility constraints,
quasi-experimental designs are a suitable alternative to experi-
mental studies like RCTs.

Just as in experimental designs, quasi-experimental designs
examine whether interventions have an objectively measurable
effect by testing causal hypotheses, except that group allocation
is not random. Instead they offer different allocation mechanisms
that can produce a quasi-randomization [2,3]. Which quasi-
experimental design should be chosen as an alternative depends
on the setting since there is not “the one” design for evaluation
[1]. In healthcare research, the quasi-experimental regression dis-
continuity design (RDD) can be well suited for medical and health
service research in situations where the allocation of an interven-
tion is regulated by a threshold [4,5]. However, Moscoe et al. [6]
mentioned it as underutilized and underrated in those fields.

The RDD originates from econometrics and is a threshold-based
study design. Means, allocation is regulated by a threshold, i.e.
group allocation (treatment or control) depends on whether the
value of the assignment variable falls below or above a specific
threshold. It was first described by Campbell and Thistlethwaite
in 1960 [7] and has recently been rediscovered for the medical
and health services research field, although there is little relevant
literature in statistics and healthcare research. The most popular
example beyond medicine or health research are the results of
the SATs (Scholastic Assessment Test as assignment variable). Stu-
dents above a predefined threshold (cut-off value c) will receive a
scholarship for college and success (outcome) with or without the
scholarship is measured by their income after finishing college [8].

This article aims to describe and summarize the methodological
basis of the RDD in the context of medical and health service rese-
arch. Furthermore, strengths and weaknesses are discussed, possi-
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bilities for statistical implementation are presented, including a
worked example and a prospective view of open issues is given.

The Design

The appropriate design to answer a given research question is
not necessarily obvious and definite. However, if an intervention
is already established and cannot be assigned purely at random,
e.g. for ethical reasons, but a threshold criterion could be included
in the study design, RDD is a possible evaluation strategy. This
threshold rule defines whether a participant receives the interven-
tion or control treatment, therefore it specifies the treatment allo-
cation. For allocation, any continuous variable, which can be split
at a certain point, can be chosen as the assignment variable (X;).
The treatment allocation rule then needs to be verified, usually
based on a scatterplot with the assignment variable on the x-axis
and the outcome variable on the y-axis. Inclusion of the cut-off
value to the plot can show the vertical separation line between
the intervention and control group. If the allocation is defined in
a strictly binary fashion with assigned probabilities of 0 or 1 for
control or intervention, respectively, the clearly defined separation
of the groups is known as the sharp design. Figure 1 shows the
schematic draft of the sharp RD-Design with fitted regression lines.
When a strictly binary assignment is impossible, a fuzzy assi-
gnment or fuzzy RDD is given (Figure 2). In a fuzzy RDD, the
above-mentioned allocation probability is not sharply disjunct
around the cut-off c. This can lead to bias, e.g. unobserved covaria-
tes and confounders (see section 'Sharp vs. fuzzy designs’). Hence,
the sharp design is always preferable and should be aimed for [3].
The main idea behind this assignment procedure is the comparabi-
lity just around the threshold. It is obvious that there is an overall
difference between participants above and below the threshold.
Still, close to the threshold, this difference is very small and one
can measure the causal effect by comparing the mean difference
between the outcomes within intervals to the left and right of
the threshold. Hence, it is similar to randomization in an RCT but
only limited to a pre-defined area (bandwidth b) near the thres-
hold value. Getting a precise prediction without bias within this
bandwidth is not trivial. If the bandwidth is large, estimation of

Cut-off ¢ Xi

Assignment

Bandwidth b variable

Figure 1. Schematic draft of the sharp regression discontinuity design with a displayed treatment effect ‘d’ as the discontinuity. (Unfilled points represent the observations in

the control group, filled ones the patients in the treatment group.)

16



3.1

Metholodical Overview of the RDD - 1. Article

A. Hagemeier et al./Z. Evid. Fortbild. Qual.

Outcome

Y

Gesundh. wesen (ZEFQ) 172 (2022) 71-77 73

oo

cut-off ¢

Assignment

Bandwidth b

variable X;

Figure 2. Fuzzy RDD without sharp treatment allocation. Patients can or cannot receive treatment although their assignment value is above or below the cut-off value. The

decision is therefore not strictly based on one assignment-variable and can be changed
group, filled ones the patients in the treatment group.)

the treatment effect might be more precise, but the risk that obser-
vations within the bandwidth below and above the cut-off value no
longer match in their basic characteristics and are therefore no lon-
ger comparable, is high. To determine the optimal width for the
comparison interval, an iterative approach, e.g. cross-validation,
should be used [9,10]. However, in medicine or health science,
the width is often a predefined value, which is added to or subtrac-
ted from the cut-off value (c — b < X; < c + b). If not pre-defined,
the distance should be extended until the samples below and
above the cut-off value lose comparability. After finding the opti-
mal bandwidth, regression lines are fitted on both sides of the
cut-off value between the bandwidth. One can also continue the
regression lines for the entire data but only to visualize a trend
in the data. For comparability, one can only use the sample limited
to the determined bandwidth (local “as if” randomization idea).
Hence, a common problem is the necessity of a large sample size
to obtain sufficient subjects within the bandwidth [2,3].

For mathematical estimation of the causal treatment effect
within the bandwidth instrument variables or indicator functions
(Ind) are needed to disjoin the control group from the treatment
group. The most commonly used causal effect estimator in connec-
tion with the RDD is the local average treatment effect (LATE), also
called the complier average causal effect (CACE). LATE/CACE is
about estimating the effect of an intervention on subjects actually
receiving the treatment. In settings with strict sharp group assi-
gnment, there are only “compliers,” i.e., each subject was correctly
assigned and receives the correct treatment (full compliance). This
corresponds to the described assignment with binary probabilities
0 and 1. In fuzzy RDD the probabilities of receiving treatment or
control differ by the threshold. Therefore, researchers must address
the problem of incomplete compliance, as some subjects receive or
do not receive the treatment as assigned. In this regard, there are
similarities in the use of LATE/CACE to the role of the per-
protocol (PP) analysis in clinical trials. LATE/CACE may be estima-
ted by performing an intention-to-treat (ITT) analysis and then
dividing the obtained result by the difference in proportion (proba-
bility) of participants who have been treated but were assigned to
the control group or were assigned to the treatment group but did
not receive treatment. Usually this is done by a two-stage least
squares method [10]. Because this paper aims to declare the sim-

due to other circumstances. (Unfilled points represent the observations in the control

plicity of the RDD, present it as a good alternative to RCTs and
show its implementation in the medical field, the reader can
receive more detailed information on LATE/CACE and their calcula-
tion within the recommended articles [11-13].

According to the literature, there are many functional possibili-
ties to perform causal inference with the RDD. The most common
and simplest one is linear regression [14]. Function (3) represents
the case where the regression lines have the same slope on each
side of the cut-off value (c)

Yi=Bo+ pix+ prnd(x >c) +e (3)

The notation used for the mathematical description of the linear
model is defined as follows [5,15]:

Y; : continuous outcome with i=1, 2, ..., n observations, Bg :
intercept, B; : slope, x: covariate of X; (continuous assignment
variable) with i=1, 2, ..., n observations, B,: measures the treat-
ment effect (“jump” at the cut-off value, equals d in Figure 1 and
means the discontinuity as the difference between the two regres-
sion functions), Ind : indicator function or treatment indicator
(sharp design)= 0ifx < c(control) or 1 if x > c (treatment), c :
cut-off value, e : random error

If equation (3) would be extended to allow for a change in slope
at the threshold, the regression model would become:

Yi = By + PiX' + PoInd(x > c)x* + B3Ind(x > ¢) + e 4)

The equation is extended by the following terms [3,6]:

X*: X - ¢; distance to the cut-off, B3 : measures the treatment
effect (“jump” at the cut-off value, equals d in Figure 1 and means
the discontinuity as the difference between the two regression
functions), B; :slope below the cut-off, B;+B, : slope above the
cut-off

The expansion to a polynomial is possible, but this will not be
considered further here.

The RDD in Figure 1 is an example of an effect based on the
treatment (no interaction, regression lines run parallel). The treat-
ment effect can be identified around the threshold by e.g. simply
calculating the difference of the intercepts of both regression lines
on each side of the cut-off or graphically compare the regression
lines and scatterplots. To clarify the simple idea behind the RDD,
the researcher can restructure the study data at the cut-off value
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into two subsets, conduct linear regressions on both subsets and
compare the intercepts of both regression functions. The difference
between the intercepts indicates the discontinuity and thus the
treatment effect, if lines run parallel. If the slopes of the regression
lines differ (interaction effect) the researcher can also simply cal-
culate the differences of intercepts but needs to shift the assi-
gnment variable by the cut-off value to zero (x-c). Another
possibility would be to conduct a simple t-test on the groups
within the bandwidth b around the cut-off value [c-b; c+b], but
the treatment effect then might be underestimated [3,7,16].

Since the assignment variable can be any continuous measure,
many possible uses of the RDD in medicine or health service rese-
arch are imaginable. For example, Maciejewski & Basu [ 16] mentio-
ned the use of the RDD in conjunction with the neonatal intensive
care unit (NICU). New-borns underweight (<1500g) more often
need intensive care then heavier infants. Thus, one can compare
the difference and effect of intensive care at a cut-off value where
infants just around the cut-off should be almost identical and
weight would be the assignment variable. Another well-known
assignment variable for implementing the RDD in the medical
and health service research field with application to psychology
is the hospital anxiety depression scale (HADS). The HADS consists
of 14 questions, 7 of which relate to depression and 7 to anxiety,
and has a total score ranging from 0 to 42 [17]. A recent example
using the RDD and the HADS as the instrument for group allocation
(assignment variable) is the psycho-oncological study isPO - (inte-
grated cross-sectoral psycho-oncology), where the threshold is set
between 14 and 15 score points. Every patient receives either stan-
dard psychological care (below threshold) or individualized/special
treatment after cancer diagnosis. After 12 months, evidence of effi-
cacy will be provided by re-interviewing patients with the HADS
(outcome) [18].

Sharp vs. fuzzy designs

As previously described, to get close to a randomized
experiment, a sharp RD-design is the desired approach. However,

A)

Q)

X

B)

D)

A. Hagemeier et al./Z. Evid. Fortbild. Qual. Gesundh. wesen (ZEFQ) 172 (2022) 71-77

individual and complex scenarios or incorrect treatment allocation
can lead to fuzziness regarding the groups (Figure 2).

As a result, some patients receive treatment even though they
are below the cut-off according to the allocation variable and some
patients do not receive treatment while exceeding the threshold.
Bor et al. [3] describe such a violation of treatment allocation using
the example of HIV infections where there are two possibilities to
receive treatment. Either the CD4 count drops below a predefined
threshold or the symptoms indicate the severity of their disease.
Another very simple example comes from Maciejewski & Basu
[19]: hemoglobin values at a certain threshold are used to decide
whether a patient needs a blood transfusion or not. But sometimes,
although the hemoglobin value is in normal range, the patient
needs a transfusion because of other clinical factors. Of course,
the decision can also be made in the other direction. Thus, the allo-
cation is based partly on a threshold rule and partly on clinical
judgment, allowing switching from treatment to no-treatment
and vice-versa [12,20]. As a result, an RDD with imprecise thres-
hold allocation is strictly not a real RDD (fuzzy RDD). Linear regres-
sion approaches or non-parametric methods can be used for both
the sharp and fuzzy RDD versions. Overall, however, one should
always seek for a solution that leads to a sharp RDD, e.g. try to con-
trol for observed covariates [21] or, if necessary, opt for a different
design [2,22].

Possible effect scenarios

Considering the sharp RD-designs with equal assumptions
about the patients’ characteristics at both sides of the cut-off, there
are four theoretical outcomes for treatment effect (Figure 3). First
option is panel A where no treatment effect is apparent. This would
also be the case when no treatment was performed. The regression
lines would be congruent. In panel B an interaction effect is appa-
rent. This is shown by a change in the slope of the regression line.
This means that the effect of treatment increases or decreases with
increasing values of the assignment variable above the cut-off
value in the treatment group but is still equal (no visible jump)

X

Figure 3. Schematic outcome possibilities in RDDs with X as the assignment variable, C as the Cut-off with bandwidth and Y as the outcome variable; A) No treatment effect,
B) no main effect, but interaction effect, C) main effect for treatment and D) main and interaction effect.
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to that of the untreated group at the cut-off. Panel C shows the
essential RDD idea with only a main treatment effect with a dis-
continuity (jump) of the regression lines at the cut-off value. Panel
D is a combination of panel B and C where an interaction effect
(treatment effect only for those with a higher assignment value,
change in slope) and a main effect (treatment effect along the
entire assignment scale, discontinuity at the cut-off, change in
intercept) occur [20].

Strengths and weaknesses of the RDD in theory and practice

When used appropriatly, RDD has several strengths compared
to other study designs. The main advantage of RDD is the (local)
quasi-randomisation around a specific threshold, which avoids
ethical problems in treatment allocation, i.e. treatment is still allo-
cated based on individual needs. However, this requires a specific
allocation criterion (threshold). In practice, administrative or
secondary health insurance data may be used to evaluate clinical
interventions, making the main disadvantage of RDD easier to
address. This disadvantage is that the RDD usually requires a large
amount of data to precisely estimate the treatment effect near the
threshold. However, by using retrospective, already or routinely
collected data, a proof of effectiveness in real-life settings may still
be possible. In prospective studies the large amount of data requi-
red is a major problem, mainly because of the high financial costs
entailed by data collection. Note that manipulation with the thres-
hold, e.g. by intentionally giving poorer answers to a questionnaire
to achieve a higher score and thus be more likely to get into the
treatment group, can lead to a bias in local randomisation, both
in retrospective and prospective designs. [1,2,23].

Application of Regression Discontinuity

The following four steps are essential for practical implementa-
tion and analysis of the RDD [6].

1. Determine feasibility
a. Continuous assignment variable (X)

b. Outcome (Y) observable for both groups (treatment/no
treatment)
c. Clear assignment rule to determine if design is sharp or fuzzy

2. Watch for opportunities for allocation manipulation to control
the treatment status. One opportunity to detect manipulation
would be a histogram of the assignment variable (X). If the dis-
tribution is significantly skewed, that would suggest a way to
manipulate the allocation and thus the treatment status. To
guarantee the comparability of the groups, covariate balance
tests can be performed for the allocation variable X.

3. Check for treatment effect while plotting the result (Outcome Y)
against the assignment variable (X). A visible jump near the cut-
off value confirms discontinuity and indicates a treatment
effect.

4. Depending on the data availability and other factors, fit the
regression models to measure the treatment effect
a. around the cut off with a local linear regression within the

bandwidth and/or
b. over all data.

Implementation with a worked example

Statistical programs like R, Stata or SPSS already offer sound
implementations for analysis with the RDD [24-28]. In the follo-
wing we show a more detailed working example for SPSS. For R

and Stata, you will find examples with corresponding program
code on the same data basis in the Appendix A. Since the HADS
has already been mentioned as an established instrument in the
medical context and as an example assignment and outcome varia-
ble for the RDD, the worked examples are performed with simula-
ted HADS data in a fictitious study setting. In this setting patients
will receive standard psychological care underneath a pre-defined
threshold and intensive care above the threshold. The following
assumptions are made for the example:

e HADS T1 will be assignment variable and HADS T2 the outcome
variable

e Patients in the intensive care group improve their HADS (T2)
(decreases from at least 2 up to 7 points)

e Patients in the standard care group improve their HADS (T2)
(decreases 0 up to 1 points)

o For simplification, the HADS can also assume non-integer values
between 0 and 42 and underlies a uniform distribution.

o The pre-defined cut-off value of c=14.5 and a bandwidth b =
[13-16] is assumed.

The program code for generating the data can be found in the
Appendix A. The scatter plot of the data from n =500 subjects
and the threshold line at ¢ = 14.5 is shown in Figure 4.

A worked example with SPSS

SPSS offers two options to implement the RDD analysis.

Strictly speaking, the first option is not an option with SPSS
alone, but rather a combination with R. SPSS Version 18 or higher
in combination with the ’Essentials for R’ and the extension bundle
'STATS_RDD’ offers a simple and effective possibility to analyse a
regression discontinuity (Use 'STATS RDD /HELP.’ for more infor-
mation in SPSS). The R package used for the extension is 'rdd’
implemented by Drew Dimmery [29,30]. For analysis of the given
sample data set (Program code 1) follow the path
'Analyze>Regression>Regression Discontinuity’ in SPSS or use the
syntax (Program code 2) to reproduce the following results.
Important, for the comparison with the simple linear regression,
the option “Rectangular” must be selected in the package
STATS_RDD for the option Kernel.

Table 1 shows the main result table of the performed STATS
RDD with SPSS. One can read the significant local average treat-
ment effect (LATE=-4,704, p=0,001) within the pre-defined
bandwidth (b = 14.5+1.5) as well as the number of cases (n =35).
This would mean in the fictitious study setting that patients with
a T1-HADS (assignment variable) value > 14.5 improve their anxi-
ety and depression scores significantly.

Second option is the before mentioned approach via simple lin-
ear regression (see section ‘The Design’) in SPSS with specified
interaction terms. Use Program code 3 to reproduce the results.
The results via simple regression will differ slightly from the
results via STATS_RDD function because one needs to pre-define
the bandwidth for the simple regression analysis via filtering the
data and there might be rounding differences within the different
approaches. Because the linear regression does not show the num-
ber of cases one should simply calculate the frequency of the grou-
ping variable within the filtered data (HADS<=14.5: n = 23 (65.7%);
HADS>14.5: n=12 (34.3%); Total: n=35).

Table 2 contains the results from linear regression where one
can see the same significant average treatment effect as in the
above STATS_RDD results. The coefficient for the model parameter
HADS_group (Coefficient = —4,704, p = —0.004) is simply the diffe-
rence of the intercept coefficients of the regression lines at the cut-
off and thus the local average treatment effect.
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Figure 4. SPSS-Scatterplot of the fictitious/simulated HADS data.

Table 1
Results of regression discontinuity design in SPSS using ‘R Essentials STATS_RDD'.
Bandwidth Number of Average Treatment SE p-value
Cases (n)  Effect Estimate
LATE 1,5 35 —4,704 1,410 0,001
Half-BW* 0,75 19 —5,465 1,147 <0,001
Double-BW* 3,0 64 -5,029 1,100 <0,001

" the rdd package tests also half and double of the bandwidth, SE: standard error

Table 2
Results of linear regression with interaction terms to perform an RDD. (for
explanation of model parameters see comments within Program code 1).

Model p-value 95% Confidence Interval
Coefficient SE

1 (Constant) 42,521 8,219 <0,001 [25,800 to 59,242]
HADS_Pre -2,148 0,573 0,001 [-3,314 to —0,982]

2 (Constant) 19,169 16,190 0,245 [-13,852 to 52,189]
HADS_Pre -0,432 1,166 0,714 [-2,811 to 1,947]
HADS_group* —4,704 1,530 0,004 [-7,824 to —1,583]
Shift 1,630 1,948 0,409 [-2,343 to 5,603]

Dependent Variable: HADS_Post;
" HADS_group: treatment effect, SE: standard error

Conclusion and open issues

The RDD offers a possibility to compare different interventions
and measure treatment effects in a locally randomized sense. Thus,
the risk of confounding may be low in contrast to other quasi-
experimental study designs. Nevertheless, the design still appears
underexplored and rarely used in health sciences. This is probably
due to the widespread focus on randomized evidence and the
absence of specific thresholds to base the treatment decision on
[7,31]. Which also confirms and highlights the need for further
research in RDD. For example, the RDD methodology might be
extended to the analysis of outcomes measured repeatedly over
time and on the same subjects.
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3 Methods

3.2 Linear mixed models for repeated measures

Besides the previously described basics of RDD, linear mixed models for repeated measures
form the basis for the methodological extension of RDD for repeated measures. They are a
further development of classic linear regression models, which model the relationship between
a dependent, normally distributed, continuous variable (outcome) and one (univariate) or
more (multivariable) independent continuos or categorical variables (predictors). The aim
of this modelling is to find an equation that describes the observed data as accurately as
possible in order to quantify and predict the relationship between outcome and predictors
[72, 73|. For this purpose, simple univariate linear regression represents the basic functional

form [74] (see equation 3.1 and figure 6 panel A):

Yi = Bo + Bixi + & (3.1)

Where y; is the value of the dependent variable for the i-th observation (i = 1,...,n), (o is
the intercept, 51 is the coefficient for the slope, x; is the value of the independent variable
for the i-th observation and e are the independent and identically distributed (~ N(0,0?))
error terms with ¢; as the error term of the i-th observation, also known as the residual. The
residuals reflect the difference between the observed value and the predicted regression line.
In other words, the residual variance is a measure of how spread out the residuals are overall

(see figure 6 panel A).

If there is more than one independent variable, equation 3.1 expands to a multivariable linear

regression, i.e. equation 3.2 [73-76]:

Yi = Po+ brxin + - + Brrik + € (3.2)

The difference to a univariate linear regression consists in the number of independent vari-
ables (predictors) x;i, which represent the values of the k-th variable for the i-th observation
(k=1,...,K). The individual S estimators, which are assigned to the predictors within the
multivariable linear regression, represent the respective partial slope of an influencing factor.
As a consequence, they indicate how the outcome (y;) changes if the respective predictor
(z;) increases by one unit - assuming that all other predictors remain constant. Thus, an

isolated effect of an influencing factor on the outcome is shown [75, 76].

However, the standard linear regression approach is limited to the analysis of data from
cross-sectional studies and is therefore fundamentally based on the assumption that the ob-
servations are independent of each other. In hierarchical data structures, i.e. multi-level
structures within the data, this independence of observations is lacking, which means that
individual observations correlate with each other. Figure 5 shows a simplified diagram of a
hierarchical 2-level data structure for repeated measurements in individual patients. Here,
level 1 comprises all measured values, e.g. a score at a time point T} for j = 1,...,J. These
repeated measurements are grouped (nested) within a patient 4 for ¢ = 1, ..., n, thus forming

the second level. This means that each patient at the higher (second) level is linked to several
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3.2 Linear mixed models for repeated measures

measurements at the lower (first) level [77, 78].

Level 2: Between-

Patient Level (patients)

g S T Level 1: Within-
Level (repeated mea-
sures, scores per time

Baseline Score SR FOHOW—Up Score point 7 =1,..., J)

Figure 5: Schema of a hierarchical data structure with two levels

Consequently, modelling hierarchical data structures with simple linear regressions would, for
example, lead to an underestimation of the standard errors, as it does not take into account
the dependency of repeated measures within the same patient. And that, in turn, leads to
an overestimation of the statistical significance |79, 80]. To account for the dependencies be-
tween individual observations and possible resulting distortions, such data must be modelled
differently. Hierarchical or LMMs are particularly well suited and are often used to estimate
hierarchical data structures, such as in longitudinal data with repeated measurements. LMMs
for repeated measurements therefore incorporate the correlation of repeated measurements
within each patient [63, 74].

For the modelling process, the combination of fixed and random effects is essential. Fixed
effects, as they also occur in conventional linear regression, are based on the assumption that
certain factors have the same effect on all patients, i.e. the estimates do not vary between
patients. They therefore describe a general trend, i.e. they capture systematic influences
that apply to all individuals. In the case of random effects, on the other hand, the variation
from patient to patient (individual-specific effect) is taken into account in the modelling. In
the case of random effects, a further distinction is made between two different components:
the random intercept and the random slope. A random intercept is used to model differences
in baseline values between patients, i.e. each patient has a different baseline value before
treatment. However, a random slope is used to model differences in the effect of a predictor
between patients. LMMs, in contrast to conventional linear regression models, always consist

of fixed and random effects, which also explains the term ‘mixed’ model [63, 65, 79, 80].

Figure 6 schematically shows the different combinations of the components of random effects
in LMMs compared to simple linear regression. In LMMSs, as in the simple linear regression
shown in panel A, a (random) intercept denotes the starting value, i.e. the outcome (y-value)
when all independent variables (x-values) are equal to zero. However, the LMM allows a
separate starting point for each patient, whereby the differences in the starting values are not
determined in advance, but modelled as random effects and estimated from the data [80].

Equation 3.2 of the multivariable regression can be extended as follows if a random intercept
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A) Simple linear regression (fixed effects only) B) LMM with random intercept, fixed slope

@® all patients @ all patients @ patient 1 @ patient 2

Y Y

Ui0,
i=2

U0,

i=1

X X
C) LMM with random slope, fixed intercept D) LMM with random intercept and slope
® all patients @ patient 1 @ patient 2 @® all patients @ patient 1 @ patient 2
Y Y o
s U21 .
. B8
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ugy = 2u >
o

/,/H
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X X

Figure 6: Fixed and random effects in linear mixed model (LMM) for repeated measures.
(€, €i5: error terms, residuals; By, Bi: fixed effects; w;o, ui1: random effects with w;g
as random intercept and uj; as random slope)

(additional model level) is added (see also figure 6 panel B), resulting in equation 3.3, the

common functional form for an LMM for repeated measures:

Yij = Bo + Bizijn + -+ + BrTijir + wio + €5 (3.3)

The dependent variable y;; now corresponds to the value of patient i for i = 1,...,n (level
2) at time j for j = 1,...,J (level 1), and x;j correspond to the k independent predictors
for k = 1,..., K. B are the corresponding regression coefficients (fixed effects) of these pre-
dictors. As with the simple linear or multivariable linear regression, the model also contains
the assumption of a normally distributed residual error term €;; ~ N (0, 0?) with an expected
value of 0 and constant variance o2, which now, however, indicates the measurement error of
a patient 7 at the respective time j. This extension captures the within-person variance over
time (intraindividual variance) (see figure 6 panel B).

The global intercept (average initial value across all individuals) fy is also retained in the
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LMM. However, in addition there is an individual deviation u;y from the average intercept
(random effect). This random intercept models the different initial levels, the specific dis-
tance (shift), of the starting value of a patient ¢ from the global intercept [y (see figure 6,
panel B), i.e. it takes into account the difference of the repeated measures between persons
(interindividual variance). In this way, the misleading assumption of independent observa-
tions is avoided.

Like the residual error, the random intercept is also subject to the assumption of a normal
distribution u;y ~ N (0, 7'020), where 799 describes the standard deviation of the random inter-
cept between a respective patient i to the global intercept By. For all patients, this results
in ug ~ N (0,7’30 - I,), where I,, denotes the identity matrix to define the number of ran-
dom intercepts according to the number of units in level 2 (patients, see figure 5). Thus,
the variance for all patients results in a diagonal matrix and the greater 7y is, the more
the individuals differ in their average level of the dependent variable. In simple terms, this
means that the model separates the total variance into the within-individual variance (o2,
variations in a patient s outcome over time) and between-individual variance (g, variation
of individuals’ intercepts around the global intercept () |64, 65, 74, 80].

In general, it is also common to represent the equation 3.3 in matrix notation, as this facili-

tates the mapping of the additional level 1 and makes the mathematical notation clearer.

Yi1 1 2z .. zak| | Bo 1 €1
Yi2 1 mior ... mpk| | B 1 €i2 1
= 1. . . . . + 1. [UZO] + | . =X;8+ Z£ ]ui +€; (3.4)
: : . : : BN _ : —~ =
u; fixed random
YiJ 1 =z ... Zigk Bk 1 €] intercept
—— N—— N N —
Yi X; J6] Z; €;

The matrix notation of the random intercept model (Equation 3.4), in particular the now
visible design matrix Zim7 which links the random effects to the observations at level 1 and
thus determines their influence on the modelling of the data structure, highlights that the
variance now takes dependencies into account and shows that the variance-covariance struc-
ture considers the variability between subjects, which is not the case with simple linear or
multiple linear regression models. For this reason, it is also important to examine the distri-

bution of the residuals and random effects more closely [64, 74, 80, 81].

Usually, the distribution of the residuals is specified as ¢; ~ N(0, R;), where R; denotes
the residual variance-covariance matrix. The R matrix describes the inaccuracies (variance)
in the measurements and thus indicates how much individually measured values fluctuate
around the true value. Put simply, it provides information about the extent of measurement
inaccuracy and whether there are correlations between errors at different measurement times,
thereby covering everything that cannot be explained by fixed or random effects.

In the case of the random intercept model and unstructured covariance, there are no specifi-

cations in the model, and each measurement can differ from every other by any amount, i.e.,
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the residual matrix is estimated from the data, which provides maximum flexibility and does
not lead to incorrect model assumptions about correlations. This then leads to the following

symmetric matrix R for a patient ¢ with J repeated measurement times:

2
oy 012 -+ 0O1J
2
012 03 - 0O2J
R; =
2
o1 0O2j -+ OF

Here O'j2- denotes the residual variance (error variance) at time point j and o;; denotes the
covariance between time points j and j’ with j # j' [64, 74].

In addition to the distribution of the residuals, the distribution of the random effects u; is
also of particular importance and is usually specified as u; ~ N(0,G;), where G; denotes
the variance-covariance matrix of the random effects, which reflects the differences between
patients at the higher level (level 2, see Figure 5).

In the case of the random intercept model, as already mentioned, the G matrix becomes a
diagonal matrix (ug ~ N(0,G), with G = 73, - I,,) and explains the variance in the intercept
of the individual patients [64, 74].

Besides the random intercept model, as mentioned above, differences in slopes between pa-
tients can also be modelled. For this purpose, a random slope model without random in-

tercept, as shown schematically in Figure 6 in panel C and with the following notation, is

used.
Yil 1 znn ... zak Bo Zi11 €1
Yi2 1 201 ... Zpr| | A T321 €i2
= + [uh] + =X;8+ Zz[x]uz +e;  (3.5)
u"i fixed random
Yig Uz ... zgk] [Bk TiJ1 €iJ o lope
~—— —— ~—— ~—— 271
Yi X B Z; €

The matrix notation in equation 3.5 of the random slope model differs from the random

Zm of the random effects. In the random intercept

intercept model only in the design matrix Z
model, the heterogeneity of the initial level of the outcome variable between patients is mod-
elled by selecting Zi[l] = (1,1,...,1)T. In the random slope model, on the other hand, the
influence of a covariate, here x;—1, on the outcome y varies between patients due to the selec-
tion of ZZ-[‘T} = (zi11, X421, - - - ,:UUl)T. Thus, Z; acts on a specific column of the design matrix
with the independent predictors X; and enables patient-specific slopes for this predictor. This
is also reflected in the G matrix, which, as in the random intercept model, is a multivariate
normally distributed diagonal matrix (u; ~ N(0,G), with G = 73 - I,,), whereby in this case
the variance of the slopes between patients is modelled and the intercept is constant for all

patients (see figure 6, panel C) [64, 74].
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3.2 Linear mixed models for repeated measures

Furthermore, it is of course also possible, as in equation 3.6 and schematically shown in figure
6 panel D, to take both random effects, i.e. a random intercept and a random slope, into
account in a LMM.

Yil 1z zar | | Bo 1z €i1
Yi2 I @ior ... zok| | A L mior | |y, €2 1
= 1. . . . . + ' + . = Xlﬁ + Z£ ’x]ui —+€; (36)
: : T : : U4 : M~ N——
— fixed  random
YiJ 1z rigr] | Bk 1 zin] w €iJ ‘ffcsﬁg%%t
—— —_——  N—— —— for z.71
yi X B Z; €;

If both the random intercept and the random slope are modelled, the G matrix is expanded

accordingly to include the covariance between the intercept and the slope, with

2

~ N ,
U471 0 T01 T 121
Gy
The covariance then indicates to which extent the two random effects change together, i.e.
how they correlate with each other [64, 74].

For a quick overview, table 3.1 summarises the most important differences between the indi-

vidual models in a clear and concise manner.

Table 3.1: Overview of the differences between simple linear, multivariable linear and linear
mixed model regression

Model Basic idea Mathematical notation Data structure
simple One dependent, y; = Bo + b1z +€; non-hierarchical
linear variable is explained \?(gd_/
regression by one predictor.
multiple One dependent yi = Bo + Prxir + - + BrTik +€ non-hierarchical
linear variable is explained a
. X xed
regression by several predictors.
LMM — Intercept varies yi = X; 8+ Zgl]ui +e; hierarchical /
random between individuals, fod N longitudinal
., xe: -random
intercept same slope for all intercept
individuals
LMM — Slope varies between v = X8+ ng} u; +&; hierarchical /
random individuals, same P — longitudinal
K xed  random
slope intercept. slope
for z;51
LMM — Intercept and slope y; = X8+ Zgl’x] u; +¢; hierarchical /
random vary between fod — longitudinal
., R -random
intercept individuals intercept
+ slope
& slope for @311

For a better understanding, all combinations were briefly explained above, whereby the no-

tation of the random intercept model (see also figure 6 panel B) is particularly relevant for
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3 Methods

the methodological extension of the RDD for repeated measurements in the third article.
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4 Applications and Results

In addition to the first publication described in the previous methods chapter, which deals
with the conceptual and theoretical foundations of the work, and the detailed methodological
explanation of linear mixed models for repeated measures, two further publications will be
presented in this chapter. These two articles refer to the application and further development
of the methodology described above and therefore contain the empirical results of the dis-
sertation. The first publication focuses on the application of the RDD in the familiar sense
within the framework of a subgroup analysis of the nFC-isPO data. The second publication
presents the methodological development of the RDD for the use of longitudinal data with
repeated measurements, also using the example of the nFC-isPO data. Although both arti-
cles are based on the same data set, they differ significantly in their objectives. One focuses
primarily on the application of the basic methodology to demonstrate its usefulness in the
field of health sciences and make it more attractive to scientists in this field, while the other
forms the main part of the dissertation and thus promotes the applicability of the methodol-
ogy in studies with longitudinal data and is therefore strongly methodologically oriented and

focused.
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Abstract

Objective In addition to the common difficulties of ongoing trials, the COVID-19 pandemic posed several
challenges to scientists worldwide and created an additional burden for vulnerable patient groups. In the nFC-isPO of
individualised treatment for anxiety and depression in newly diagnosed patients with cancer caregivers (e.g. psycho-
oncologists) reported elevated HADS scores in newly enrolled patients after the outbreak of the COVID-19 pandemic.
Accordingly, the question arises whether the pandemic affected HADS scores. Therefore, stratified analyses by the
time of enrolment (T1) were performed for patients with 12 months of care (T3).

Methods Patients with 12 months of care (N=1,140) were analysed. A comparison within the regression
discontinuity design according to the time points at which patients completed the baseline (T1) HADS questionnaire
was conducted to examine differences between patients recruited before Q2/2020 (pre-pandemic) and after the
coronavirus outbreak. Furthermore, mean HADS scores at T1 and T3 for all quarters during the study were compared.

Results MeanT1 and T3 HADS scores of patients with cancer during the pandemic are only slightly higher than those
of the pre-pandemic group. No significant treatment effect was observed in either the pre-pandemic (p=0.5495,
Late=1.7711) or the post-pandemic group (p=0.9098, LATE=-0.2933). In contrast, the average local treatment effect
in the post-pandemic group suggests a minimal decrease in HADS score in the predefined range and thus a positive
treatment effect for isPO. Comparison of mean HADS scores at T1 and T3 did not show a large increase by pandemic-
related timepoints, however, a decrease of approximately 2-3 points over each quarter at 12 months compared to
baseline is observed.
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Conclusion The existing nFC-isPO care is resilient to crisis and may counteract external influences such as the Corona
pandemic. Accordingly, the pandemic had little influence on the fears of patients with cancer in the nFC-isPO. This
emphasises that psycho-oncology is vital for the reduction of stress, anxiety and depression in patients with cancer.

Trial Registration The study was registered in the German Clinical Trials Registry on 30 October 2018 under the ID

“DRKS00015326"

Keywords Anxiety, cancer, COVID-19, Depression, HADS, Mental health, Psycho-oncology, Pandemic, Regression

discontinuity design, Stratification

Introduction

COVID-19 has taken a toll on people and health systems
around the world, and many studies have examined this
novel disease and its effects [1]. In addition to the general
impact and the impact on the health system, COVID-19
also affected ongoing trials, e.g. in form of changes in the
shape of care supply. These challenges were thus in addi-
tion to the usual challenges such as slow recruitment or
managing multi-site. However, these problems with tri-
als did not only affect providers, but especially vulnerable
patient groups who had a higher risk of infection due to
pre-existing conditions and a correspondingly weakened
immune system [2—4]. One of these vulnerable groups
was patients with cancer, especially those who received
their first diagnosis during the pandemic. A cancer diag-
nosis is already a stressful and drastic event and often
leads to stress, depression and especially anxiety. When
patients receive such a diagnosis in an exceptional situ-
ation such as the COVID-19 pandemic, psychological
stress is compounded in many cases [5, 6]. For this rea-
son, holistic psycho-oncological treatment, i.e. in addi-
tion to treating the cause of the cancer, the inclusion of
mental health and its treatment is an important compo-
nent [7].

The project and the new form of care (nFC) “Inte-
grated cross-sectoral psycho-oncology” (isPO) started
in 2017 with precisely this intention, namely holistic
psycho-oncological care and above all with the aim of
creating structured needs-oriented psycho-oncological
care in Germany, and was then challenged by the con-
sequences of the pandemic during the project period
[8, 9]. isPO was conducted at four sites in North-Rhein
Westphalia using a quasi-experimental study design,
the regression discontinuity design (RDD) in combina-
tion with the Hospital Anxiety and Depression Scale
(HADS) to assess individual psycho-oncological needs
[10]. The new form of care aims to successfully reduce
anxiety and depression within the first year after cancer
diagnosis in patients with cancer through psychological,
psychotherapeutical and psychosocial measures. Given
the study design and psychological treatment, the aim
is to determine whether HADS scores decrease in the
intervention group. During the study, after the COVID-
19 pandemic onset (March 2020) [11], the four isPO care

networks provided feedback that higher HADS values
were observed in many patients, and the potential for
anxiety and depression increased [12]. Therefore, the
question arose as to how the influence of the pandemic
can be taken into account in the evaluation of the study.
This should be considered with regard to effectiveness
in terms of an increase in HADS scores, but also with
regard to necessary adjustments in care, such as switch-
ing from face-to-face care to care via telephone and
video telephony. The aim is to discuss whether the higher
HADS values observed by caregivers are reflected in the
study results by performing stratified analyses (descrip-
tive and using RDD) according to the time of enrolment
in the study programme (T1).

Materials and methods

General study information and study design

In isPO, newly diagnosed patients with cancer were
offered psycho-oncological care at different levels of care
according to their individual needs which are assessed
using the HADS. Patients were requested to complete the
HADS questionnaire at three different time points (Base-
line (T1), after 4 months of care (T2) and after 12 months
of care (T3)). TL-HADS scores are used for assignment to
the different levels of care and thus for classification into
control and intervention groups. This is done as a quasi-
randomization using the RDD, which uses a threshold
criterion to divide patients into control and treatment
groups and measure treatment effect by comparing the
intercepts of regression equations above and below a
predefined threshold and within a bandwidth [10, 13].
In isPO patients with baseline HADS values<14 were
allocated to the control group (psychosocial interven-
tion). Patients with higher values (>15) received psycho-
oncological, psychotherapeutical treatment (intervention
group). T2 and T3 (primary endpoint) are used to com-
pare the allocated patients around the threshold and
measure their psychological needs after receiving the
individual treatment. Therefore, patients with less dis-
tress at the first time point were compared to those with
higher distress. This procedure aims to record and review
the effectiveness of psycho-oncological psychotherapeu-
tical care [8, 9].
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Data collection and analysis population
N=1,757 newly diagnosed patients with cancer were
recruited in the period 01/2019-03/2021. Data were
collected at four isPO care networks (Cologne, Trois-
dorf, Monchengladbach and Neuss) in North Rhine-
Westphalia (NRW) and recorded in a computer-assisted
assistance system (CAPSYS?%%) developed for the isPO
project. For proper analysis of stratified data and primary
end point at T3, only cases followed for 12 months were
considered (N=1,140). The main analysis (RDD) com-
pares the HADS scores of N=203 patients within the two
strata (T1 pre-pandemic (N=96) vs. T1 post-pandemic
(N=107)) within the pre defined bandwidth of 13-16
points at baseline. All patients provided written informed
consent.

A detailed overview of the study and analysis popula-
tion is shown in Fig. 1.

Instruments

The main instrument of the isPO study was the Hospital
Anxiety and Depression Scale (HADS). The HADS con-
sists of 14 items, 7 of which are assigned to the depres-
sion subscale and 7 to the anxiety subscale with a score
from O to 3 for each response. The added values of the
individual items result in the subscales, whereby values
between 0 and 7 are to be interpreted as inconspicuous,
values from 8 to 10 as suspicious and values>10 as con-
spicuous. The total score ranges from 0 to 42. Based on
the interpretation of the subscales, 14.5 was chosen as
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the threshold for group assignment for the regression
discontinuity design within the nFC-isPO [14, 15].

Statistics

Simple stratification by time intervals was used to
account for the pandemic influence. Therefore, an addi-
tional categorical variable in the database was built. The
variable considers at what point in the study a patient
completed the HADS questionnaire at timepoint T1
(baseline). This variable was then used to stratify patients
into a pre- and post-pandemic groups (T1 in Q1/19-
Q1/20 vs. T1 in Q2/20-Q2/21), to identify differences
between patients” anxiety and depression levels over time
and to explore possible differences during the chronolog-
ical trend.

First, descriptive analyses were conducted to provide
an overview of the study population. Therefore, categori-
cal variables are reported as absolute and relative fre-
quencies in percentage. For continuous variables mean
with standard deviation and median with interquartile
range are given. Next, RDD analysis were conducted in
the two strata to measure the effect of the psycho-onco-
logical treatment. An RDD analysis is based on simple
linear regression in which two regression equations are
compared below and above a threshold [10]. The differ-
ence between the two regression lines or the difference
between the two axis intercepts at the pre defined thresh-
old then gives the treatment effect. This is also called the
local average treatment effect (LATE) and is graphically

Recruited N=1757

Excluded (N=617)

- no HADS after 12 month (T3)
Included/ N=1140
selected for stratification B

. T1 between
Strata: Q1/2019-Q1/2020
When was T1-HADS completed? N=575 (50.4%)

T1 between
Q2/2020-Q2/2021
N=565 (49.6%)

|

AnalySIS using Below threshold Above threshold Below threshold Above threshold
regression discontinuity design (HADS < 14) (HADS 2 15) (HADS < 14) (HADS 2 15)
N=278 (48.3%) N=297 (51.7%) N=250 (44.2%) N=315 (55.8%)
Within bandwidth N=43 N=53 N=51 N=56
(HADS between 13-16)

Fig. 1 Flowchart of study and analysis population

33



4 Applications and Results

Hagemeier et al. BMC Health Services Research (2023) 23:556

represented as a discontinuity (jump) of the regression
lines at the threshold [10, 13].

In addition, mean baseline HADS scores were com-
pared with HADS scores after 12 months of care to
show changes over time. All analyses were performed
using IBM SPSS Version 28 with available R extensions,
e.g. regression discontinuity analysis and figures were

Table 1 Sociodemographic and clinical patient characteristics
by T1-time intervals

Q1/19- Q2/20- Total
Q1/20 Q2/21 (N=1,140)
(N=575) (N=565)
Gender
Female 378 (65.7%) 362 (64.1%) 740 (64.9%)
Male 197 (34.3%) 203 (35.9%) 400 (35.1%)
Age
Mean+SD 56.7£129 570+£133 56.8+13.1
Median[Q1,Q3] 58 [50; 66] 59 [49;65] 58 [50,66]
Care level
1 54 (9.4%) 50 (8.8%) 104 (9.1%)
2 224(39.0%) 201 (35.6%) 425 (37.3%)
3a 94 (16.3%) 101 (17.9%) 195 (17.1%)
3b 203 (353%) 213(37.7%) 416 (36.5%)
Relationship status
No relationship 117 (21.2%)  134(24.7%) 251 (22.9%)
In relationship, shared 390 (70.7%) 377 (69.4%) 767 (70.0%)
household
In relationship, 45 (8.2%) 32 (5.9%) 77 (7.0%)
separate households
ISCED
Primary education 9 (1.6%) 9 (1.6%) 18 (1.6%)
Lower secondary 38 (6.8%) 28 (5.1%) 66 (6.0%)
education
Upper secondary 389 (69.7%)  385(703%) 774 (70.0%)
education
Bachelor or equivalent 33 (5.9%) 37 (6.8%) 70 (6.3%)
Master or equivalent 80 (14.3%) 84 (15.3%) 164 (14.8%)
Doctoral or equivalent 9 (1.6%) 5 (0.9%) 14 (1.3%)
Servere disability
No 393 (69.8%) 386 (69.7%) 779 (69.7%)
Yes 170 (30.2%) 168 (30.3%)  338(30.3%)
Chronicillness
No 328(58.3%) 327 (59.0%) 655 (58.6%)
Yes 235 (41.7%) 227 (41.7%) 462 (41.4%)
ICD10-entities
C15-C26 74 (13.1%) 75 (13.6%) 149 (13.3%)
C30-C39 49 (8.7%) 49 (8.9%) 98 (8.8%)
C43-C44 41 (7.2%) 29 (5.3%) 70 (6.3%)
C50 177 (31.3%) 158 (28.6%) 335 (30.0%)
C51-C58 26 (4.6%) 42 (7.6%) 68 (6.1%)
C81-C9% 65 (11.5%) 54 (9.8%) 119 (10.6%)
Other (each <5%) 134 (%) 145 (%) 279 (24.5%)
Death
Yes 11 (1.9%) 1(0.2%) 12 (1.1%)
No 564 (98.1%) 564 (99.8%) 1,128 (98.9%)
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generated with R Version 4.1.2. [16] Results were consid-
ered statistically significant for p<0.05 with a=0.05 as
the significance level.

Results

Characteristics of the patients

A total of 1,140 patients completed the HADS ques-
tionnaire after 12 months. Of these, 575 completed the
HADS for the first time between Q1/19-Q1/20, before
the pandemic, and 565 between Q2/20-Q2/21, after the
pandemic outbreak. The gender ratio was about two-
thirds women to one-third men with a median age of
about 58 years (IQR=[50-66], mean=56.8, SD=13.1).
The most common diagnoses were breast cancer (30%)
and malignant neoplasms of the digestive organs (13.3%).
An overview of all sociodemographic and clinical patient
characteristics is given in Table 1.

Modification of HADS

The mean and median baseline (T1) HADS scores of the
anxiety subscale are minimally higher in the group dur-
ing the pandemic (9.014.4 and 9 [6;12]) than in the group
before the pandemic (8.8£4.6 and 9 [5;12]). The same
applies to the depression subscale (7.1+4.6 and 6 [4;10]
vs. 6.514.5 and 6 [3;9]). However, for both groups (before
and during the pandemic), it is visible that the T3 HADS
decreases to a similar extent, by about 2 points each for
the anxiety subscale and by about 1 point each for the
depression subscale (see Table 2).

Primary outcome pre- vs. post-pandemic

Scatterplots with all cases of the two groups according
to time within the pandemic are shown (Fig. 2). In both
groups, i.e. in the control group below the threshold and
in the treatment group above the threshold, the higher
the T1-HADS score, the higher the T3-HADS score.
The second row of Fig. 2 then shows the applied RDD
analysis in the previously defined relevant section (band-
width) of the entire collective. The area of interest was
the bandwidth from 13 to 16 points on the HADS scale.
The pre-pandemic group consisted in total of N=575
patients (50.4%), of which N=96 patients lie within the
pre defined bandwidth. The post-pandemic group had
a total N of 565 patients (49.6%) and N=107 patients
within the bandwidth. Both groups show a discontinuity
of the regression lines in the area around the threshold.
However, the local treatment effect (LATE) measured
in each case is not significant. In addition, only the local
treatment effect of the post-pandemic group points in
the right direction (LATE=-0.2933), as it is negative and
thus indicates an improvement (reduction) in the HADS
values.
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Table 2 Summary of the subscales and total HADS scores at
baseline (T1) and at the primary endpoint after 12 months of
care (T3) for the pre- and post-pandemic groups

Q1/19- Q2/20- Total
Q1/20 Q2/21 (N=1,140)
(N=575) (N=565)
HADS anxiety T1
Mean+SD 88+4.6 9.0+44 89+45
Median [Q1;Q3] 91512] 916,12] 916;12]
HADS anxiety T3
Mean +SD 72+43 76+43 74+43
Median [Q1;Q3] 714,10] 71411] 714,10]
HADS depression T1
Mean+SD 6.5£45 7.1£46 6.8+46
Median [Q1;Q3] 6 [3;9] 6[4;10] 6(3;10]
HADS depression T3
Mean+SD 55+44 6.2+4.8 58+46
Median [Q1;Q3] 512;8] 512;10] 5129
HADS total T1
Mean +SD 152+85 160+84 156+84
Median [Q1;Q3] 15 [8;21] 16 [10;22] 15[9;21]
HADS total T3
Mean +SD 12.7+82 13.8+8.5 13.2+84
Median [Q1;Q3] 12 [6;18] 13 [7;20] 12 [6;19]
Group by HADS-Cut-off
HADS<=14 278 (48.3%) 250 (44.2%) 528 (46.3%)
HADS>=15 297 (51.7%) 315 (55.8%) 612 (53.7%)

* HADS: Hospital anxiety and depression scale

Mean HADS over time

In addition to the primary outcome, mean baseline and
HADS scores after 12 months of treatment are compared
in Fig. 3. Across all quarters, the overall mean HADS
baseline scores are found to be in a very similar range
between 15 and 16 points. 12 months after treatment, the
HADS scores are also in a very similar range between 12
and 14 points. A direct comparison of the mean HADS
scores at baseline and 12 months after treatment shows a
reduction of about 2-3 points.

Comparing the control and intervention groups, the
mean pre-treatment HADS scores in the intervention
group at baseline (T1) are around 22 points across all
quarters, well above the chosen threshold. The mean
HADS scores of the control group, on the other hand,
were around 8 to 9 points and thus, as with the inter-
vention group, not in the range of 13—16 points relevant
for RDD analysis. Comparing the mean HADS scores
over time after 12 months of treatment between the two
groups (intervention vs. control), it is visible that in the
intervention group there was a reduction of the scores
from over 20 points at the beginning of treatment to
about 15 to 17 points after 12 months. In the control
group, on the other hand, a slight deterioration, i.e. an
increase in the scores, can be seen.
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Discussion

The nFC-isPO aimed to reduce anxiety and depression
in patients with cancer as measured by HADS. However,
due to the pandemic, it was suspected that patients would
be exposed to additional psychological distress on top of
the already high psychological distress caused by cancer,
which could prejudice the treatment effect. Therefore,
stratified analyses for primary outcome- (T3, 12 months
of care) were performed in this article to examine the
effects of COVID-19 in the isPO trial.

In contrast to the initial feedback from the four isPO
care networks, the results of our descriptive analyses
over time showed that the HADS scores in the post-
pandemic group were only slightly higher on average or
median overall than in the pre-pandemic group. This
is also shown in other studies, such as Bargon et al.[17]
being one of the few studies that examines the associa-
tion between mental health in relation to cancer and the
impact of the pandemic.

Many other studies investigated COVID-19 and the
resulting deterioration in mental health [18, 19]. isPO,
tried to reduce anxiety and depression in newly diag-
nosed patients with cancer with a stepped care approach.
It was started before and carried on during the pandemic
while facing additional challenges as a result of the pan-
demic. Even before the pandemic, supporting and coun-
seling vulnerable groups, e.g. patients with cancer, was
considered as very important [20]. In the face of addi-
tional sudden factors, like the pandemic, it is even more
important to avoid additional stress[21, 22].

This is also reflected in the results of isPO, as the aver-
age anxiety and depression scores before the outbreak
of the pandemic hardly changed compared to after. On
the other hand, cancer studies without psycho-oncology
stepped care approach, show significantly higher anxi-
ety and depression scores due to an external factor such
as COVID-19 [23]. It can be concluded that needs-ori-
ented psycho-oncological support has a positive impact
and reduces anxiety not only with regard to the cancer
diagnosis, but also with regard to other medical factors/
problems that have a negative impact on anxiety and
depression, such as COVID-19 [24-26]. This implies that
because the isPO-patients already received personalized
psycho-oncological care during the pandemic, the HADS
scores did not increase significantly compared to patients
who received a cancer diagnosis during the pandemic
without additional psycho-oncological care (no nFC-
isPO) [27, 28].

Regarding the results of the RDD analysis, the compari-
son of the pandemic groups showed that the discontinu-
ity, i.e. treatment effect, increased in the pre-pandemic
intervention group instead of decreasing as expected.
In comparison, the post-pandemic group showed the
expected decrease in HADS scores in the intervention
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Fig. 2 Scatter plot (four panels) of the primary outcome with the results of the regression discontinuity analyses (local average treatment effect - LATE)
for the group before (left) and after (right) the pandemic for the patients’baseline HADS scores (T1) and HADS scores after 12 months of treatment (T3)
* Below Threshold (HADS < 14): control (black); above threshold (HADS > 15): intervention (grey)

group. This outcome might be caused by the fact that the
patients who had completed the HADS questionnaire at
T1 pre-pandemic almost all only completed the T3 sur-
vey during, many also right at the beginning, of the pan-
demic. That is, the higher HADS scores could be due to
additional stress from the pandemic. The group during
the pandemic, on the other hand, filled out all question-
naires after the start of the pandemic, so that the pan-
demic situation was still tense, but no longer completely
new. Moreover, by the time the pandemic started, nFC-
isPO was already more advanced and matured within the
four sites. Therefore, working routines saved the ongoing
of the intervention with high quality [29].

Limitations

A major limitation of the study was the high number
of cases required for conducting RDD analysis. Origi-
nally, a case number of over 3,500 patients was planned
in order to have sufficient cases for the RDD analyses
(power calculation). After adjustments to the sample size
due to poor enrollment, including the pandemic and the
complexity of the nFC-isPO, only about half (N=1,757)

of the originally planned sample size could be enrolled.
Although this was the minimum number of cases for the
relevant RDD analyses, RDDs still benefits from the high-
est case numbers possible.

Another limitation for the proof of effectiveness
was the patient group selected for ethical reasons. In
the range between 13 and 16 points of the HADS, the
treatment group showed a rather low need for psycho-
oncological care. A more targeted examination of more
severely stressed cases showed that the care offers were
taken up and also showed corresponding effects (see
summative study report [12]). Furthermore, the effective-
ness of a psychotherapeutic intervention cannot be pre-
sented without the effect of time (in this case 12 months)
and the effect of individual dose (number of therapeuti-
cal talks). Finally, the analyses conducted here cannot
conclusively clarify whether the short-term reported
increase in HADS scores by isPO-staff during pandemic
reflects fear of additional illness and the impact on cancer
treatment, or whether scores increased in the short term
due to fears of poor accessibility to doctors or other can-
cer support services.
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Conclusion

Patients with cancer are considered as vulnerable group
who suffer from anxiety and stress very suddenly [30],
regardless of other external factors such as the COVID-19
pandemic presented here. Our results underline how reli-
able and resilient the nFC-isPO is to external influencing
factors in everyday hospital practice. On the one hand,
it turned out that HADS scores were not permanently
higher, although this was perceived by the isPO care net-
works at the beginning of the pandemic. For another,
despite the pandemic, the nFC-isPO led to a decrease
in HADS scores on average over time. Interestingly, this
was despite the need to switch from face-to-face care
to sometimes exclusively telephone or video-based care
[31, 32]. Therefore, the results underline the importance
of early and personalized psycho-oncological support in
order to reduce stress, anxiety and depression in patients
with cancer.
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Abstract

Objective

Randomised controlled trials (RCTs) are considered the gold standard in clinical
research. However, randomization isn’t always feasible, e.g., due to ethical consider-
ations. As a result, quasi-experimental designs, such as the regression-discontinuity
design (RDD), have been advocated as valuable alternatives and are increasingly
employed in health sciences. So far, however, there is no way to take repeated
measures into account in an RDD analysis, although repeated measures are not
uncommon in medical research. This article proposes an extension of the RDD meth-
odology to incorporate repeated measures within the statistical analysis.

Methods

The article introduces consistent mathematical notation for combining a univariate RDD
with a linear mixed model (LMM) to account for repeated measures. The application is
presented using data from the nFC-isPO (N=1,417), where the Hospital Anxiety and
Depression Scale (HADS) was employed to assess anxiety and depression in newly
diagnosed cancer patients over a 12-month treatment period. The HADS scores were
measured at baseline (T1), after 4 months (T2) and after 12 months (T3). Patients
were assigned to control (psychosocial care) or treatment (psycho-oncological-
psychotherapeutic care) group based on a predetermined HADS threshold at T1.

Results

The average treatment effect (ATE) was similar in both univariate RDD and LMM-
RDD when applied to complete cases. Including all available data (T2 and/or T3),
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univariate RDD analyses were based on different samples for each time point. At T2,
the ATE sign reversed from negative to positive, suggesting a change in discontinuity
direction. At T3, the ATE magnitude nearly doubled compared to the complete case
analysis. LMM-RDD estimated treatment effects were higher than those from univar-
iate RDD. Nevertheless, none reached statistical significance. The time effect (At),
representing the difference in treatment effects between two time points (complete
case: At=0.577; T2 and/or T3 available: At=0.491), was not significant (p=0.855;
95%-Cl: [-5.589; 6.743]; p=0.869, 95%-Cl: [-5.328; 6.310]).

Conclusion

Extending the RDD to incorporate repeated measures within a linear mixed model
(LMM-RDD) provides a more robust and comprehensive analytical approach when
an RCT is not feasible. This approach not only addresses the challenges of missing
data and an unbalanced number of outcome measures, but also allows for the identi-
fication of time-varying treatment effects that may not be discernible using traditional
RDD.

Trial registration

The study was registered in the German Clinical Trials Registry on 30 October 2018
under the ID “DRKS00015326”.

1. Introduction

Although the randomised controlled trial (RCT) is the gold standard in clinical
research, it cannot be done in every setting. For example, if the intervention to be
evaluated has already been implemented in standard practice withholding from certain
patients may not be an ethical option anymore [1]. However, a quasi-experimental
design, mimicking randomization of individuals, might still provide valid information to
evaluate the intervention. Specifically, in the regression discontinuity design (RDD),
which in its simplest form is based on ordinary linear regression, a predefined thresh-
old is used to assign cases to treatment groups. The control group receives standard
care, while the intervention group receives standard care plus extended care. This
assignment is based on a continuous parameter measured before the intervention.

A quasi-randomisation is created around the threshold within a certain pre-defined
range (bandwidth). Within this range, the treatment effect can be estimated, visible
as the discontinuity of two regression lines at the threshold [2]. The design has its
origins in 1960 [3], however was rarely used in the health sciences until 2010, and
thereafter has become increasingly popular, especially in the last five years [4].
Despite the increasing use of this design and the ability to examine causal relation-
ships without random assignment, there is currently no way to account for repeated
measures within the RDD. Repeated measures are common in medical research and
many studies use them to estimate treatment effects over time [5], including the new
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Form of Care and integrated cross-sectoral Psycho-Oncological (nFC-isPO) study. The nFC-isPO ran from 2017 to 2022
and aimed to reduce anxiety and depression in newly diagnosed cancer patients during 12 months of care. The Hospi-
tal Anxiety and Depression Scale (HADS) was used to measure the patient’s burden at time of diagnosis (baseline, T1),
after 4 months (T2) and after 12 months of treatment (primary outcome, T3) [6,7]. The study was conducted and analysed
using the RDD where both the continuous assignment variable and the outcome variable are HADS scores measured
at different time points. The assignment into control (HADS<14) and intervention (HADS215) group was done using the
baseline HADS value (T1, assignment variable) with c=14.5 as the cut-off value [8,9]. This threshold value is established
in psycho-oncological care and was used in the isPO study due to its clinical relevance for the classification of ‘moderate
to high psychological stress’ [7,10,11]. For final evaluation of the study, the time points T2 and T3, were analysed sepa-
rately, as with the standard RDD approach it is not possible to take into account time effects. In order to obtain additional
information on temporal relationships, mixed models for repeated measures were applied in secondary analyses [12].
However, an integrated approach considering time effects within the RDD analysis was not yet described in literature.
The aim of this article is to oppose and formally describe mixed model repeated measures approach to analyse the
RDD for a scenario with continuous outcome measured at 3 time points (baseline T1, T2, T3) and to exemplify this novel
approach with recent data from the nFC-isPO.

2. Methods
2.1 Model extension

To address the effect over time, the functional form of the RDD, which is based on a simple linear regression, needs to be
extended to a linear mixed model for repeated measures.

Defining Y as the continuous outcome for n observations, X as the covariate that is the continuous assignment variable
for each observation and c as the cut-off value for treatment assignment based on the covariate X. Furthermore, define
X = x;— ¢ as the measure of the distance to the cut-off and let 1 denote the indicator function for the treatment allocation,
that equals 0 if x; < c (control group) or 1 if x; > ¢ (treatment) (the so-called “sharp RDD”).

Then the univariate (i.e., considering only one time point) RDD equation [2] is given as

Yi= B+ B1Xi* + Bo1(x; > ¢)xi* + B31 (x> ¢) + €

=By +8 x-*+{ﬁ2xi*+ﬁ3+ei, ifx;> ¢
- rFo 1N

e L ifxi<c (1)

with i=1,2, ..., n patients and residuals e; ~ N (0, o) with mean of 0 and variance of o2 as the random error. Equation (1)
corresponds to Fig 1 where 3y is the intercept, 34 denotes the slope (m,) of the regression line below the cut-off (control),
B denotes the change in slope (m, = my, + 32) for the regression line above the threshold (treatment) compared to the
control group and 33 denotes the average treatment effect (ATE, discontinuity/ “jump” at cut-off).

A more detailed description of the RDD can be found in [2]. Equation (1) is then extended to a linear mixed model
(LMM) for repeated measures over time:

Yij = Bo + B1x™ + B2l (x; > ) x;* + B3l (X; > €) + Sjj + by + €i @)
J

with S;j = Z Dj/J[,BM, + BspX; + Bejl (x;>C) X7 + B7;1 (x> ¢)]
j=2
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where Y is defined as the continuous outcome for patient i =1, 2, ..., n and time points j=1,2,3,..., J.
1 ifj =j. . . . L .
Dy =<7 S =Jisa dummy variable to model the time effect with running index j/ = 2,3,...,J.
7470, otherwise

B4, denotes the change in intercept at time point j/ compared to time point 1. 35 and (s denote the changes in
slopes at time point j/ compared to time point 1and 37 is the change in the treatment effect for time point / compared
to time point 1. by ~ N (0, o), with a mean of 0 and a variance oy, is the random intercept for patient i to account for
stochastic dependence over time (repeated measures) and g;; ~ N(0, o) with a mean of 0 and a variance ¢ denotes the
vector of error terms for patient j at time point j. A random slope could be defined in a similar way for each coefficient, but
is not considered further below for the purpose of simplicity.

For illustration, equation (3) shows the example for just two outcome measures, i.e., two time points withJ =2 (j= 1,2
and j/ =2)fori=1,2,..., npatients:

Vij = Bo+ B1xi* + B2l (x> ©) X" + B31 (X; > €) + Dy j[Bay + B57X + BoyL (X; > €) X; + P71 (Xi > ¢)] + boi + e

o+ Brxi” + BoXi + B3+ Dy [Byj + BojXi + Bejr X + Brj] + boi + €ij, if Xi > ¢
I Dy By + BspXi] + boi+ €ij ,ifxi<c @)
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With Dy 4 = 0 and Dy, = 1 a schematic representation of equation (3) is given in Fig 2.

The extended model now considers the correlation between repeated measures for each observation. Moreover, allows
the inclusion of cases with only one follow-up outcome measure, assuming that these are missing at random. The exten-

sion of the RDD equation to a linear mixed model RDD for repeated measures allows the evaluation of the time effect

within an RDD analysis. This is achieved by estimating the difference between two regression coefficients corresponding
to the treatment effects at individual time points.

2.2 Calculation of the time effect

To evaluate the time effect, the standard error, the corresponding confidence interval as well as the corresponding t-statistic-
and p-value can be calculated for the difference between two regression coefficients [13,14]. First, the difference between

Outcome )
Y Control
[ATE; = ATE; + B
~ = Ma,1 T B5,2 + Be,2
Bo + B4,2
B o I's 0
o o’o o0 1
.o o .
o ._-o' ) |
o . =mp,1 B2
1
'
1
Cut-off ¢ X
Assignment
variable

Bandwidth bw

Bo: Intercept

mp,1 = B1: Slope with b = below the cut-off ¢ for j =1
B2: change in slope for treatment compared to control
Ma,1 = Mmyp,1 + B2: Slope with a = above the cut-off ¢ for j =1

ATE, = B3: discontinuity, average treatment effect for j =1

Bs,2, B6,2: change in slope at time point 4’ compared to time point 1

Mp,2, Ma,2: Slopes with b = below and a = above for j = 2 and j' = 2
Br,2: change in treatment effect for time point j' compared to time point 1
ATEy = ATE, + Br,2: discontinuity, average treatment effect for j = 2

Fig 2. Plot of the LMM-RDD for the special case of j=1,2.

https://doi.org/10.1371/journal.pone.0343414.9g002
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the coefficients of interest is calculated, where these coefficients represent the treatment effect at different time points
ke {1, 2,..., J}. The difference corresponds to the time effect and is given by At = ATE; — ATE, with j # k and where the
head notation denotes an estimate. The corresponding standard error can be derived using Bienaymé’s theorem [15]:

SE (At) = \/W:\/Var (/Tﬁ:'j_ﬁk>: \/Var (/T'FE,) +Var (A/T\l:'k> -2. Cov (A/T\E,- , A/T\Ek) @

The standard error and the estimated difference of the coefficients (time effect) can then be used to calculate the corre-
sponding t-value: tat = ﬁ and via the z-score (which approximates the t-value for large samples [16]) the p-value can
be calculated by pas =2 (1-P(Z < |z|)). Finally, a confidence interval (C/) for the difference between the coefficients
(time effect) can be determined:

95% Cl = At+ z5 SE(AY) with z5 = 1.96.

In the following, both the simple linear RDD and the LMM-RDD for repeated measures (with unstructured variance-
covariance matrix over time) are exemplified using the data from the isPO study. All analyses are exploratory and were
done using R 4.4.0 [17]. Results were considered statistically significant at a significance level of a=0.05 when p<0.05.

2.3 Data collection and analysis population

Between January 15, 2019 and March 31, 2021, N=1,756 newly diagnosed cancer patients were enrolled in four isPO
care networks (Cologne, Troisdorf, Monchengladbach and Neuss) in North Rhine-Westphalia (NRW) and documented in
the CAPSYS202° computer assistance system developed specifically for the project. Each patient received individualized
care and was therefore assigned to different treatment groups based on their needs as determined by their HADS scores
(baseline, T1) at study enrolment. Patients with HADS scores < 14 received a psychosocial intervention (control group)
and patients with scores > 15 received psychooncological, psychotherapeutical treatment (intervention group). After 4
(T2) and 12 months (T3), the HADS was measured again, and the treatment effect for the primary analysis in isPO was
analysed separately for the two measurement time points (T2, T3) using standard RDD within a predefined bandwidth
(HADS between 13—16) around the cut-off value [9]. Since a HADS result had to be available at least after 4 or 12 months
for evaluation, 339 cases were excluded. This results in an N of 1,417 cases for the analysis population to estimate the
treatment and time effects via LMM-RDD (Fig 3). All patients gave their written informed consent.

2.4 Ethics statement

The study was conducted in accordance with the Declaration of Helsinki and the Ethics Committee of the Medical Faculty
of the University of Cologne has approved the isPO project (18-092). The isPO study is registered in the German Clinical
Trials Registry (DRKS00015326). All participants have been informed about the aim of the study and about the voluntary
nature of participation and have signed a written informed consent form for participation in the isPO care programme and
data processing.

3. Results

3.1 Characteristics of the patients

N=1,417 nFC-isPO patients had at least one HADS follow-up outcome available at 4 (T2) or 12 months (T3). Limited to
the relevant bandwidth of 13—16 points on the HADS scale at baseline (T1), N=247 cases remain for primary analysis.

Around two thirds of them were female. 61.5% reported to live in a relationship and in the same household with their
respective partners. Detailed information about main characteristics of the patients can be found in Table 1.
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Recruited N=1.756

Excluded (N=339)
- no HADS after 4 (T2) or 12 month (T3)

At least one HADS follow-up 141
outcome available (T2 or T3) N=1.417
T2orT3: * N=4 observations have no
N=247 HADS value at T2, but at T3
Cases within bandwidth J
(13<HADST1< 16)
T2: N=243 T3: N=202

Fig 3. Flowchart of study and analysis population.

https://doi.org/10.1371/journal.pone.0343414.9g003

3.2 Results of the univariate and mixed model RDD

Table 2 shows the results of the univariate and linear mixed model RDD for the cases with complete follow-up data
and for the case where either T2 and/or T3 are available. To illustrate the difference in results, depending on the data
used, both modelling approaches were applied to cases with complete follow-up data to show that the result, the ATE
, is the same (A/T\Erz =-0.213; A/T\ET:; = 0.364) regardless of whether the RDD is performed in its usual univariate or
extended linear mixed model form. When the models are applied to patients with at least one follow-up visit (T2 and/or
T3 available), univariate RDD estimates are based on (slightly) different samples of cases for each time point. In the
univariate case for T2, the sign changes from negative to positive and the discontinuity changes direction. Although
the sign of the ATE estimate changes, both estimates were very close to zero with wide confidence intervals. For

T3, the ATE = 0.676 is almost twice as high as in the model applied to the cases with complete follow-up data, but
again the estimate is very small with a wide confidence interval. The treatment effects estimated by the LMM-RDD are
even higher than the effects calculated in the univariate models, but still with large confidence intervals. None of the
results reached statistical significance.

3.3 Effect over time

Within the mixed model, it is now possible to calculate the time effect as the difference between the two

treatment effects at the different time levels. The time effect with cases with complete follow-up data was

At =0.364—(-0.213) = 0.577 (p = 0.855; 95% —Cl : [-5.589; 6.743]) with a standard error of 3.146 and a t-value of
0.183. Fig 4 is the graphical representation of the LMM-RDD in which the HADS value of T2 or T3 are not missing (see
last row of Table 2). In order to obtain an overview of the data, the upper scatter plots show the relationship between

the HADS values at time T1 and the respective outcome measurements at T2 and T3 over the entire value range of the
HADS, whereby it can be seen that the respective outcome value increases with increasing initial value. Below is the rep-
resentation of the LMM-RDD within the specified bandwidth with an ATE of 0.481for T2 and an ATE of 0.972 for T3 (both
not significant; s. Table 2). The table below all four plots contains the estimated time effect (At = 0.491), which is also not
significant (p = 0.869, 95% — C/ : [-5.328; 6.310]).
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Table 1. Sociodemographic and clinical patient characteristics for analysis population and the
population within the bandwidth (HADS between 13 to 16) for the primary analysis of the RDD.

Bandwidth Total
(N=247) (N=1,417)
Gender
Female 160 (64.8%) 902 (63.7%)
Male 87 (35.2%) 515 (36.3%)
Age
Mean +SD 56.1+14.0 57.1+13.0
Median [Q1; Q3] 57.0 [49.0;66.5] 58.0 [50.0;66.0]
Care level

Cancer self-help (care level 1)

7 (2.8%)

122 (8.6%)

Psychosocial cancer counselling (care level 2)

109 (44.1%)

523 (36.9%)

Psycho-oncological psychotherapy (care level 3)

131 (53.0%)

772 (54.5%)

Relationship status

No relationship

68 (27.5%)

331 (23.4%)

In relationship. shared household

152 (61.5%)

942 (66.5%)

In relationship. separate households 16 (6.5%) 90 (6.4%)
Missing 11 (4.5%) 54 (3.8%)
ISCED
Primary education 3 (1.2%) 23 (1.6%)
Lower secondary education 11 (4.5%) 90 (6.4%)
Upper secondary education 169 (68.4%) 956 (67.5%)
Bachelor or equivalent 10 (4.0%) 94 (6.6%)
Master or equivalent 43 (17.4%) 199 (14.0%)
Doctoral or equivalent 4 (1.6%) 17 (1.2%)
Missing 7 (2.8%) 38 (2.7%)

Severe disability

No 168 (68.0%) 959 (67.7%)
Yes 74 (30.0%) 432 (30.5%)
Missing 5 (2.0%) 26 (1.8%)

Chronic illness

No 140 (56.7%) 815 (57.5%)
Yes 102 (41.3%) 576 (40.6%)
Missing 5 (2.0%) 26 (1.8%)

ICD 10 / Tumor-entities

Digestive organs (C15-C26)

31 (12.6%)

219 (15.5%)

Respiratory and intrathoracic organs (C30-C39) 18 (7.3%) 135 (9.5%)
Skin (C43-C44) 14 (5.7%) 82 (5.8%)
Breast (C50) 72 (29.1%) 373 (26.3%)
Female genital organs (C51-C58) 13 (5.3%) 83 (5.9%)

Lymphoid, hematopoietic and related tissue (C81-C96)

26 (10.5%)

147 (10.4%)

Other (each<5%) 67 (27.1%) 345 (24.3%)

Missing 6 (2.4%) 33 (2.3%)
Death

No 236 (95.5%) 1,360 (96.0%)

Yes 11 (4.5%) 57 (4.0%)

https://doi.org/10.1371/journal.pone.0343414.t001
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Table 2. Results of the univariate and the linear mixed model RDD.

T2 3

N, |ATE  |Std.Err. |twalue |p-value |95% Cl N, |ATE |Std.Err. |t-value |p-value |95%Cl
Complete case
Univ. 198 |-0.213 | 1.759 -0.121 0904  [-3.682;3.255] 198 |0.364 | 2.070 0176 0861 | [3.719;4.447]
RDD
LMMRDD | 198 | -0213 | 1.921 -0.111 0912 |[-3.994;3.567] 198 |0.364 | 1.921 0189 0850 | [-3.401;4.129]
T2 or T3 not missing
Univ. 243 0322 | 1.665 0193 0847 | [-2.958;3.601] 202 |0.676 | 2.053 0329 0742 | [-3.372;4.724]
RDD
LMM-RDD | 243 0481  1.775 0271 0786  |[-3.01;3973] 202 |0.972 | 1.870 0520 0603 | [-2.693;4.637]

https://doi.org/10.1371/journal.pone.0343414.t002
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Fig 4. Scatter plot (four panels) of the linear mixed model regression discontinuity design and the estimated time effect (At) for the compari-
son of the patients’ outcome HADS scores at T2 (after 4 months) and T3 (after 12 months of treatment).

https://doi.org/10.1371/journal.pone.0343414.g004
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4. Discussion

The RDD gives a promising alternative for drawing causal conclusions in case random group assignment is not feasible.
Previously, it was not possibility to include repeated measures in the RDD. In order to close this gap, the simple linear
RDD was extended to a repeated measure linear mixed model RDD by including the factor time and a random intercept
(see equation 2). To demonstrated the advantages and differences of the linear mixed model RDD compared to the uni-
variate RDD, data from the nFC-isPO study were reanalysed. First, only cases with complete follow-up data and, second
all data (T2 and/or T3 are available) were considered. With the univariate method, a direct comparison between the time
points on the basis of the calculated effects for cases with complete follow-up data is not possible. A valid 95% CIl needs
to account for the statistical dependence of both time points (repeated measures). Therefore, only a graphical interpre-
tation or comparison of the RDD lines is possible. When using all available data, a graphical analysis is still possible, but
even more limited, as the calculations of the treatment effect are based on (slightly) different samples. This implies that
the database should be limited to cases with complete follow-up data or cases with valid primary endpoint, thus informa-
tion is deliberately excluded from the analysis. With a linear mixed model a restriction to complete follow-up data is not
required. When effects are estimated, particularly due to treatment and time, the correlation structure of repeated mea-
sures is accounted for [12].

4.1 Limitations and open issues

A major limitation of conducting a study in the medical field is the often limited sample size, which poses a problem when
using an RDD. Simulation studies have shown that RDDs require a larger amount of data than RCTs in order to detect
(moderate) treatment effect sizes and achieve comparable statistical power. The reason for this is that only units that are
close to the threshold value can be compared —i.e., in the pre-specified range where quasi-randomisation can be assumed
[18—20]. This might be one explanation for the overall insignificant results, including the rather wide confidence intervals of
the analyses performed. Moreover, with regard to the application of the methods to the nFC-isPO study data, there was the
limitation that the cases within the bandwidth were either too similar in terms of the individual need for psycho-oncological
care or the burden above the defined threshold was too low to be able to demonstrate a relevant treatment effect.

This article extends a current method and demonstrates its feasibility with empirical data. For clarity, the analysis was
limited to a random intercept model; however, further research could incorporate random slopes to gain valuable insights
into individual differences over time. Further investigation is also needed to systematically compare the performance of
the univariate and LMM-RDD approaches in a simulation study, considering various sample sizes, effect sizes, and miss-
ing data patterns.

5. Conclusion

Applying a linear mixed model (LMM) to a regression discontinuity design (RDD) with repeated measures is a powerful
approach to analyse longitudinal data in case a RCT cannot be conducted. The presented combined model (LMM-RDD)
enables the estimation of time effects, which has not been possible with the existing approaches, yet.
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5 Discussion

Although RCTs are still considered the gold standard for conducting and evaluating stud-
ies in the field of health services research, they are often unsuitable in clinical situations
or study settings with real world data for ethical or practical reasons. At the same time,
alternative approaches with the next highest level of evidence, such as quasi-experiments like
the RDD, reach their methodological limits when evaluating longitudinal data. Therefore,
this dissertation examines an expanded methodological approach that combines the RDD as
a study design and analysis method with the LMM approach in order to adequately consider
longitudinal data for the first time. To this end, the dissertation comprises three consecutive
publications. These describe the path from the methodological fundamentals of the RDD
(first article) to the practical application of the RDD approach in the context of health re-
search (second article) to the methodological expansion for longitudinal data (third article).

Whereby the latter article forms the methodological core of the thesis.

In order to contextualise the three publications and their findings, first, the most important
aspects of each article are summarised below. Building on this, a critical reflection on the
methodological strengths and limitations is carried out within this chapter. Furthermore,
the results of the dissertation are classified according to the current state of research and
open issues are discussed. Finally, the derived conclusions and implications are presented for

future research .

5.1 Key aspects of the publications

The three publications highlight different but complementary aspects of the RDD approach.
Thereby, the key findings from the articles illustrate how the methodological approach has
developed from theoretical fundamentals to clinical application and methodological expan-

sion, and what potential it has for future research.

Table 5.1 summarises the aims and key aspects of the three articles. The first article aims to
systematically introduce the standard RDD approach and its methodological fundamentals as
a quasi-experimental method and demonstrate its practical applicability in health research. It
provides researchers with a step-by-step guide for practical application, including programme
code for various statistical software programmes. Thus, the publication emphasises that the
RDD approach offers an accessible strategy for presenting causal inference when randomi-
sation is not feasible and group assignment can be based on a threshold. Furthermore, a
particular feature of RDD compared to RCT is that it represents both the design and the
evaluation method of a study, thus closely linking the methodological logic of the study to

51



5 Discussion

the statistical analysis. Consequently, the article forms the methodological basis of the dis-
sertation, as it examines the theoretical principles of RDD and operationalises them in the
health context. Simultaneously, the work establishes an important link between methodology
and application of the standard approach by demonstrating how theoretical concepts can be
implemented in practice. Overall, the article thus provides the conceptual framework for
the dissertation, on which the subsequent publications — application of the standard RDD
method in a clinical setting and methodological extension for repeated measurements — are
based.

Table 5.1: Aims, contribution and key aspects of the three articles to the dissertation

‘ 1. Article ‘ 2. Article ‘ 3. Article
Ai d
C:)I:ll‘csr?t)nution e methodological intro- | e application of known e extension of RDD for
duction of the quasi- classic RDD approach repeated measure-
experimental RDD in a health science ments
e explanation of the study e provides precise math
basic mathematical e analysis of COVID- notation of extension
notation 19 pandemic as con- compared to standard
e hands-on demo us. founder in nFC-isPO approach
ing an example from e demonstrate the e demonstrates applica-
health research application of the tion of the extended
o bresentation of method on real world method with data
P . data (nFC-isPO) from nFC-isPO
strengths and limi-
tations in practice e increase visibility and | e compares results of
. popularity within the standard RDD with
° meth(.)dologl.cal and health science filed results of LMM-RDD
practical guide for use
in health sciences e points out the limita- | e shows that LMM-
tions of the standard RDD improves ef-
RDD with repeated ficiency and inter-
measurements pretability over stan-
dard RDD
Data basis Simulated data with Data of the nFC-isPO Data of the nFC-isPO
context to nFC-isPO
Sample size | N=500 | N=1140 | N-1417

In the second article, the methodological approach of standard RDD was applied in a sub-
group analysis within the nFC-isPO study, demonstrating its practical applicability and rel-
evance in a real-world healthcare setting.

The subgroup analysis was an additional, previously unplanned analysis, as the COVID-19
pandemic posed an additional challenge for the study personnel during the conduct of the
nFC-isPO and represented a confounding factor for the interpretability of the results. There-
fore, a stratified RDD analysis was performed to identify potential biases in the results due
to the pandemic. However, the publication not only enables a clearer interpretation of the
results, but also contributes to the visibility of the RDD approach in clinical and health
research, an area in which this design has only been used to a limited extent to date.

Simultaneously, the article also points out a significant limitation of the quasi-experimental
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design, as repeated measurements cannot be adequately accounted for in the standard RDD
approach, meaning that time effects could still distort the results. Beyond its specific ap-
plication, the publication therefore points to the methodological necessity of extending the
approach to include suitable methods for longitudinal data for repeated measures, such as
linear mixed models. Thus, this article highlights the research gap with regard to the RDD
approach and, in the context of the dissertation, serves as a transition to the methodological

extension in the third article.

Article 3 forms the core of the dissertation and contributes to closing the aforementioned
research gap. It presents the methodological extension with clear, precise mathematical no-
tation compared to the standard RDD approach. The comparative presentation of the results
of both approaches shows that, on the one hand, the LMM-RDD now allows all cases with
at least one follow-up measurement to be taken into account, i.e. the integration of repeated
measurements in the RDD approach is enabled by the LMMs, which leads to less data loss,
and that, on the other hand, temporal effects can now be calculated directly. These changes
to the standard RDD demonstrate that the new approach improves statistical efficiency and
adds a new level of interpretability. Furthermore, the application of the methodology in the
field of health research using data from the nFC-isPO study is presented, highlighting the
practical applicability of the extended method. By presenting the application and mathe-
matical notation, including graphical representations of individual aspects of the formula,
other researchers, such as biometricians, epidemiologists or clinicians can easily reproduce

the methodology and apply it to their own research questions.

5.2 Relevance to the current state of research

Although the RDD has become a central approach for identifying causal effects in health
research in recent years and has proven to be a solid alternative to RCTs [82-85|, method-
ological challenges remain that limit its applicability in certain contexts. The publications
and the dissertation address these challenges and contribute to the expansion and refinement
of the existing RDD approach through the methodological advancement of the RDD for re-

peated measurements.

The application of the standard RDD approach is mainly limited to settings with cross-
sectional data, where only one observation is available for each study unit [86]. Some studies
also apply RDD to pre-post designs, but this application of the design essentially represents
a special form of the standard RDD approach, as the pre-measurement is interpreted as the
group allocation variable with the threshold value and the post-measurement as the outcome
variable. The approach therefore clearly reaches its limits when it comes to time effects so
that there is a risk of underestimating standard errors or interpreting effects as causal that
are actually attributable to existing time trends [86, 87].

The special pre-post form of the standard RDD approach was also used in the nFC-isPO

study, whereby an additional second outcome measurement was carried out over time. How-
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ever, although repeated measurements of the same patient fundamentally implied a longi-
tudinal data structure, the standard RDD initially only allowed separate analysis of the
individual measurement points due to its conceptual limitations, which in fact corresponded
to a cross-sectional analysis. As a result, intra-individual correlations and time effects, which
often occur in longitudinal data, could not be taken into account in the assessment of the
primary endpoint in isPO using the standard RDD approach [70, 88|.

Since these existing limitations of the standard RDD led to methodological challenges not
only in isPO but also in other studies, considerations were made in the past regarding the
methodological further development of the RDD with regard to time-related influences.

A relatively new approach that establishes a link between time and RDD and is increasingly
being used is the regression discontinuity in time (RDiT) approach [86, 89]. The RDiT uses
time as the continuous assignment variable (running variable). It has its origins primarily in
political science and econometrics, where it is used to analyse the effects of political decisions,
reforms or institutional changes that are implemented at a clearly defined point in time. The
central idea is that a specific event or intervention takes place at a specific point in time,
and observations immediately before and after this time are compared in order to determine
the causal effect of the action. A typical example is the examination of legislative changes,
political interventions or regulatory measures, where the date of implementation serves as a
threshold value [86]. However, the RDiT approach has also been increasingly used in the field
of health research, for example to evaluate changes in digital health measures [89]. Overall,
RDiT therefore follows the same methodological logic as standard RDD. It compares obser-
vations immediately before and after a threshold value, but only at a specific point in time.
While this demonstrates that the use of time as an allocation variable integrates the time
component into the RDD approach, it nevertheless remains an analysis of unique, abruptly
dated events [86, 89].

Consequently, the fundamental limitation remains that the design cannot adequately capture
complex time-related relationships and effects or intra-individual developments, as is the case
with repeated measurements of other continuous variables. Therefore, the challenge remains
to consistently identify the causal effect at the threshold while methodically and correctly
take repeated measurements over time into account.

This methodological basis emphasises the need to further develop the RDD in order to enable
consistent identification of causal effects and to uncover temporal effects in longitudinal data
with repeated measurements. The newly developed LMM-RDD approach in this dissertation
combines the established standard RDD with the LMM approach for repeated measurements.
This allows both the discontinuity — i.e. the treatment effect — at the threshold and time
effects to be taken into account and estimated simultaneously, so that LMM-RDD enables
more valid estimates of the effects, thereby significantly increasing the informational value of
the analysis and the reliability of the conclusions for research. Furthermore, this also leads to
a more efficient use of data, as not only one individual measurement per person but also the
entire longitudinal structure is included in the estimation [71]. This increases flexibility in the
application of the RDD design, particularly in research areas such as medicine, epidemiology

and health sciences, where repeated measurements are common.
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Therefore, the profound and practical introduction of RDD into health research and the
methodological extension to an LMM-RDD presented in this dissertation provide an im-
portant contribution to the further development of quasi-experimental study designs as an
alternative to RCTs and to the further development of an empirical analysis method for

longitudinal data within a quasi-experimental design.

5.3 Strengths, limitations and open issues

The discussion of the relevance of this dissertation in the context of the current research
already provides indications of specific strengths considering the developed method. Table
5.2 provides an overview of the strengths and limitations of the RDD and the new LMM-RDD.

Table 5.2: Strenghts and Limitations of the RDD and LMM-RDD

Strenghts ‘ Limitations

e Clear and intuitive graphical visuali- e Complex interventions hinder assess-
sation of the estimation ing individual component effects

e RDDs have comparatively mild e Continuous assignment variable with
methodological assumptions threshold required for RDD ap-

. ) proaches

e LMM enables incorporation of re-

peated measures e RDD approaches require larger sam-
ple size

e LMM enables better handling of miss-
ing data

e Random effects in LMMs increase
flexibility and robustness

One strength of the standard RDD, which is also particularly noteworthy in the new LMM-
RDD compared to many other statistical methods, is the clearly structured graphical rep-
resentation of the estimation, which enables a clear and easily interpretable presentation of
the effects [71|. Furthermore, an RDD is characterised by comparatively mild methodologi-
cal assumptions, such as a defined threshold value with a discontinuous change in exposure
probability, the absence of systematic manipulation of the allocation variables, the compa-
rability of individuals just above and below the threshold value, and a continuous course of
the outcome without intervention. This makes it possible to obtain valid causal estimates
under less restrictive conditions compared to other study designs [23, 90]. And although
the combination of an RDD and an LMM tends to lead to additional assumptions, it also
offers important methodological advantages. LMMs allow for more flexible modelling of re-
peated measures and thus the use of more data, taking into account a random effect. Against
this background, careful implementation of an LMM-RDD can be expected to lead to more
robust effect estimates and higher internal validity compared to other non-randomised or

quasi-experimental study designs [63, 65, 91].

55



5 Discussion

A major strength of the combination of an LMM with an RDD is therefore the ability to
efficiently utilise all available data. In contrast, in the standard RDD approach, the data
first had to be reduced complete cases in order to establish correlations between different
pre-post comparisons. The integration of LMMs therefore not only allows for consideration
of repeated measurements and thus the estimation of temporal effects, but also enables better
handling of missing data [65, 79].

One frequently stated limitation of the quasi-experimental RDD is the large sample size
required. Therefore, it is often concluded that an RDD is more suitable for retrospective
studies, as the effect estimation is restricted to a predefined bandwidth in order to maintain
local randomisation [9, 92, 93|. Despite the fact that this bandwidth limitation remains in
place in the new LMM-RDD approach, the use of repeated measurements means that more

data is available in the bandwidth overall, thereby mitigating this limitation somewhat [68].

While the promising results provide a solid foundation, they also highlight further research
questions that should be examined in more detail in future research.

One open issue concerns the underlying functional form of the proposed approach, which
combines the logic of RDD with LMMs. For conceptual reasons and due to the introductory
nature and development of a new method, a linear relationship was assumed in the disser-
tation in order to enable the integration of both methods and simplify the interpretation of
the results. Nevertheless, it cannot be ruled out that the assumption of linearity does not
adequately reflect the underlying relationship or even leads to bias. In the standard RDD
context, which does not take repeated measures into account, higher-degree polynomials are
often used to more accurately map non-linear relationships between the continuous variable
and the outcome. Considering this, it would be beneficial to extend this approach to nonlinear
mixed models in future work in order to better capture more complex nonlinear relationships
within the RDD in conjunction with longitudinal data and repeated measurements, thereby
further increasing the informative value and flexibility of the new approach.

Moreover, an LMM for repeated measures with a random intercept component was specified
to demonstrate the fundamental performance of the approach under controlled, simplified
conditions. In further analyses, the consideration of random slopes could be a useful exten-
sion to even better model potential interindividual differences in effects or time-dependent
changes within individuals. This could also contribute to a more differentiated representation
of the variance structure of the data and thus further increase the accuracy of the estimates
and the inferential statistical significance compared to the standard RDD approach. Simul-
taneously, however, the current model structure would remain straightforward to interpret
and would be suitable for medical research questions involving complex data structures.

A further consideration arises from the approach pursued within the framework of the RDD.
As mentioned in the methodological introduction at the beginning, the literature often dis-
tinguishes between sharp and fuzzy regression discontinuity designs, with the latter allowing
for probabilistic assignment to the intervention or control group. The focus of this work was
on the sharp approach based on nFC-isPO with its unique group assignment. Nevertheless,

future work could investigate extending the new LMM-RDD to a fuzzy design in order to
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further expand its scope of application. Such an adaptation could further increase the flexi-
bility of the method.

Finally, it should be emphasised that the method presented here should be understood as
the first systematic introduction of the combined LMM-RDD approach. For a more compre-
hensive evaluation, it is recommended to benchmark the performance of LMM-RDD against
standard RDD under controlled conditions. Different sample sizes, different assumptions for
handling missing values (e.g., missing completely at random, missing at random, or missing
not at random), and different effect sizes should be considered to ensure the robustness of the
estimates and the sensitivity of the method. Such analyses would further substantiate the
methodological validity of the approach and assess its applicability to clinical studies with

repeated measurements and complex data structures.

Beyond all this, both the aggregation of multidimensional allocation criteria and an extension
to the field of multivariate regression would also be intriguing approaches. Both approaches
can be described as ‘combined measures’, but refer to different levels of the analysis model
— the level of allocation to intervention and the outcome level with simultaneous modelling
of multiple endpoints. At the allocation level, the approach of combined measures refers to
the conventional single-cutoff design of the RDD, which is extended to a multidimensional
treatment frontier, as treatment eligibility depends on several independent criteria [94, 95].
In healthcare settings, access to an intervention, for example, may be linked to a certain
symptom severity and additional risk factors or care characteristics. Instead of a clear single
threshold, this results in several criteria (a set of boundaries) that together determine the
allocation of treatment, so that patients may be close to the threshold for treatment eligibility
in terms of several decision-making factors at the same time. In other words, the transition
between untreated and treated patients in this case does not represent a single threshold,
but rather a range in which very similar clinical profiles exist on both sides of the treatment
decision. In the nFC-isPO, assignment to intervention was primarily based on a cut-off value
for the HADS total score (HADS-T > 15). Initially, this dissertation project also considered
using the subscales for anxiety (HADS-A) and depression (HADS-D) as allocation criteria, so
that eligibility for the intervention would have been based not solely on the HADS-T but on
a differentiated clinical stress profile. Conceptually, such an approach would correspond to
an RDD with multiple assignment variables, in which the relevant jumps at all cut-off points
- HADS-A and / or HADS-D > 7 - are used together to identify the causal effect. This would
have shifted the decision boundary from a one-dimensional threshold into a multidimensional
space in which patients who are just above or below the treatment threshold have very similar

clinical profiles.

To analyse the effects in the context of this complex assignment structure, the various assign-
ment criteria are often combined into a one-dimensional composite measure using a binding
score or centring approach. This measure describes a patient’s distance from the nearest
treatment boundary and serves as a new running variable for the RDD. On this basis, local

average treatment effects can be estimated for patients who differ only minimally in clinical
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terms but have been treated differently, while maintaining the central assumption of conti-
nuity of potential outcomes near the boundary.

However, within the nfC-isPO framework, the inclusion of the HADS subscales in the classifi-
cation logic appeared methodologically unproductive, as the subscales are strongly correlated
components of the total score and do not represent independent clinical decision-making di-
mensions. An additional combination would have represented the same clinical condition

multiple times without offering any significant added value.

In parallel to this, the second approach of combined measurements reflects the other consider-
ation of the dissertation project, namely the extension to the field of multivariate regression.
The aim here was to examine whether the analysis of the nFC-isPO data would require an
extension of the RDD for repeated measurements or, alternatively, a multivariate analysis
of combined outcome measures within the RDD. Initially, modelling of the two subscales
(HADS-A and HADS-D) as separate endpoints was considered in addition to the HADS-T
score. Within this context, the question emerged as to whether an analysis at the level of a
combined measure in the multivariate sense would be useful.

However, such an approach of combined measure does not correspond to the mere summation
or parallel consideration of the subscales, but rather refers in multivariate statistics to a linear
combination of correlated outcomes derived from the statistical model itself. Such data-based
linear combinations — as generated in multivariate regression approaches or multivariate anal-
ysis of variance — serve to optimally map common variance structures, examine effects on a
synthetic, mathematically weighted target variable, and thereby uncover overarching stress
constructs or clinically relevant symptom clusters [96, 97|. The HADS subscales, on the other
hand, are construct-bound, psychometrically defined and clinically distinct measurement do-
mains (anxiety and depression) with fixed item weights and therefore do not represent a
combined target variable or a combined result in the multivariate mathematical sense.

This fact, as well as the longitudinal structure of the nFC-isPO data, the growing interest
in temporal effects during the project progress, and the identified research gap regarding the
inclusion of repeated measures in the standard RDD, motivated this dissertation to extend

the RDD approach for repeated measures.

5.4 Conclusion

This dissertation contributes to the methodological advancement of the quasi-experimental
RDD in health research, particularly in relation to complex data structures. To this end, the
theoretical foundations, empirical application with data from practice, i.e. the nFC-isPO,
and the extension for LMMs for repeated measures of the RDD were systematically exam-
ined.

The results show that, with appropriate modelling, RDD can be a robust alternative to
randomised trials when ethical, logistical or practical constraints preclude randomisation.
Furthermore, it was established that the standard RDD approach requires methodological

adjustments for longitudinal data and repeated measures in order to adequately account for

58



5.4 Conclusion

time effects. Based on these findings, this dissertation extends the RDD by combining it
with LMMs for repeated measures. By combining a robust causal inference framework with
random effects structures, the proposed method increases the precision and interpretability
of estimated effects in longitudinal data settings and enables a more nuanced investigation
of time-dependent treatment effects. The detailed description of the mathematical notation
and implementation steps ensures that the new method is easy to replicate and facilitates its
transfer into applied medical research. This work therefore not only makes a significant con-
tribution to the further development of medical statistics, but also provides a practical set of

tools that will help to achieve reliable, evidence-based results in clinical trials in the long term.

Overall, this work contributes to the further development of alternative study designs, in-
cluding their analysis methods, and opens up new perspectives for their application in clinical

research, particularly in dealing with repeated measures.
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Appendix A

Program code 1: Generate data in SPSS

SET RNG=MT MTINDEX=

INPUT PROGRAM.

LOOP #I=1 TO . /*Number of cases*/.
COMPUTE HADS Diff Treat=RV.UNIFORM (2. . ) + RV.NORMAL (2, ) .
COMPUTE HADS_Diff_COnt:RV.UNIFORM(O. ) + RV.NORMAL ( ) .

COMPUTE HADS Pre=RV.UNIFORM (0. ’ ) .
IF HADS Pre >14.5 HADS Post=HADS Pre-HADS Diff Treat.

IF HADS_Pre<= HADS_Post=HADS_Pre-HADS_Diff Cont.
IF HADS_Pre <= .5 HADS_group =

IF HADS_Pre > .5 HADS_group =

IF HADS_Post < HADS_Post =

IF HADS_Post > HADS_Post =

END CASE.

END LOOP.

END FILE.

END INPUT PROGRAM.

EXECUTE.

FORMATS HADS Diff Cont HADS Diff Treat HADS Pre HADS Post ( 2.
FORMATS HADS group ( ).
VALUE LABELS HADS group

'HADS<=14.5"

4.5°

COMPUTE Interact=HADS group * HADS Pre.

COMPUTE Shift=(HADS Pre - 14.5)* (HADS Pre>14.5).
EXECUTE.

DATASET NAME HADS RDD WINDOW=FRONT.
OUTPUT NAME=Outputl.
EXECUTE.

Program code 2: SPSS syntax to conduct a regression discontinuity analysis with the R extension

STATS RDD

DEPENDENT=HADS_ Post

RUNNING= HADS Pre

THRESHOLD=

/OPTIONS KERNEL=Rectangular BANDWIDTH = SETYPE=HC1 MCCRARY=NO PLOT=YES.




Appendix

Program code 3: SPSS syntax to run the regression discontinuity analysis via simple regression approach

DATASET ACTIVATE HADS RDD.

USE ALL.

COMPUTE filter $=(HADS Pre >= 13 & HADS Pre <= 10).

VARIABLE LABELS filter_$ 'HADS Pre >= 13 & HADS Pre <= 16 (FILTER)'.
VALUE LABELS filter $ 'Not Selected' 'Selected'.

FORMATS filter $ (71.0).
FILTER RBY filter $.
EXECUTE.

FREQUENCIES HADS group.
EXECUTE.

REGRESSION
/MISSING LISTWISE
/STATISTICS COEFF OUTS CI(95) R ANOVA CHANGE
/CRITERIA=PIN(.05) POUT(.10)
/NOORIGIN
/DEPENDENT HADS_Post
/METHOD=ENTER HADS Pre
/METHOD=ENTER HADS group Interact Shift.
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A worked example with R

Program code: RDD with the ‘rdrobust’ package in R (version 4.0.0). The decision for rdrobust is based
on the package search and the corresponding number of downloads of the packages (see table ‘Results
Package Search).

FHEFH RSB R R R R R RSB E R HE A
# Title: Worked Example of the RDD with R

# Author: Anna Hagemeier (anna.hagemeier@uni-koeln.de)

# last Update-Date: 01.12.21

FhEFHFH A A AR AR AR R A R R R R R R R R R R

# read necessary packages
library (haven)
library(rdrobust)
library(pkgsearch)

# In R one can conduct a package search with the package "pkgsearch" to find the
# most frequently used RDD packages
packagesearch <- ps("regression discontinuity", size = 10)

# read and view data (path need t be set individually to where the data was saved)
path <- "Promotion/data/SPSS Data Worked Example.sav"

Data Worked Example <- read_sav(path)
View(Data_Worked Example)

# prepare parameters for prediction
rdd_data <- Data_Worked Example
threshold <- 14.5
bandwidth <- 1.5 # b=(13,16) <- 14.5 £ 1.5
x <- rdd_data$HADS Pre

y <- rdd_data$HADS_Post

# plot of the parameters
plot(x,y, xlim = c(0,45), ylim = c(0,45), xlab = "assignment variable",
ylab = "outcome", main = "Scatterplot of Pre-HADS vs. Post-HADS"

# predict regression discontinuity
rdd prediction <- rdrobust(y, x, c=threshold, h=bandwidth, kernel = 'uniform")
summary (rdd_prediction)

# plot of the regression discontinuity
rdplot (y, %, c=threshold, h=bandwidth, p=1)
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Results Package Search: Extract of the results of a package search on the RDD in R limited to 10 packages

sorted by downloads of the last month (search from: 2021-12-01)

Package- Title Last R_elease Downloads*
name (Version)
Robust Data-Driven Statistical Inference in Regression- 2021-09-02

1| rdrobust Discontinuity Designs (1.0.6) 2653
2 rdd Regression Discontinuity Estimation (25];%03-14 1465
3 rddensity Manipulation Testing Based on Density Discontinuity (2202)1-03-04 1282
4 rddtools  Toolbox for Regression Discontinuity Design ('/RDD") ?10?0-)05-16 892
5 DRIP Discontinuous Regression and Image Processing (2102?-09-22 742
6 rdpower Power Calculations for RD-Designs ?20%];]_12_18 645
7 rdmulti  Analysis of RD-Designs with Multiple Cut-offs or Scores ?(?33)1-05-19 641
8 cosa Bound Constrained Optimal Sample Allocation ?202]90')08'24 617
9 rddapp Regression Discontinuity Design Application ?10201-)02-20 107

10 optrdd Optimized Regression Discontinuity Designs (23(1]82_)08_17 25

* Raw number of package downloads last month, from the RStudio CRAN mirror (search from: 2021-12-01)
Results of rdrobus: Result of the RDD estimation with ‘rdrobust’.

Call: rdrobust

Number of Obs.

BW type Manual

Kernel Uniform

VCE method NN

Number of Obs.

Eff. Number of Obs.

Order est. (p)

Order bias (q)

BW est. (h)

BW bias (b)

rho (h/b)

Unique Obs.

Method Coef. Std. Err. z P>|z| [ % C.I. ]
Conventional -4, o =3. . [- ;= 1
Robust - - -4. . [- ;- 1
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A worked example with Stata

Program code: STATA do-file to conduct the rdd analysis with rdrobust

/*

# Title: Worked Example of the RDD with STATA

# Author: Anna Hagemeier (anna.hagemeier@uni-koeln.de)

# last Update-Date: 01.12.21

*/

clear all

* install the rdrobust fucntion

net install rdrobust,
from(https://raw.githubusercontent.com/rdpackages/rdrobust/master/stata)

*read the data created in SPSS (SPSS_Data_Worked Example.sav)
import spss using "<your path>", case (lower)

* plot the parameters

scatter hads_post hads_pre

* predict rdd with rdrobust (https://rdpackages.github.io/rdrobust/)
rdrobust hads post hads _pre, c(14.5) h(1.5 1.5) kernel (uniform)

* plot rdd and use linear model fit

rdplot hads_post hads pre, c(14.5) h(1.5 1.5) p(l) kernel (uniform)

Results of rdrobust within STATA

Sharp RD estimates using local polynomial regression.

Cutoff c = 14.5 | Left of ¢ Right of ¢ Number of obs = 500
BW type = Manual
Number of cbs 170 330 Kernel = Uniform
Eff. Number of obs 23 12 VCE method = NN
Order est. (p) 1 1
Order bias (q) 2 2
BW est. (h) 1.500 1.500
BW bias (b) 1.500 1.500
rho (h/b) 1.000 1.000

Qutcome: hads_post. Running variable: hads_pre.

Method Coef. Std. Err. z P>z [95% Conf. Interval]
Conventional -4.7036 1.4322 -3.2841 0.001 -7.51073 -1.89645
Robust - - -4.7491 0.000 -7.81717 -3.24983
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Confirmation of ethics approval

Final ethical approval for the isPO study was granted on 18 December 2018 under reference
number 18-092. The official letter from the Ethics Committee of the Faculty of Medicine
at the University of Cologne was removed prior to the publication of this thesis in order to

protect data and ensure that no signatures were made publicly available.
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