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Preface

The major mood disorders, that include major depressive disorders (MDD) and bipolar
disorders (BD), are among the most critical health-related issues of our time. Yet, despite
many research efforts, progress in understanding the etiopathogenetic mechanisms
underlying the onset and course of mood disorders is slow. Furthermore, treatments
are often ineffective, especially those for depressed states, where one third of ‘real-
world’ patients do not respond to four courses of antidepressant treatment. One of the
contributing factors to the slow scientific progress could be the diagnostic constructs,
and their inherent limitations, that are currently used in mood disorder research. Another
factor relates to the inherent complexity of mood disorders, and psychopathology in
general, as they result from complex interactions between psychological, neurobiological
and social factors over time. Consequently, the course and underlying etiopathogenetic
mechanisms of mood disorders are highly individual-specific. In this doctoral thesis, we
explore paths forward for mood disorder research that may help increase our insight into
the course and underlying etiopathogenetic mechanisms of mood disorders.
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In the first chapter of this dissertation, a general background of mood disorders and the
current diagnostic classification criteria are provided, after which the challenges that
mood disorder research is currently facing are highlighted. Next, three paths forward for
mood disorder research are presented that may provide deeper insight into the underlying
etiopathogenesis and course of mood disorders. These include: 1) a symptom-oriented
approach, 2) the investigation of the complex interplay of symptoms over time and, 3)
individual-level (i.e., idiographic) analyses. This chapter concludes with a description of
the general aim of the thesis, the studied samples and design of the studies used in this
thesis and a general outline of the thesis.

1.1 Mood disorders

Mood disorders constitute agroup of psychiatric syndromesin which adisturbanceinmood
is the most prominent clinical feature. Major depressive disorder (MDD) is characterized
by a prominent depressed mood, whereas in bipolar disorder (BD) unusual fluctuations
in mood states are seen, ranging from episodes of elation ((hypo)mania) to episodes of
depression '. Cognitive dysfunction is another central feature of mood disorders that is
closely related to the functional impairment that these disorders frequently cause >>.
The world-wide 12-month prevalence of mood disorders is estimated at 4.4 %, which is
equivalent to more than 300 million people of the total world population ¢.

Patients with MDD or BD generally show a substantial and often long-standing impairment
in work, social and family domains and subjective wellbeing ¢’. Their family members are
also confronted with a high level of suffering and some even develop a depressive disorder
themselves & According to the World Health Organization (WHO), mood disorders are
the leading cause of disability worldwide (with MDD accounting for 7.5% and BD for 1.3
% of all years lived with disability) ¢ and they are associated with a higher risk of other
psychiatric disorders (e.g., anxiety and substance use disorders) '° and critical somatic
disorders such as cardiovascular diseases "'-'%. Together with an increased risk of suicide,
the latter conditions contribute to the raised mortality rate that is observed in people
coping with mood disorders compared to healthy peers '>.

The economic burden associated with mood disorders is similarly disconcerting. The
largest component derives from indirect costs such as work disability and a slightly
smaller proportion from direct medical costs (in- and outpatient care, medication and
emergency costs) '6. The total costs for mental health care in Belgium were estimated
at 5% of the gross domestic product (GDP, or ‘bruto binnenlands product’ BBP) in 2015,
making Belgium (together with The Netherlands and Finland) one of the unfortunate
front runners in Europe V.
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Overall, the human, social and economic facts described above make understanding of
mood disorders one of today’s most compelling health-related challenges that deserve
our thorough research.

1.2 Diagnostic Classification of Mood disorders

A reliable diagnosis of mood disorders is of importance for several reasons: to establish
a common language in the clinical diagnosis of patients, to inform treatment prognosis
and to gather quantifiable public health information (e.g., prevalence, morbidity and
mortality indices) '®'°. Furthermore, operationalized diagnostic constructs are essential for
research into the underlying etiopathogenetic mechanisms of mood disorders. The DSM-
5 (Diagnostic and Statistical Manual of Mental Disorders - fifth edition) ', next to the ICD-
11 (International Classification of Diseases and Related Health Problems) %, is the most
widely used classification manual for psychiatric diagnoses. The DSM has provided an
international agreed diagnostic classification system, enabling clinicians and researchers
to describe and communicate more reliably about psychiatric diagnoses. Yet, the use of
DSM diagnoses for research purposes also has its pitfalls, which will be discussed further
on in this thesis.

The DSM-5 classifies MDD and BD as separate disorders distinguishable by a history of
(hypo)mania. Bipolar disorders (BD) are categorized between the schizophrenia spectrum
disorders and MDD because of the evidence suggesting considerable overlap in the
symptoms, family history and genetics of BD with the two other disorders 2. A distinction
is made between type-l and type-Il BD. The former is defined by the occurrence of manic
episodes and, non-obligatory, major depressive episodes (MDE); whereas the latter
is characterized by the presence of hypomanic episodes and MDE. Of note is that the
manual makes no distinction between a depression occurring within MDD or BD, both
referred to as MDE. The DSM-5 criteria for MDE and (hypo)mania are presented in the text
boxes below.
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DSM-5 Criteria for major depressive episode (MDE)

A.

WO NOULAWN=

>5 symptoms during the same two-week period that are a change from previous function-
ing; depressed mood and/or loss of interest/pleasure must be present; exclude symptoms
clearly attributable to another medical condition

Depressed mood

Loss of interest or pleasure

Significant weight loss or weight gain, or decrease or increase in appetite
Insomnia or hypersomnia

Psychomotor agitation or retardation

Fatigue or loss of energy

Feelings of worthlessness or excessive or inappropriate guilt

Diminished ability to think or concentrate or indecisiveness

Recurrent thoughts of death or recurrent suicidal ideation or attempt.

The depressive symptoms need to be accompanied by clinically significant distress or
functional impairment

The symptoms are not attributable to the physiological effects of a substance or another
medical condition.

DSM-5 Criteria for hypomania

A

uhwn =

o

A distinct period of abnormally and persistently elevated, expansive, or irritable mood and
abnormally and persistently increased activity or energy, lasting at least 4 consecutive days
and present most of the day, nearly every day.

During the period of mood disturbance and increased energy or activity, three (or more)

of the following symptoms have persisted (four if the mood is only irritable), represent a
noticeable change from usual behavior, and have been present to a significant degree:

Inflated self-esteem or grandiosity

Decreased need for sleep (e.g., feels rested after only 3 hours of sleep)

More talkative than usual or pressure to keep talking

Flight of ideas or subjective experience that thoughts are racing

Distractibility (i.e. attention too easily drawn to unimportant or irrelevant external stimuli),
as reported or observed

Increase in goal-directed activity (at work, at school, or sexually) or psychomotor agitation
Excessive involvement in pleasurable activities that have a high potential for painful con-
sequences (e.g., engaging in unrestrained buying sprees, sexual indiscretions or foolish
business investments)

The episode is associated with an unequivocal change in functioning that is uncharacteris-
tic of the person when not symptomatic

The disturbance in mood and the change in functioning are observable by others

The mood disturbance is not severe enough to cause marked impairment in social or occu-
pational functioning, or to necessitate hospitalization, and there are no psychotic features
The symptoms are not due to direct physiological effects of a substance (e.g., a drug

of abuse, a medication or other treatment) or a general medical condition (e.g.,
hyperthyroidism)
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DSM-5 Criteria for mania

A. Adistinct period of abnormally and persistently elevated, expansive, or irritable mood and
abnormally and persistently goal-directed behavior or energy, lasting at least 1 week and
present most of the day, nearly every day (or any duration if hospitalization is necessary).

B.  During the period of mood disturbance and increased energy or activity, three (or more) of
the following symptoms have persisted (four if the mood is only irritable) are present to a
significant degree and represent a noticeable change from usual behavior: see criteria 1 to 7
in box DSM-5 criteria for hypomania

C. The mood disturbance is sufficiently severe to cause marked impairment in social or occu-
pational functioning or to necessitate hospitalization to prevent harm to self or others, or
there are psychotic features.

D. The episode is not attributable to the direct physiological effects of a substance (e.g., a
drug of abuse, a medication, or other treatment) or another medical condition.

1.3 Mood disorder research

1.3.1 Previous findings

Research in the last two decades has focused on the etiopathogenetic mechanisms that
underly the onset and course of mood disorders, addressing biological, sociological, and
psychological variables. Although important knowledge has been accrued, several basic
questions remain. As for the biological findings, genome-wide association studies have
failed to generate robustly replicated results on genetic loci associated with MDD or BD
2224 and no consistent biomarkers could be identified that were solidly and specifically
associated with MDD or BD #. Furthermore, accurate prediction of the onset and course
of mood disorders has proven to be challenging %27,

In the following section of this thesis, we will discuss three challenges for mood disorder
research that may have contributed to this apparent lack of scientific progress. First, we
address the dominant methods used to diagnose and conceptualize psychopathology
(i.e., the study of MDD and BD as syndrome-based disease entities). Although relevant for
providing a common language for clinical purposes, these methods rely on assumptions
that are inherently problematic and hereby may have slowed down research progress.
Second, many of the current research practices we employ to investigate the onset or
course of mood disorders do insufficient justice to the dynamic nature of symptoms. Third,
even though it is common knowledge that symptoms and etiopathogenetic mechanisms
of mood disorders can vary highly among and within patients, individual-specific analyses
have insufficiently been performed in research endeavors.
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1.3.2 Challenges in mood disorder research

Lack of conceptual clarity on a research framework for mood disorders

Over the past decades, research in mood disorders has been mainly conducted at the level
of syndromes, i.e. clusters of symptoms that co-occur %, Specifically, study populations
were based on DSM (or ICD) criteria and studies were aimed at elucidating risk factors,
biomarkers or treatment response of the syndrome MDD (or BD) 2, These practices start
from the basic assumption that syndromes (such as MDD or BD) are discrete disease entities
for which an underlying causal essence can be found 32 Thus, the dominant explanation
for the coincidence of symptoms was that they all stem from a shared causal origin
(known as the common cause approach) 3'23. However, these assumptions run up against
important boundaries.

The proposition that syndromes such as MDD and BD are distinct disease entities is
challenged by several research findings. First, the quest for the common etiopathogenetic
pathway of syndromes such as MDD (or BD) has yielded limited insights. As alluded to
above, genome-wide association studies have failed to identify robustly replicated results
on genetic loci associated with MDD or BD %*** and no consistent biomarkers were solidly
associated with either MDD or BD . Growing evidence rather points to the existence
of transdiagnostic risk factors 3*3> and shared biomarkers across psychiatric disorders 3.
Also, symptom heterogeneity within DSM constructs is high, which is partly inherent to
the DSM criteria themselves. For example, there are 227 possible ways to reach a diagnosis
of MDE using the DSM-5 criteria. Fried et al.  demonstrated that this possible variation
in symptom profile also translates in true variability by identifying up to 1030 unique
symptom profiles in depressed outpatients in the STAR*D 3%3° sample. Moreover, there is
a high rate of co-morbidity among the DSM constructs “**'. For example, MDD is highly
comorbid with anxiety disorders and substance use disorders “>-*%. Finally, the DSM’s
diagnostic boundaries seem to be somewhat arbitrary as mounting evidence supports
the dimensional character of psychopathology with stages of mild symptoms at the
one extreme to full-blown psychiatric disorder at the other 4. So, although few would
question the value of standardized diagnostic criteria as a clinical tool, the strict adherence
to DSM-defined syndromes may have hindered research progress in the underlying
mechanisms of mood disorders. This has also been acknowledged by the editors of the
“Research Agenda to the DSM-5"*",



16 | Introduction

“The over-reification of the DSM categories has led to a form of closed-
mindedness on the part of researchers and funding sources. For example,
researchers involved in new drug development tend to focus their efforts on
treatment of DSM-IV-defined categories, despite widespread evidence that
pharmacologic treatments tend to be effective in treating a relatively wide
range of DSM disorders. Furthermore, the erroneous notion that the DSM
categories can double as phenotypes may be partly responsible for the lack of
success in discovering robust genetic markers.p3*

The common-cause theory - all symptoms have a shared causal origin - further includes
important assumptions on how we perceive symptoms. Symptoms are regarded as
passive consequences of the underlying disease construct and accordingly treated as
equal, interchangeable and independent factors of the this underlying construct (e.g.,
MDD or BD) . In research, this is reflected by the pervasive use of sum scores: item scores
of individual symptoms are generally added up into a sum-score of depression rating
scales, where this sum score is interpreted as a reflection of severity or an indicator of
treatment response of the underlying ‘unitary construct’ 3%, However, the equivalence
of depression symptoms has repeatedly been called into question. Specifically, more and
more studies show that individual symptoms of depression have different risk factors #*,
psychosocial impact > and course trajectories 2. Moreover, individual symptoms can show
differential effects to antidepressant treatments >*4. Further, not all depressive symptoms
are correlated with each other. Some are more strongly connected with each other and
more important for the persistence (or recovery) of the underlying disorder >>.

Taken together, there is a need for alternative conceptual frameworks for mood disorder
research that transcends the limitations of the categorical classification systems and that
goes beyond the use of aggregated sum scores. One alternative research framework,
introduced by the US National Institute of Mental Health, is the Research Domain
Criteria (RDoC) project which proposed to study dimensions of observable behavior and
neurobiological variables that correlate with biological (e.g., genetic, neuroimaging and
neuropsychological) factors, irrespective of diagnostic boundaries .

The dynamic nature of psychopathological symptoms

A second challenge for mood disorder research is to incorporate the dynamic nature of
symptoms in modelling approaches. Mood disorders have predominantly been studied
as categorical entities and modelling techniques were largely static 2. Specifically,
the course of MDD and BD is mainly investigated using static outcomes (e.g., response
or remission rates) that are based on the change in mean or on threshold scores of
symptom rating scales and hereby assuming a gradual linear change over time #. In real
life, however, symptoms show a dynamic, non-linear behaviour over time and interact
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with other symptoms such that the onset of one symptom may influence the onset and/or
persistence of others %8, Clearly, research into the course and prediction of mood disorders
is then likely to benefit from studying the patterns of symptom changes and symptom-
symptom relationships over time as these could provide a more nuanced insight into the
symptom processes underlying the development of psychopathology.

Group-to-individual generalizability of research findings

A third challenge in psychiatry research is the high level of interindividual variability.
Individual patients differ considerably in terms of their symptom profile and symptom
patterns over time ¥4 and the underlying etiopathogenetic mechanisms may even
be unique for individual patients and this may hold true for various disorders 3759,
Nevertheless, most psychopathology research employs group-level (i.e., nomothetic)
analyses. Although they are important to make general predictions for the studied
population, these group-level results do not always translate to the level of the individual
clinical patient 52, Complementing group-level with individual-level analyses could
increase our knowledge of patient-specific symptom mechanisms that drive the
development and persistence of psychopathology, knowledge that may bear great
relevance for treating clinicians.

1.3.3 Potential ways forward for mood disorder research

Shifting from a syndrome-oriented to a symptom-oriented approach

An alternative approach for research is to cut across current diagnostic boundaries and
shift our attention from whole-syndrome analyses to smaller units of analysis ¢. One
possible way is to focus on individual symptoms and to study the distinct patterns of
behavior of symptoms and their effects on other symptoms 337, Network analysis is
a promising framework to study associations between symptoms and it provides an
alternative conceptualization of psychopathology compared to the syndrome-oriented
approaches. Specifically, correlations between symptoms are not explained by a common
cause (e.g., MDD or BD) but psychopathology is rather conceptualized as a network of
causally connected symptoms. The connection between specific symptoms may reflect
underlying biological processes (e.g., insomnia leading to fatigue that subsequently
leads to concentration problems) and/or psychological processes (e.g., negative thinking
leading to hopelessness). In the network framework, symptoms are not seen as passive
consequences of an underlying disorder but rather as autonomous and adaptive entities
that can exert an effect on other symptoms (Figure 1). Furthermore, from a network
perspective, not only symptoms and their interrelationship can be studied but also the
structure of the overall network (e.g., strongly or weakly connected) #7645,
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Disease model Network model

Major Depressive Disorder

(MDD)
Insomnia
Depressed Insomnia Concentration Depressed Conpentration
rl?’lood difficulty mood difficulty

Figure 1. Disease model versus network model of psychopathology

The premise here is that examining individual depression symptoms and their complex
interactions will promote our understanding of the heterogeneity in the symptoms
defining mood disorders 3748, Further, this approach could provide a more plausible
explanation of co-morbidity (i.e., interactions between symptoms) than the syndrome-
oriented approach (i.e. two distinct disorders) %.

Moving from a static to a dynamic approach

There is a growing interest in research that addresses psychopathology as a complex
dynamic system. In this dynamic framework, psychopathology is assumed to result
from direct relations between symptoms that belong to the same system. Specifically,
symptom-symptom interactions are thought to give rise to emergent properties such
as depression or other mental disorders (or the resolution thereof) and these outcomes
cannot be predicted from one single symptom alone. Further, the system of symptom-
symptom relations can evolve within an individual over time %%, These symptom-
symptom interactions may occur on different time-scales and the behavior of the system
is non-linear, making it hard to predict over time.

Although this complex dynamic system approach to psychopathology is not a new
concept 7%, its implementation in research was limited by the demand for intensive
longitudinal data and the lack of suitable statistical models for the estimation of dynamic
change. Recent advances in technology (e.g., electronic data collection, mobile devices)
and methodology have greatly facilitated the study of dynamic (symptom) processes in
psychopathology. Although the network framework has mainly been used to investigate
cross-sectional relations between symptoms 7°, recent network analytic studies also
investigated relations between individual symptoms from one time point to another, using
newly developed statistical methods, especially lagged multilevel vector autoregressive
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(VAR) models 7'. This method captures the relationship between symptoms from one time
point to the next and combines both individual-level as well as group-level dynamics into
the model.

Investigating mood disorders as complex dynamic system provides a means to investigate
which symptoms are more influential in a dynamic symptom network compared to other
symptoms and thus could serve as optimal targets for treatmentintervention. Furthermore,
the investigation of the characteristics of the overall structure of the dynamic symptom
network may inform prediction of MDE onset and recovery of MDE.

Combining group-level and individual-level approaches

There is a large heterogeneity among patients with mood disorders in terms of their
symptom trajectories and (cognitive) side effects to treatment over time. Individual-
specific analyses have seldom been performed in Mood Disorder research. However, they
provide us with a unique opportunity to study individual variability in a wide range of
variables. Individual-specific analyses could be employed to study the dynamic behavior
of symptoms and dynamic symptoms relations within individual patients. This idiographic
approach provides an interesting gateway to study how symptoms evolve at the level of
the individual in daily clinical practice and hereby facilitate a road towards personalized
research and treatment 6172,

Another area for which individual-specific analyses could be particularly relevant is the
study of cognitive dysfunction in mood disorders. Potentially highly disabling 2>, the
presence and degree of cognitive impairment differ widely among patients with mood
disorders 7374, This also applies to the cognitive effects of antidepressant treatments
such as some psychopharmacological agents or electroconvulsive therapy 7>77. And yet,
most mood disorder studies to date examine cognitive functioning as a homogeneous
phenomenon, reporting mean (group-level) averages for cognitive test outcomes. By
combining group-level and individual-level analysis methods, we will be able to account
for the interindividual variability in cognitive functioning in mood disorders and thereby
facilitate its clinical interpretation.

1.4 General aim of the thesis

The general aim of this thesis is to gain a better insight into the course and underlying
etiopathogenetic mechanisms of mood disorders. We used both traditional as well as
novel data analytic approaches to achieve this aim.
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PART 1: Traditional approaches

The first part of this thesis is based on more traditional methodological approaches
(i.e., syndrome-oriented, static outcome measures, group-level analyses) to study
the symptom profiles and course, and inflammatory biomarkers of MDD and/or BD.
Specifically, we studied the clinical and biological variables in relation to syndrome-based
entities such as MDD or BD. Next, using a group-based method, we looked at averages of
outcome variables such as that of sum scores of depression rating scales and blood levels
of inflammatory markers. Finally, we applied a static modelling approach to examine
changes in mood or biological markers over time (as opposed to a dynamic approach
which takes the dynamic interactions of the constituent elements of the disorder, such as
symptoms or biological elements, into account).

Symptom profile and course of depressive episode in patients with MDD versus BD
(Chapter 2)

The DSM-5 considers MDD and BD as two distinct disease entities, with evidence indicating
the importance of a distinct treatment approach 787°, Early differentiation between MDD
and BD is thus essential but poses a great challenge since the initial manifestation of BD
is mostly a depressive mood state and no clinical pathognomonic features for a ‘bipolar
depression’ have been found .

To investigate whether specific clinical characteristics of MDE could provide diagnostic
clues for a differentiation between an underlying MDD or BD, in Chapter 2, we compared
symptom profiles and the course of MDE in patients with MDD versus BD.

Tryptophan catabolites as a biomarker for BD (Chapter 3 & 4)

Accumulating evidence points to a dysregulation of the inflammatory system in mood
disorders, such as elevated levels of peripheral pro-inflammatory cytokines &% and
activation of the microglia in the central nervous system #24 The kynurenine pathway
of tryptophan (TRP) degradation is one of the mechanisms through which inflammation
leads to neurotoxicity and mood symptoms #-%. An overview of the kynurenine pathway
is provided in Figure 2.
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Figure 2. Kynurenine pathway

Although TRP is primarily known as a precursor of serotonin, about 95% of TRP is
metabolized via the kynurenine pathway . Two main hypotheses have been put forward
to explain the possible role of the kynurenine pathway in the relationship between
inflammation and neurotoxicity. The serotonin-depletion hypothesis states that, in
response to inflammation or stress, TRP is mainly metabolized into kynurenine (KYN) at
the expense of the formation of serotonin, where serotonin depletion is a well-established
pathophysiological mechanism of mood disorders #-°. A second hypothesis poses that an
imbalance of TRP catabolites (TRYCAT) occurring downstream from KYN in the brain plays
a crucial role in neurotoxicity, independent of serotonin depletion. More specifically, a
decrease in neuroprotective kynurenic acid (KA) catabolites (mainly in astrocytes) and an
increase in supposedly neurotoxic 3-hydroxy kynurenine (3-HK) and quinolinic acid (QA;
mainly in microglia) have been observed in patients with mood disorders. Kynurenic acid
(KA) exerts its neuroprotective effect by NMDA-receptor antagonism and by counteracting
the neurotoxic effect of QA, where QA and 3-HK are assumed to have a neurotoxic effect
through oxidative stress and N-methyl-D-aspartate (NMDA) receptor agonism 8879192,

Meta-analyses of TRYCAT alterations in MDD revealed a consistent decrease in TRP, KYN
and KA %3-%_ Studies in BD are, however, far fewer in number, leaving it unclear whether
TRYCAT alterations in BD are different to those MDD. Furthermore, it is not known whether
TRYCAT alterations in BD are mood-state specific. As several new studies comparing
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TRYCAT levels in BD with those of healthy controls have been published in the last 5
years, we performed systematic review and meta-analysis of studies investigating TRYCAT
alterations in cerebrospinal fluid and peripheral blood (Chapter 3). Additionally, we
performed subgroup analyses for the different mood states in BD to examine whether
differential TRYCAT alterations exist between (hypo)manic and bipolar depressed BD
patients.

As TRYCAT alterations have been suggested to play a pathophysiological role in the
cognitive deficits associated with BD %, in Chapter 4, we aimed to assess whether patients
with BD show different TRYCAT levels according to their mood state and whether these
TRYCAT alterations are associated with cognitive dysfunction in BD.

PART 2: Idiographic approach to symptom dynamics (Chapter
5&6)

The second part of this thesis aims to provide a more fine-grained insight into the course
of MDE by examining the dynamic symptom changes that lie at its basis.

Hence, in Chapter 5, we investigated the dynamic behavior of individual depression
symptoms over time, based on repeated Hamilton Rating Scale for Depression (HRSD-
17) measurements, using Dynamic Time Warp (DTW). These dynamic symptom changes
were investigated both at the individual-level and the group-level. These analyses yielded
undirected symptom dimensions (i.e., groups consisting of symptoms with similar
dynamics over time).

Undirected DTW analyses do not allow to disentangle whether changes in a symptom
temporally precede or follow changes in another symptom. Since this is a necessary
(albeit not sufficient step) towards causal inference and ultimately clinical interventions, in
Chapter 6, we investigated both undirected and directed depression symptom dynamics
(which investigate the directionality of symptom change over time) based on repeated
Beck Depression Inventory (BDI-Il) data.

PART 3: Cognitive function in MDE patients treated with ECT
(Chapter 7 & 8)

The third part of this thesis aims to provide a more nuanced insight into the cognitive
effects of ECT in patients with MDE by combining group-level and individual-level
analyses of cognitive function.
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In Chapter 7, we investigated the short- and long-term effects of ECT on mean global
cognition in patients with MDE. Group-level changes in (sub)scores of the Montreal
Cognitive Assessment (MoCA) were investigated using linear mixed models (LMM) and
individual changes were analyzed using Reliable Change Indices (RCI).

In the study included in Chapter 8, we assessed a wide range of cognitive domains and
investigated their evolution over time both at the group-level (using LMM) and at the
individual-level (using RCl). Subsequently, we investigated whether we could identify
distinct classes of patients showing similar cognitive trajectories over time, using Latent
Class Growth Analysis (LCGA).
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Table 1. Characteristics of the data and analysis approaches used in this thesis

Participants Samplesize Chapter with aim Data analysis approach
Hercules MDE n=224 MDD Chapter 2:To study the - Average means of PART 1
n=>52BD symptom profile and HRSD-17 subitems in
course of MDE in MDD MDD and BD
versus BD - Change in mean HRSD-
17 sum-scores over
time
Case-control BD n =850 Chapter 3: To deter- Studying mean TRYCAT
studies (D/M/E) mine the association levels of
between TRYCAT alter-  syndrome-based groups
ations in CSF or periph-  (BD, BD-D, BD-M)
eral blood in BD
Inflammation BD n=67 Chapter 4:Toexamine  Association between
and Neuro- (D/M) 1) whether patients mean TRYCAT levels and
protection with BD show different  syndrome-based groups
in BD TRYCAT alterations
according to their mood
state, and 2) whether
TRYCAT alterations are
associated with cognitive
dysfunction in BD
Hercules MDE n=255 Chapter 5: To study the Undirected DTW PART 2
dynamics of individual  analyses yielding
depressive symptoms symptom dimensions
over time and their (i.e. groups of symptoms
covariation with other  with similar dynamics
symptoms over time)
n=166 Chapter 6: To study the Directed DTW analyses
temporal direction of investigating directionality
changes in depression  of symptom change
symptoms over time (i.e. symptoms
with high out-strength
centrality being more
likely to cause fluctuations
in other symptoms or
symptoms with high
in-strength centrality
being more susceptible
upon fluctuations in other
symptoms)
PROTECT MDE treated n=65 Chapter 7: To examine  Group-level changes PART 3
with ECT the evolution of global  in cognitive function
cognitive function in (LMM) combined with
MDE after treatment individual-level analyses
with ECT (RCI)
n=73 Chapter 8: To examine

the evolution of a broad
array of cognitive tests
in MDE after treatment
with ECT

Abbreviations: ECT: electroconvulsive therapy; MDD: major depressive disorder; MDE: major
depressive episode; LMM: linear mixed models; TRYCAT: tryptophan catabolites; PROTECT:
PRediction Of Treatment response to ElectroConvulsive Therapy study; RC: reliable change indices
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To conclude the thesis, Chapter 9 provides a summary of the main findings and a general
discussion.

1.5 Study populations and designs used in this thesis

In this thesis, we have analysed the data from three research projects that assessed
patients’mood and cognitive and/or inflammatory variables prospectively at regular time
intervals in individuals receiving inpatient treatment for MDE.

1.5.1 The‘HERCULES Routine Outcome Monitoring’ study

The main goal of the HERCULES Routine Outcome Monitoring (ROM) study was to
investigate clinical characteristics (symptom profiles, treatment outcome and response
predictors) and depression symptom dynamics using repeated outcome data obtained
in a large cohort of depressed patients who were admitted for treatment to a tertiary
psychiatric hospital (University Psychiatric Center Duffel, Belgium). All had an admission
diagnosis of a DSM-IV-TR MDE (either within MDD or type-I or type-Il BD). To reflect the
phenotype of ‘real-world’” depressed patients as closely as possible, exclusion criteria
were restricted to comorbid Mini-International Neuropsychiatric Interview Plus (MINI-
Plus) % psychotic disorders and alcohol or drugs dependence within 12 months prior
to hospitalization. The total sample consisted of 276 patients. The ROM battery was
administered at admission and every two weeks throughout the patient’s hospital
stay (ranging from 2 weeks to 16 months) and included the following instruments: the
Hamilton Rating Scale for Depression (HRSD-17) 7, the Beck Depression Inventory (BDI-
1) %8, the Manchester Short Assessment of Quality of Life (MANSA) % and the Symptom
Questionnaire-48 (SQ-48) '®°. Apart from supporting “patient-centered research”, ROM
also served clinical purposes, with the ROM results serving as a feedback tool for both the
clinician and patient.

1.52. The‘Inflammation and Neuroprotection in BD’ study

This longitudinal case-control study compares adult participants (age range 18-65
years) with a DSM-IV-TR diagnosis of type-l or type-Il BD or a schizoaffective disorder
currently experiencing a MDE or (hypo)manic episode and gender- and age-matched
healthy controls. Exclusion criteria for both groups included: MINI-Plus version 5.0.0. %
substance abuse, use of anti-inflammatory drugs within two weeks before screening,
acute infection, autoimmune diseases, chronic inflammatory or neurological diseases,
pregnancy or breastfeeding, ECT within six months before screening or during follow-
up and significant disturbances on the blood screening test at admission. Inpatients
were recruited in three psychiatric hospitals in the region of Antwerp. Outpatients were
recruited via the patient association “Ups and Downs". The study aimed to investigate the
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role of inflammation and tryptophan metabolism in the pathophysiology of BD and BD-
related cognitive dysfunction '°'-'%, The study cohorts consisted of 35 depressed and 32
(hypo)manic patients with BD and 29 controls. Plasma samples for the quantification of
3-hydroxykynurenine, quinolinic acid and kynurenic acid were drawn at baseline and at
four and eight months. Cognitive functioning was assessed at the same three time points
using five subtasks the International Society for Bipolar Disorders Battery for assessment
of Neurocognition (ISBD-BANC) '* measuring processing speed (Brief Assessment of
Cognition in Schizophrenia-Symbol Coding (Y-BACS), sustained attention (Continuous
Performance Task-ldentical Pairs (CPT-IP)), verbal memory (Hopkins Verbal Learning Test —
Revised (HVLT-R)), working memory (Letter Number Span (LNS)) and response inhibition
(Color-Word Interference Test (D-KEFS)).

1.5.3 The'PROTECT' study

The “Prediction of treatment response to electroconvulsive therapy” (PROTECT) study
aimed to investigate the clinical and biological ECT outcome predictors and sought to
identify those patients that were at risk of cognitive side effects from ECT %-'%, Adults with
a minimum age of 18 years being treated with ECT for their severe MDE were included.
Patients with a co-morbid drug or alcohol dependence or a primary psychotic disorder
(as confirmed by the MINI 6.0. %) were excluded. Patients were all recruited from the in- or
outpatient ward of the University Psychiatric Center Duffel. The study sample consisted
of 73 patients of whom 65 completed the full course of ECT. Cognition was assessed
prospectively at five time points: prior to ECT (T0), during ECT (before the third session;
T1), within one week after ECT completion and again after three (T3) and six (T4) months.
The test battery gauged five cognitive domains: global cognition using the Montreal
Cognitive Assessment (MoCA)'%®, processing speed using the Symbol Digit Substitution
Test (SDST)™C, verbal memory using the Hopkins Verbal Learning Test — Revised (HVLT-R)
and retrograde amnesia using the Section C of the Kopelman Autobiographic Memory
Interview (AMI-C) '
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Abstract

Background: Although differences in symptom profiles and outcome between depressive
patients with an underlying major depressive disorder (MDD) and bipolar depression
(BD) have been reported, studies with sequential short-interval assessments in a real-life
inpatient setting are scarce.

Objectives: To examine potential differences in symptom profile and course of depressive
symptomatology in depressive inpatients with underlying MDD and BD.

Methods: A cohort of 276 consecutive inpatients with MDD (n = 224) or BD (n = 52) was
followed during their hospitalization using routine outcome monitoring (ROM), which
included a structured diagnosticinterview at baseline (Mini-International Neuropsychiatric
Interview Plus (MINIPlus) and repeated 17-item Hamilton Depression Rating Scale every
2 weeks. MDD and BD were compared regarding their symptom profiles and time to
response and remission. Furthermore, the concordance between the MINI-Plus and
clinical diagnosis was analyzed.

Results: Patients were on average 52 and 47 years old in the MDD and BD group,
respectively, and 66 versus 64% were female. Compared to patients with BD, patients with
MDD scored higher on weight loss (p = 0.02), whereas the BD group showed a higher
long- term likelihood of response (hazard ratio = 1.93, 95% confidence interval 1.16-3.20,
p for interaction with time = 0.04). Although the same association was seen for remission,
the interaction with time was not significant (p = 0.48). Efficiency between the MINI-Plus
and clinical diagnosis of BD was high (0.90), suggesting that the MINI-Plus is an adequate
ROM diagnostic tool.

Conclusions: In routine clinical inpatient care, minor differences in the symptom profile
and the course of depressive symptomatology may be helpful in distinguishing MDD and
BD, particularly when using sequential ROM assessments.



Chapter2 | 39

Introduction

Patients who are admitted to a psychiatric hospital due to depressive symptoms often
suffer from an underlying major depressive disorder (MDD) or bipolar depression (BD).
Since depressive episodes are often the initial manifestation of bipolar disorder and
multiple depressive episodes can precede the first episode of (hypo)mania, a bipolar
disorder is often misidentified as a unipolar MDD '3,

Previous studies have not found consistent characteristic signs distinguishing unipolar
from bipolar major depression, although some clinical features may discriminate between
MDD and BD *°. BD, relative to MDD, has been more frequently characterized by atypical
features, such as hypersomnia or hyperphagia % melancholic symptoms, such as
anhedonia, diurnal variation, and unvarying mood ¢°; and psychotic features %12,
Furthermore, psychomotor retardation is especially more frequent in patients with bipolar
| disorder experiencing a depressive episode than in patients with unipolar depression
6913, Meanwhile, MDD often coincides with weight loss ™, initial insomnia ', and more
anxiety and agitation than BD ¢'21617,

Differences in the clinical course between MDD and BD have also been found. Two
retrospective comparative studies, with an inclusion rate of 108/50 MDD/BD in- and
outpatients '® and 59/96 MDD/BD inpatients ', have shown that BD was associated
with a faster onset of depressive symptoms than MDD. We also found six prospective
observational studies that investigated the course of bipolar and unipolar mood disorders
ina naturalistic setting °-*, but all used different operational criteria in terms of diagnostics
and outcome. Furthermore, all but one study * focused on the course of bipolar disorder
as a whole (i.e., comparing mania and depression in bipolar disorder with depression in
unipolar depressive disorder), compared to focusing only on the course of the depressive
episode. These studies quite consistently reported a longer duration of the depressive
episode in MDD compared to BD 2°?22; however, one study > contradicted these results.
The study by Furukuwa et al. % specifically compared improvement rates of depressive
symptoms between MDD and BD patients under naturalistic conditions but failed to find
a significant difference in median time to recovery between MDD (n = 95) and BD (n = 6).
Our study is unique in terms of the short intervals (every 2 weeks) between assessments
during admission that were routinely incorporated into clinical practice (routine outcome
monitoring; ROM).

When systematically comparing MDD and BD patients, ROM could be a helpful tool to
diagnose and to clinically assess depression severity 26, ROM entails the collection of clinical
data at baseline and at regular time intervals thereafter in order to monitor disease severity
as well as clinical improvement during treatment. ROM may provide feedback to both
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the clinician and the patient and effectuate “patient-centered research” #-8, Standardized
diagnostic interviews (SDIs), such as the Composite International Diagnostic Interview
(CIDI) # or the shorter Mini-International Neuropsychiatric Interview Plus (MINI-Plus) *,
are often a part of ROM, with which Diagnostic and Statistical Manual of Mental Disorders
(DSM-IV) diagnoses can be established. However, the agreement between standardized
diagnoses (often used as a diagnostic method in research) and clinical diagnoses has not
been extensively studied in inpatient samples 3!, which restricts the generalizability of
research results to clinical practice. In a large outpatient study by Verhoeven et al. 32, the
concordance indices between the MINI-Plus and clinical diagnoses for diverse mood and
anxiety disorders were only of moderate strength.

Our study had several aims. First, we compared baseline clinical features of inpatients
diagnosed with MDD versus BD. Second, we evaluated the diagnostic concordance
between the MINI and the clinical diagnoses among both groups. Third, we compared the
differences in the time to response and remission during the admission period between
both groups. We hypothesized that BD, compared to MDD, would be associated with a
specific symptom profile, with good concordance indices between the MINI-Plus and
clinical diagnoses and with higher and faster response rates.

Methods

Setting and population

Patients consecutively admitted to a tertiary psychiatric hospital in Duffel, Belgium and
fulfilling the MINI-Plus diagnosis of MDD or BD were included in the study. In order to
obtain a representative sample of participants, exclusion criteria were minimal. We
excluded patients with comorbid MINI-Plus psychotic disorders (including schizoaffective
disorder) and dependence on alcohol or drugs within 12 months prior to hospitalization,
as well as patients with insufficient mastery of the Dutch language.

Routine outcome monitoring

ROM has been an integral part of clinical practice at the Psychiatric Hospital of Duffel
since 2015, especially with respect to the management of depression. All admitted
patients fulfilling the MINI diagnosis of MDD or BD were routinely assessed with a variety
of psychometric tests at admission and every 2 weeks during hospitalization. ROM was
carried out by a trained study psychologist or psychiatrist, both of whom were not
involved in the clinical care of that patient.

ROM measurements were done at baseline and approximately every 2 weeks thereafter
during the clinical admission. The first ROM assessment (preferably took place on the
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first day of admission) consisted of a standardized diagnostic interview (Dutch version
of the MINI-Plus) 3°3, an observer-rated scale (Hamilton Depression Rating Scale, HDRS-
17) 3*%, and the self-report Beck Depression Inventory-Il (BDI-Il) questionnaire *. The first
assessmentwas completedin aface-to-faceinterview, whereas the latter two werefilled out
by the patient on a computer (VitalHealth Software, QuestManager). Sociodemographic
and clinical characteristics were gathered at baseline. During the subsequent ROM
assessments, every 2 weeks, the HDRS-17 and the BDI-ll were administered.

The HDRS-17 consists of 17 items on a Likert scale, ranging from either 0 to 4 or 0 to 2. The
internal consistency is high and, considering its frequent clinical use, it has a good test-
retest reliability *. In order to improve interrater reliability, Hamilton Depression Rating
Scale training sessions were organized every three months, during which videorecorded
interviews with patients were rated and discussed to reach consensus. The BDI-Il consists
of 21 multiple-choice, self-report items, which are all related to symptoms of depression.
There are four statements per item, ranging from 0 (symptom not present) to 3 (symptom
very severe). The total score ranges from 0to 63 . The BDI-Il has a good internal consistency
(around 0.9) and a high convergent validity with the HDRS-17 7.

Treatment

This being an observational study, inpatients received treatment with antidepressants
and psychotherapy as usual in our hospital. The treating psychiatrists determined all
treatment decisions based on clinical judgment—independent of our study. Treatments
during hospitalization were based on evidence-based guidelines and consisted of
pharmacotherapy, (group)psychotherapy, or a combination of both. These guidelines for
diagnosis and treatment were formulated by the Dutch Association of Psychiatry, often in
association with the associations of psychology and general practitioners (www.trimbos.
nl,www.nvvp.net). Medications were grouped into five categories: antidepressants, mood
stabilizers, antipsychotics, benzodiazepines, and stimulants.

Diagnosis of mood disorder

We used the MINI-Plus (5.0.0) at hospital admission to identify all possible patients with
DSM-IV MDD or BD. All MINI interviewers were psychiatrists or psychologists who received
a half-day MINI training session. The MINI-Plus is a semistructured diagnostic

psychiatric interview for DSM-IV and ICD-10 psychiatric disorders 3°3; it has good
psychometric properties, with interrater reliability of 1.00 and test-retest reliability of
0.87 for MDD, and 0.89 and 0.63 for lifetime mania, respectively 2. It has adequate validity
compared to the CIDI and the Structured Clinical Interview for DSM-III (SCID-patient rated)
3940 We used the validated Dutch version of the MINI Plus 33
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Clinical diagnoses were established by treating psychiatrists or supervised residents-in-
training working on the hospital ward. Clinicians used any source of possibly relevant
information in order to provide a clinical diagnosis, for example, unstructured/open
diagnostic interviews or family interviews. For insurance purposes, it is mandatory that
clinical diagnoses, described in DSM-IV criteria, are available in the electronic medical
record (EMR) of every hospitalized patient. In order to verify this clinical diagnosis, two
authors (K.H. and M.S) independently compared the DSM-IV clinical diagnosis to other
available diagnostic information in the EMRs. In case of inconsistencies between the
DSM-IV diagnosis and diagnostic information in the EMR, the treating psychiatrist was
consulted.

Time to response and remission

The main clinical outcomes assessing the course of the depressive episode were time to
response and remission of depressive symptoms during admission. We defined response
as a 50% reduction (or more) of the HDRS-17 at the first follow-up assessment compared
to the baseline assessment. We defined remission as scoring seven or less on the HDRS-17
at the first follow-up assessment. When a patient failed to reach criteria for response and
remission during his or her hospitalization period, that patient was censored at the last
assessment (at discharge).

Statistical analysis

We compared baseline demographic and illness characteristics between the MDD and BD
group using chi-squared tests for categorical data and an analysis of variance (ANOVA)
for continuous measures. Whe investigated the differences in depressive symptom profile
between MDD and BD, adjustments were made for age, sex, level of education and use of
psychotropic drugs (5 classes of psychotropic drugs) using multiple regression analysis.
We evaluated the agreement between the MINI and clinical diagnosis using concordance
statistics such as sensitivity, specificity, positive and negative predictive values (PPV and
NPV), the area below the receiver operator characteristic curve (AUC), and efficiency. We
used the clinical diagnosis as the “gold standard,” being a realistic representation of daily
clinical practice, and investigated the diagnostic power of the MINI correctly diagnosing
bipolar disorder at baseline (i.e., at admission to the psychiatric hospital). In this way,
sensitivity is the ability of the MINI-Plus to correctly diagnose a patient (with reference
to clinical diagnosis), whereas specificity is the ability of the MINI to correctly diagnose a
patient not having a specific clinical diagnosis. PPV refers to the probability that a diagnosis
of bipolar disorder on the MINI correctly corresponds to an individual diagnosed with
bipolar disorder. NPV is the probability that the absence of a diagnosis of bipolar disorder
on the MINI actually corresponds to a person not having the clinical diagnosis. Efficiency
is the number of cases correctly identified divided by the sample size/relative number of
correctly identified cases.
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Time-to-response and time-to-remission data were analyzed using the Kaplan-Meier
(KM) method and log-rank tests. The time of the first ROM assessment was the origin of
the survival time (i.e,, t = 0). Hazard ratios (HR) and 95% confidence intervals (Cl) were
computed using Cox proportional hazard models. The proportional hazard assumption
was tested using the loglog graphical method, for which continuous variables were
provisionally categorized. Multivariable Cox models included age, sex, level of education,
number of episodes, duration of illness and whether the current episode was the index
episode or not. We made no adjustments for multiple comparisons because we only
tested a priori formulated hypotheses. We also added a time-dependent covariate (log,
time) to the Cox proportional hazard model in case of an indication of a violation of the
proportional hazard assumption #'. Two-sided p values < .05 were considered statistically
significant. Data were analyzed using IBM SPSS Version 25.0 (IBM Corp.).

Results

Baseline sample characteristics

The study sample consisted of 276 patients who met the MINI-Plus diagnostic criteria of
MDD (n = 224) or BD (n = 52). As shown in Table 1, there were no significant differences
in sociodemographic characteristics between the MDD and BD groups-except for a
difference in age (higher in MDD vs. BD), and more patients were married in the MDD

group.
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Table 1. Characteristics of 276 consecutive inpatients with unipolar (MDD) and bipolar

depression (BD)

MINI-Plus MDD MINI-Plus BD p value®

(n=224) (n=52)
Female (%) 147 (65.6) 33(63.5) 0.77
Age in years, mean (SD) 520+ 15.6 46.8+ 139 0.03
Education?® (n, %) 0.85¢
- Lower 36 (16.1) 8(15.7)
- Intermediate 107 (48.0) 26 (51.0)
- Higher 80 (35.9) 17 (33.3)
Work status 0.12
- Unemployed 131 (58.5) 34 (65.4)
- Employed 83 (37.1) 13 (25.0)
- Other (student/voluntary service) 10 (4.5) 5(9.6)
Marital status 0.01
- Married 103 (46.0) 12(23.1)
- Divorced/widowed 55(24.6) 18 (34.6)
- Never married 66 (29.5) 22 (42.3)
Living situation® 0.35
- Living alone 65 (29.0) 19 (36.5)
- Living with partner 88 (39.3) 15 (28.8)
- Living with family 71 (31.7) 19 (34.6)
Duration of illness, yearsf 10.2 + 11.2 (0.08-48) 15.5+11.1 (0.25-40) 0.003
Index (first) depressive episode (n, %) 60 (26.8) 3(5.8) 0.001
History of 4 or more depressive episodes (n, %) 54 (24.1) 28 (53.8) < 0.001
Lifetime substance abuse/dependency?
- Alcohol 20(8.9) 8(15.4) 0.16
- Drugs (THC, hard drugs, benzodiazepines) 4 (1.8) 1(1.9) 0.95
Suicidality® 103 (46.0) 22 (42.3) 0.63
Melancholic features 145 (64.7) 25(48.1) 0.03
ROM baseline total scores:
- HDRS-17 21.0+47 19.9+4.0 0.11
- BDI-II 339+9.2 329+10.1 0.50

Values are presented as n (%) or mean + standard deviation with or without range in parentheses.
BD, bipolar depression; BDI-Il, Beck Depression Inventory-Il; HDRS-17, 17-item Hamilton Depression
Rating Scale; MDD, major depressive disorder; MINI-Plus, Mini-International Neuropsychiatric
Interview Plus; ROM, routine outcome monitoring.? p values of t test, x2 test, or one-way analysis
of variance; p values <0.05 are statistically significant. ® Lower education: general basic education
only; intermediate education: middle vocational education; higher education: higher vocational
education or university. < Two missing values for education. ¢ Linear- by-linear association. ¢ Living
alone includes living in a home for elderly or a convent.fFifteen missing values for duration of illness.
9 Investigated using the MINI-Plus modules on substance abuse and suicidality.
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Although there was no difference in the overall severity of depression according to the
HDRS-17 total score, patients with MDD were more likely to manifest hypochondriasis
and weight loss (HDRS-17 Subitems 15 and 16) (Fig. 1a, unadjusted model). When we
adjusted these analyses for age, sex, level of education, antidepressants, mood stabilizers,
antipsychotics, lithium, and quetiapine using multiple regression analysis, only weight
loss remained statistically significant (p = 0.02) (Fig.1b, adjusted model). The adjustment
declined from 0.340 to 0.268 (i.e., 29% decline) for weight loss. The presence of a MINI-Plus
depression with melancholic features was more common in the MDD group than in the
BD group (Table 1). The presence of a MINI-Plus depression with melancholic features was
more common in the MDD group than in the BD group (Table 1).
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Figure. 1. Differences in individual symptoms at baseline in MDD and BD inpatients.
a. Unadjusted model. b Adjusted model. BD, bipolar depression; HDRS, Hamilton Depression Rating
Scale; MDD, major depressive disorder.

Table 2 shows the use of psychotropic medicationin the MDD and BD group at admission. In
the MDD group, serotonin reuptake inhibitors were most commonly prescribed, followed
by the selective serotonin-noradrenalin reuptake inhibitors and tricyclic antidepressants.
Also in the BD group, SSRIs were most commonly prescribed, whereas lithium was the
most frequently prescribed mood stabilizer.
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Table 2: Psychotropic medication according to MDD and BD diagnoses at baseline

Major Depressive Bipolar P-value*
Disorder Depression
(MDD, n=224) (BD, n=52)
Antidepressants: 78.1% 78.8% 0.91
selective serotonin reuptake inhibitor (SSRI) 36.2 % 48.1 % 0.11
serotonin-norepinephrine reuptake inhibitor (SNRI) 17.4% 3.8% 0.01
tricyclic antidepressants (TCA) 23.7% 17.3% 0.32
Mood stabilizers: 5.4 % 48.1 % < 0.001
lithium 4.0 % 26.9 % <0.001
lamotrigine 0.4 % 13.5% <0.001
sodium valproate 1.8% 9.6 % 0.004
Antipsychotics: 42.4 % 53.8% 0.14
quetiapine 12.1% 23.1% 0.04
Benzodiazepines: 45.5 % 53.8 % 0.28

BD, bipolar depression; MDD, major depressive disorder

Concordance between the MINI and clinical diagnosis

All patients were diagnosed with a MINI-Plus mood disorder-either Mini-Plus MDD (n =
224) or MINI-Plus BD (n = 52), compared to a clinical diagnosis of MDD in 193 patients
(69.9%) and BD in 55 patients (19.9%; Table 3). The remaining 10.2% of patients had
either MINI-Plus MDD, diagnosed by clinicians as DSM-IV adjustment disorders (n = 23) or
schizoaffective disorders (n = 2), or patients who had MINI-Plus BD clinically diagnosed as
a DSM-IV adjustment disorder (n = 1) or schizoaffective disorders (n = 2). Clinical bipolar
patients can be subdivided into BD Type | (n = 17), Type Il (n = 31), or BD Not Otherwise
Specified (NOS; n = 7). The agreement between a MINI and the clinical diagnosis of BD
was moderate to strong with an efficiency of 89.5, PPV of 75, and NPV of 92.9; for unipolar
depression, these values were comparable, 81.5, 81.7, and 80.8, respectively. The number
of false positives was proportionally higher for MDD than for BD, resulting in a low
specificity for MDD (50.6%) compared to BD (94.1%) (Table 3).
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Table 3. Concordance between the MINI-Plus and clinical diagnosis in MDD and BD

inpatients
MDD BD
Prevalence MINI-Plus (%) 81.2 18.8
Prevalence clinical diagnosis (%) 69.9 19.9
True positive (n) 183 (81.7%) 39 (75%)
False positive (n) 41 13
False negative (n) 10 16
True negative (n) 42 208
Area under the curve 0.73 0.83
Sensitivity (%) 94.8 70.9
Specificity (%) 50.6 94.1
Positive Predictive Value (%) 81.7 75.0
Negative Predictive Value (%) 80.8 929
Efficiency (n) 81.5 89.5

BD, bipolar depression; MDD: major depressive disorder, MINI-Plus, Mini-International
Neuropsychiatric Interview Plus.

Time to response and remission

Table 4 shows the time to response and remission of the MINI-Plus MDD and Mini-Plus BD
groups as well as the clinically diagnosed MDD and BD groups. Response was achieved
in 60.7% of patients in the (MINI-Plus) MDD group and 63.5% in the (MINI-Plus) BD group;
remission rates were 45.5% and 50.0%, respectively (Table 4).



48 | Chapter2

Table 4. Response and remission according to MINI-Plus diagnoses in 276 in MDD and BD

inpatients
MDD BD p for interaction
with time®
No.(%) / HR No.(%) / HR p value
MINI-Plus diagnoses:
Response (n =169/ 276; 61.2%)
no./total no. (%) 136 /224 (60.7%)  33/52(63.5%)
Crude 1.0 (ref) 1.12(0.76-1.64) 0.56 0.01
< 28 days® 1.0 (ref.) 0.49(0.22-1.07)  0.07
> 28 days® 1.0 (ref.) 1.68(1.08-2.62)  0.02
Adjusted®< 1.0 (ref) 1.23 (0.80-1.87) 0.34 0.04
< 28 days® 1.0 (ref) 0.54 (0.23-1.23) 0.14
> 28 days® 1.0 (ref) 1.93(1.16-3.20)  0.01
Remission (n =128/ 276; 46.4%)
no./total no. (%) 102 /224 (45.5%) 26/52(50.0%)
Crude® 1.0 (ref.) 1.14 (0.74-1.75)  0.56 0.69
< 28 days® 1.0 (ref.) 0.72(0.28-1.85)  0.49
> 28 days® 1.0 (ref) 1.32(0.81-2.14) 0.27
Adjusted®< 1.0 (ref.) 1.17 (0.73-1.89) 0.52 0.48
< 28 days® 1.0 (ref.) 0.73(0.26-1.99)  0.53
> 28 days® 1.0 (ref) 1.40(0.81-2.42) 0.23
Clinical diagnoses:
Response (n = 154 / 248; 62.1%)
no./total no. (%) 114/193(59.1%) 40/55(72.7%)
Crude 1.0 (ref) 1.20(0.81-1.77) 037 0.02
< 28 days® 1.0 (ref.) 0.80(0.40-1.59)  0.52
> 28 days® 1.0 (ref) 1.64 (1.06-2.52)  0.03
Adjusted®< 1.0 (ref) 1.40(0.93-2.11) 0.10 0.07
< 28 days® 1.0 (ref) 0.95 (0.44-2.03) 0.89
> 28 days® 1.0 (ref.) 1.70(1.04-2.79)  0.03
Remission (n =117 / 248; 47.2%)
no./total no. (%) 87 /193 (45.1%) 30/ 55 (54.5%)
Crude® 1.0 (ref.) 1.18(0.78-1.78)  0.45 0.91
< 28 days® 1.0 (ref) 1.37(0.61-3.07) 0.45
> 28 days® 1.0 (ref) 1.13(0.67-1.89) 0.65
Adjusted®< 1.0 (ref.) 1.15(0.72-1.86)  0.56 0.89
< 28 days® 1.0 (ref) 1.83 (0.75-4.49) 0.19
> 28 days® 1.0 (ref) 1.02 (0.57-1.86) 0.94

BD, bipolar depression; Cl, confidence interval; HR, hazard ratio; MDD, major depressive disorder;
MINI-Plus, Mini-International Neuropsychiatric Interview Plus. alnteraction with loge time (as a
continuous variable). b Adjusted for sex, age (as a continuous variable), level of education, index
episode, having > 4 episodes, and duration of illness. c data are HRs with 95% Cls and p values, with
the use of Cox proportional-hazards models.
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Figures 2A and 2B show Kaplan-Meier curves for response and remission in the MINI-Plus
MDD and BD groups. The Kaplan-Meier curve showed an initial advantage of MDD over
BD for reaching response in the first 28 days, followed by a disadvantage (Fig 2A). Since
the proportional hazard assumption failed (using the loglog graphical method; the p value
for interaction with loge time was 0.012), it would be misleading to report the difference
between MDD and BD through the estimated HR, which assumes proportional hazards
over time, because the difference depended on follow-up time #'.

Response, by MINI-Plus diagnosis
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Figure 2. Kaplan-Meier curves for response and remission in MDD and BD inpatients.

a The Kaplan-Meier curve showed an initial advantage of MDD over BD for reaching response in
the first 28 days, followed by a disadvantage. b Remission rates in the MDD and BD groups showed
a rather similar course relative to each other. ¢, d Response and remission Kaplan-Meier curves by
clinically diagnosed MDD and BD. BD, bipolar depression; Cl, confidence interval; HR, hazard ratio;
MDD, major depressive disorder; MINI-Plus, Mini-International Neuropsychiatric Interview Plus.
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Adding a time-dependent covariate (i.e., Ioge time) to the Cox proportional hazard model
allowed us to analyze the change in the HR for response over time. Next, separate Cox
regression analyses were performed in two time windows: before and after 28 days of
admission, which on visual inspection seemed to be the “turning point” (i.e., when the
HR changed course). MDD versus BD tended to have a higher rate of response during
the first 4 weeks of admission with approaching statistical significance, HR = 0.54, 95% Cl
[0.23, 1.23], p = 0.14, but BD confirmed a significant long-term benefit on the likelihood
of response, HR = 1.93, 95% CI [1.16, 3.20], p = 0.01 (Table 4). In contrast, remission rates
in the MDD and BD groups showed a rather similar course relative to each other (Fig 2B).

Figures 2C and 2D show the response and remission Kaplan-Meier curves by clinically
diagnosed MDD and BD groups. The BD group seemed to reach a faster response after
28 days, but the interaction term with Ioge time in the crude analysis (p = 0.02) did not
persist in the adjusted analysis (p = .07). No statistically significant interactions with time
were found for time-to-remission for crude (p =.91) and for adjusted analyses (p = 89); see
Table 4.

Discussion

In this study, we found that MDD and BD showed only minor differences in their symptom
profiles at time of admission to the psychiatric hospital, with MDD patients showing more
weight loss. The concordance indices between the MINI-Plus and clinical diagnoses were
moderately strong, confirming the additive value of the MINI-Plus as a ROM diagnostic
tool. Furthermore, BD patients showed a higher response rate during hospitalization
compared to MDD patients, which is largely consistent with previous reports 22, We
found the same tendency for remission, though it was not statistically significant.

The prevalence of BD in patients with a depressive episode was 23.2% in our study, which
is comparable to other prospective observational studies 2. Consistent with previous
studies 54, baseline depression severity (as assessed by the HDRS-17) was comparable
in both groups. The few differences found in symptom profile between BD and MDD
patients are partly in line with previous research that also found more weight loss ™
and more hypochondriasis ¢ among MDD versus BD patients. Psychotropic medication,
which is known to induce weight change, could only explain part of the difference in the
multivariate analysis. Atypical depressive symptoms, which are usually more prevalent in
BD 62, are not assessed by the HDRS-17, which limits its power to evaluate the symptom
profile of BD. We could not replicate the higher occurrence of psychomotor retardation,
which is usually more prevalent in MDD 693, Also, presence of a MINI-Plus depression with
melancholic features was more common in the MDD group than in the BD group; we
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expected the opposite to be true based on previous research ¢°. However, diagnosing
melancholic features based on the MINI-Plus is not exempt from criticism and a more
objective scale (e.g., the CORE scale ) would be more accurate.

As for the concordance of the MINI and clinical diagnoses, our findings are relevant for
clinicians who need to differentiate between MDD and BD in a depressed inpatient, which
is of clinical importance because treatment options differ significantly. Antidepressant
monotherapy in BD is discouraged in current guidelines due to its low efficacy and even
potential iatrogenic effects, particularly with TCA monotherapy, that is, switching to (hypo)
mania or acceleration of mood cycles “-*°. Although psychotherapeutic strategies in MDD
and BD show some overlap, there are many psychotherapeutic and psychoeducational
strategies that specifically target BD, such as Interpersonal Social Rhythm Therapy #°. Since
our sample consisted solely of inpatients with depressive symptomatology, our findings
are difficult to compare directly to studies that investigated agreement between the MINI
and clinical diagnoses in broader samples of psychiatric inpatients >'-53. Nevertheless, the
agreement indices of moderate strengths between the MINI and clinical diagnoses were
comparable with those from Verhoeven et al. 32, who found an efficiency of 0.97, a PPV of
54.8%, and an NPV of 87.6% for BD (compared to 0.90, 0.75%, and 0.93% in our study).
For unipolar depression, these values were 0.65, 54.8, and 87.6, respectively (compared to
0.82,0.82, and 0.81). Therefore, we think that use of the MINI-Plus in ROM has added value
for the clinician, not only because it assists the clinician in retrospectively assessing the
presence of (hypo)mania and to ascertain either MDD or BD, but also to detect comorbid
psychiatric diagnoses. Therefore, we think that use of the MINI in ROM has added value to
the clinician, not only because it assists the clinician to retrospectively assess the presence
of (hypo)mania and to ascertain either MDD or BD but also to detect comorbid psychiatric
diagnoses.

To our knowledge, ours is the first prospective observational study examining short-
term depressive symptom response in inpatients with MDD versus BD. Some previous
prospective studies have shown that BD typically resolves faster than MDD 2223, Qur
finding that BD patients showed a higher response rate contrasts with the finding from
the study by Furukuwa et al. % that showed no significant differences between MDD and
BD in terms of time to recovery of depressive symptoms. In the latter study, however,
sample size was smaller with 101 patients; the outcome measure (i.e., “recovery”) was
also defined differently, namely, as 2 consecutive months with no more than two mild
depressive symptoms. Furthermore, Furukuwa et al’s 2° population consisted solely of
patients with an index episode. Although Kaplan-Meier curves were crossing, no analysis
of the HR over time was performed.
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Our study has several strengths. It featured a real-world naturalistic setting that included
consecutive patients, having the advantage over randomized controlled trials of having
less strictinclusion criteria with less selection bias, being more representative of psychiatric
practice. Finally, we incorporated ROM assessments into clinical practice, implemented in
short-term (2-week) intervals.

In addition to these strengths, we must also address some limitations. First, as a
consequence of the naturalistic design, patients were treated with a variety of different
combinations of psychotropic drugs that may have an influence on symptom profile and
course. Moreover, we did not adjust for multiple testing, and therefore our findings need
to beinterpreted cautiously and to be replicated in independent samples. Second, sample
sizes were moderate and the number of MDD patients was much larger than that of BD
patients, which however reflects the real-world ratio of MDD and BD patients among
consecutive inpatients. Third, the setting of a single tertiary psychiatric hospital may have
limited the generalizability of our results. Fourth, the HDRS-17 may not be optimal to assess
BD because it does not assess atypical depressive symptoms; however, it did facilitate
the direct comparison to unipolar depression. Finally, regarding the agreement between
the MINI-Plus and clinical diagnoses, there was a time lag between MINI-Plus diagnostics
(at baseline) and clinical diagnostics (i.e., overall consensus of clinical diagnosis during
hospitalization), which is an important limitation.

In conclusion, this study showed that ROM may help clinicians to diagnose patients
who are admitted to a psychiatric setting and to monitor treatment response over time.
Using ROM, we found that MDD patients exhibited more weight loss compared to their
BD counterparts. Furthermore, although BD inpatients showed an initial slower rate of
response compared to their MDD counterparts, more BD patients eventually reached
response.
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Abstract

Objective: Tryptophan catabolites (TRYCATs) are implicated in the pathophysiology of
mood disorders by mediating immune-inflammation and neurodegenerative processes.
We performed a meta-analysis of TRYCAT levels in bipolar disorder (BD) patients compared
to healthy controls.

Methods: A systematic literature search in seven electronic databases (PubMed,
Embase, Web of Science, Cochrane, Emcare, PsycINFO, Academic Search Premier) was
conducted on TRYCAT levels in cerebrospinal fluid or peripheral blood according to the
PRISMA statement. A minimum of three studies per TRYCAT was required for inclusion.
Standardized mean differences (SMD) were computed using random effect models.
Subgroup analyses were performed for BD patients in a different mood state (depressed,
manic). The methodological quality of the studies was rated using the modified Newcastle-
Ottawa Quality assessment Scale.

Results: Twenty-one eligible studies were identified. Peripheral levels of tryptophan
(SMD = -0.44; p < 0.001), kynurenine (SMD = - 0.3; p = 0.001) and kynurenic acid (SMD
= -.45; p = < 0.001) were lower in BD patients versus healthy controls. In the only three
eligible studies investigating TRP in cerebrospinal fluid, tryptophan was not significantly
different between BD and healthy controls. The methodological quality of the studies was
moderate. Subgroup analyses revealed no significant difference in TRP and KYN values
between manic and depressed BD patients, but these results were based on a limited
number of studies.

Conclusion: The TRYCAT pathway appears to be downregulated in BD patients. There is a
need for more and high-quality studies of peripheral and central TRYCAT levels, preferably
using longitudinal designs
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Introduction

Bipolar disorder (BD) is a chronic psychiatric disorder characterized by alternating periods
of depression and abnormally elevated moods. BD is one of the leading causes of global
disability, resulting in cognitive and functional decline and an increased mortality rate
'. The pathophysiology of BD remains to be fully elucidated but accumulating evidence
points towards a pathophysiological role of chronic low-grade inflammation 2.

The kynurenine pathway of tryptophan (TRP) degradation has been proposed as the
missing link through which inflammation causes neurotoxicity and psychiatric symptoms.
TRP is an essential amino acid and a precursor for serotonin or 5-hydroxytryptamine.
In response to inflammation or psychosocial stress 3, TRP is primarily metabolized into
kynurenine (KYN) following an upregulation of indoleamine 2,3-deoxygenase (IDO-1) and
hereby leading to a reduction in availability of serotonin (for a graphical illustration of the
KYN Pathway, see Figure 1). This depletion of serotonin has been assumed to play a major
role in the pathophysiology of depression . More recent studies also point towards the
imbalance supposedly neurotoxic [including 3-hydroxy kynurenine (3-HK) and quinolinic
acid (QA)) and neuroprotective (kynurenic acid (KA)] TRP catabolites (TRYCAT) as a central
mechanism in the pathophysiology of mood disorders”:2. In patients with Major Depressive
Disorder (MDD), a consistent increase in 3-HK and QA and a decrease in KA in blood and
cerebrospinal fluid has been found &°. In BD patients, however, results have been more
divergent and appear specific to the symptomatic state '°. In depressed or euthymic
BD patients, TRYCAT alterations seem to be similar to those in MDD "-'3, In contrast, BD
patients with a history of psychosis have shown elevated KA levels in cerebrospinal fluid
(CSF) but not in the periphery, analogous to schizophrenia patients 36,

In the last decade, a growing number of studies in BD has been published and TRYCATs are
represented as promising biomarkers related to BD 7. However, studies show conflicting
results and there is a great variation in methodological quality between studies, with
a potential risk of bias as a consequence. Two previous meta-analyses synthesized
the role of kynurenine metabolites in broad psychiatric disorders '®'°, Both included a
limited number of studies in BD which investigated only a limited selection of TRYCATs
(mostly TRP, KYN and/or KA) and the impact of mood state was not investigated. Arnone
and colleagues '® reported no significant differences in peripheral KYN or TRP values
compared to controls, but only five studies were included and there was considerable
heterogeneity among studies. The meta-analysis by Wang and Miller '° found that CSF
levels of KA were significantly increased in euthymic BD patients compared to healthy
controls, but this finding were based upon two studies with partly overlapping samples ™
16, A third, recently published, meta-analysis summarized the results of studies on TRYCATs
in BD, but they included only studies investigating TRYCAT levels in peripheral blood that
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were published after 2006. Furthermore, they did not provide a critical evaluation of the
study quality %°.
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Figure 1. Kynurenine Pathway

The aim of this meta-analysis is to synthesize the available evidence on peripheral and
central TRYCAT alterations in case- control studies of BD patients and to critically evaluate
the quality of available studies. Furthermore, subgroup analyses were performed to
separately investigate the differences in TRYCAT levels in manic (BD-M) and bipolar
depressed (BD-D) patients.

Material and Methods

This meta-analysis was conducted and written according to the principles of the PRISMA-P

(preferred reporting items for systematic review and meta-analysis protocols) guidelines
21
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Search Strategy

A search of seven electronic databases (PubMed, Embase, Web of Science, Cochrane,
Emcare, PsycINFO, Academic Search Premier) was conducted for original papers on levels
of TRYCATSs (i.e. TRP, KYN, KA, 3-HK, QA) in BD patients. A medical librarian of the University
of Leiden was involved in the establishment of the search strings (see Supplementary
S1) and the literature search (last search: August, 19, 2020). Two authors (M.M. and K.H.)
independently assessed studies for suitability for inclusion.

Inclusion criteria for eligible papers were: 1) English language papers published in peer-
reviewed journals; 2) Case-control studies comparing BD patients (as confirmed by Research
Diagnostic Criteria (RDC), DSM-(III, IlI-R, 1V, IV-TR) or ICD-(9 or 10) to healthy controls, 3)
assessment of at least 1 TRYCAT metabolite in peripheral blood, CSF or postmortem tissue.
In case of sample overlap between studies (as indicated by the authors), only the largest
study was included in the current meta-analysis, in order to avoid double counting. Only
baseline data were included from longitudinal study articles.

Quality Assessment

Two researchers (KH and KS) independently assessed the risk of bias and methodological
quality of the included studies using a modified version of the Newcastle-Ottawa Quality
assessment Scale for case-control studies %2 Following assessments were added to the
original scale: an evaluation of the sample size (i.e. a required sample size of minimum
twenty patients), assessment of outcome consisting of an evaluation of the completeness
of TRYCAT description on the one hand as well as lab procedures (including blinding) in
order to guarantee reproducibility on the other hand) and an assessment of statistical
reporting. Studies could obtain up to ten stars on three overall quality domains (i.e.
selection, comparability, and outcome).

Data Synthesis and Analysis

Demographic variables (age and gender), clinical assessments (mood state and symptom
severity scores), and TRYCAT metabolite levels (means and standard deviations) were
extracted from each study. Authors were contacted for additional information when
data could not be extracted from the paper; this was received from four papers '> 2%,
The Review Manager 5.3 (RevMan 5.3) computer program was used for performing the
primary meta-analysis and subgroup analyses. The primary outcome measure was the
standardized mean difference (SMD) in random effect models, represented in forest plot
graphs (95% confidence interval). The presence of heterogeneity was assessed using
Chi? and its magnitude using I? statistics. Potential effect modification by gender, age,
and publication year was investigated by performing metaregression analyses (Knapp-
Hartung method, maximum likelihood) 2¢ in Comprehensive Meta-Analysis version 3
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(CMA v3). For analyses with ten or more available studies, funnel plots and Egger’s tests
were used to assess the presence of publication bias.

Subgroup analyses were performed to investigate the difference in TRYCAT levels for
BP patients in a different mood state (depressed, manic). A minimum of three studies
per subgroup was required in order to perform a subgroup analysis for each TRYCAT. A
depressed state was defined as a major depressive episode as diagnosed by the RDC,
DSM-(lIl, lI-R, IV, IV-TR) or ICD-(9 or 10) criteria and/or defined as a minimum threshold
of 17 or 18 on the Hamilton Rating Scale for Depression (HRSD-17) or 20 on the HRSD-
24 7 A manic state was defined as fulfilling the criteria of the RDC, DSM-(Ill, llI-R, 1V, IV-
TR) or ICD-(9 or 10) ICD-10) criteria and/or as having a minimum threshold of 13 on the
Young Mania Rating Scale (YMRS) %, the most frequently used scale for assessment of
manic symptoms. By means of a supplementary analysis, subgroup analyses were also
performed to investigate the differences in effect size between high and low quality
studies. The significance level was set at p < 0.05, the Benjamin Hochberg procedure was
applied for controlling false discovery rates (FDR) in meta-regression analyses.

Results

Study Selection

The search strategy resulted in 903 hits and after deduplication 438 remained that were
screened for relevance based on title and abstract. A final of 47 papers were read in full,
of which 26 were excluded. The PRISMA Flow Diagram in Figure 2 depicts the number of
in- and excluded articles from each stage of screening. Four studies investigated TRYCATs
in CSF '2°-31 sixteen in serum or plasma and one both in CSF and serum . Only one post-
mortem study met inclusion criteria 32, but this study was excluded due to inadequate
reporting. Of the twenty-one included papers in the meta-analysis, twelve had a cross-
sectional design; nine a longitudinal design.
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A

®| 465 Duplicate records excluded

Records screened (n=438)

Y

Full-text articles reviewed (n=47)

391 Records excluded
based on titles/abstracts

Y

analysis (n=21)

Full-text articles included in meta-

Figure 2. Flowchart

26 Articles excluded:
8 Not an RCT
7 Mixed diagnoses
6 Sample overlap
4 Inadequate reporting
1 Oral TRP supplementation

Table 1 presents the characteristics of the included studies. The analysis of TRP in CSF
and five TRYCATs (TRP, KYN, KA, 3-HK, QA) in peripheral blood were included in the meta-
analyses based on the minimal requirement of three studies for each meta-analysis. Two
CSF studies included both BD-D and BD-M patients 2*3°, one solely BD-M 3" and one solely
euthymic BD patients . Eight serum/plasma studies included only BD-D 122333 35-37.41.42,
one only BD-M ™, one only euthymic BD 3%, two both BD-D and BD-M patients *“, one
study both BDM and euthymic BD 34 and two studies BD-D, BD-M and BD-Mixed patients
1917 |n the two remaining studies the mood state of BD patients was not specified >3,
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Quality Assessment

The results of the quality assessment can be found in Table 2. The quality analysis showed
an overall moderate methodological quality with 12 studies (57%) scoring half of the
maximum score or more (5/10 or more). Eight studies (38%) had a sample size of less than
twenty patients 1223 29-31.33.36.42_Qnly five studies recruited a matched control sample '*
23,24,34.38 and all but one study ' reported unadjusted mean TRYCAT levels. Four studies
reported that the laboratory technicians were blind for diagnose status '%'43"41,

Table 2: Psychotropic medication according to MDD and BD diagnoses at baseline

Major .
. Bipolar
Depressive 3
y Depression P-value*
Disorder (BD, n=52)
(MDD, n=224) T
Antidepressants: 78.1% 78.8% 0.91
- selective serotonin reuptake inhibitor (SSRI) 36.2 % 48.1 % 0.11
- serotonin-norepinephrine reuptake inhibitor (SNRI) 174 % 3.8% 0.01
- tricyclic antidepressants (TCA) 23.7% 173 % 0.32
Mood stabilizers: 54% 48.1 % < 0.001
- lithium 4.0 % 26.9 % <0.001
- lamotrigine 0.4 % 13.5% <0.001
- sodium valproate 1.8% 9.6 % 0.004
Antipsychotics: 424 % 53.8% 0.14
- quetiapine 12.1% 23.1% 0.04
Benzodiazepines: 45.5 % 53.8% 0.28

BD, bipolar depression; MDD, major depressive disorder

Central Levels of Kynurenine Metabolites

CSF levels of TRP did not significantly differ from healthy controls (nstudies = 3, Npatients = 39,
SMD =-0.43,z=0.86, p = 0.39). There was considerable inter-study heterogeneity (1 83%,
see Supplementary Figure 4). Only two studies investigated KA in CSF in BD. No CSF
studies were found for KYN, 3-HK and QA in BD. Consequently, these four TRYCATs were
not included in the meta-analysis.

Peripheral Levels of Kynurenine Metabolites

Peripheral blood levels of TRP, KYN and KA were significantly lower in BD compared to
healthy controls (TRP: nstudies = 14, Npatients = 552, SMD = -0.44, z = 4.94, p < 0.001; KYN:
Nstudies = 12, Npatients = 514, SMD = - 0.30, z = 3.21, p = 0.001; KA: nstudies = 10, Npatients = 522,
SMD = - 0.45, z = 3.98, p <.001). Peripheral QA and 3-HK concentrations did not differ
significantly between BD and healthy controls (QA: nstudies = 4, Npatients = 203, SMD = - 0.31,
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z=1 37, p= 0.1 7; 3-HK: nstudies = 5, Npatients = 273, SMD =- 078, zZ= 054, p= 059) Inter-study
heterogeneity was present for all TRYCATs with I>ranging from 46 to 77%.

Publication Bias

Funnel plots (of metabolites with a minimum of 10 available studies; TRP, KYN, KA in
peripheral blood) are presented in Supplementary Figures 1 to 3. The funnel plot of KA
shows a significant asymmetry, confirmed by the Egger’s test (shown in Table 3), which
potentially indicates a publication bias in favor of research reporting lower KA levels in BD.

Table 3. Concordance between the MINI-Plus and clinical diagnosis in MDD and BD inpatients

MDD BD
Prevalence MINI-Plus (%) 81.2 18.8
Prevalence clinical diagnosis (%) 69.9 19.9
True positive (n) 183 (81.7%) 39 (75%)
False positive (n) 41 13
False negative (n) 10 16
True negative (n) 42 208
Area under the curve 0.73 0.83
Sensitivity (%) 94.8 70.9
Specificity (%) 50.6 94.1
Positive Predictive Value (%) 81.7 75.0
Negative Predictive Value (%) 80.8 929
Efficiency (n) 81.5 89.5

BD, bipolar depression; MDD: major depressive disorder, MINI-Plus, Mini-International
Neuropsychiatric Interview Plus.

Subgroup Analyses and Meta-Regression

Subgroup analyses in euthymic patients could not be reliably performed due to the
scarcity of such studies, as there were only three studies including euthymic BD patients,
of which one presented CSF levels. Subgroup effect by either depressed or manic mood
state for TRP and KYN did not show effect modification (Chi?test for subgroup differences
were not significant, see Supplementary Figures 11-12). Subgroup analyses for KA, 3-HK
and QA could not be performed since the minimum criterion of three studies in each
subgroup was not fulfilled. The pooled effect estimate for TRP in the BD-M subgroup was
slightly larger than that of the BD-D subgroup (BD-M: SMD = - 0.52; z = 2.32; p = 0.02;
BD-D: SMD = - 0.43; z = 2.96; p = 0.003). The pooled effect estimates for KYN in BD-D and
BD-M groups were comparable (BD-M: SMD = - 0.27; z = 1.98; p = 0.05; BD-D: SMD = -
0.38;z=2.8; p = 0.005). Considerate within-subgroup heterogeneity remained, indicating
that other unidentified factors likely affect TRYCAT levels in BD patients. By means of a
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supplementary analysis (Supplementary Table 1), we performed a subgroup analysis
comparing effect sizes in high and low quality studies and this indicated a significant
subgroup effect for KYN (p = 0.04) and KA (p = 0.04) with low quality studies showing larger
effect sizes compared to high quality studies. As demonstrated in the meta-regression
analyses (see Supplementary Table 2), there was no effect modification for TRP, KYN and
KA by age. The gender of the control group appeared to be a significant moderator of the
effect in the studies comparing KA in BD and controls, yet this was no longer significant
after correcting for false discovery rates. Metaregressions could not be performed for 3-HK
and QA due to the low number of studies (n =5 and n = 4 respectively).

Discussion

This meta-analysis summarizes the available evidence on a wide range of TRYCAT
metabolites, representative for the whole kynurenine pathway, in BD patients compared
to healthy controls. Patients with BD showed lower peripheral levels of TRP, KYN and KA
compared to healthy controls. The levels of 3-HK and QA were not significantly different
between healthy controls and BD. CSF levels of TRP showed no significant difference
between BD and healthy controls, but this finding was based on only three studies.

Our results confirm that BD is associated with alterations in TRYCATs. However, these
findings do not entirely correspond to the theoretically proposed hypotheses to explain
the relationship between inflammation, kynurenine metabolism and BD. TRYCATs are
assumed to act as inflammatory mediators and to cause neurodegeneration through
neurotoxic effects %, but the exact pathophysiological mechanism how TRYCATS influence
BD symptoms and course remain unclear. The lower TRP levels in peripheral blood are
consistent with the inefficient serotonin turnover in BD '* "7, but our findings are not
consistent with the theoretical hypothesis of an increased TRP breakdown, under low-
grade inflammatory conditions ", which would be expected to result in elevated KYN and
KA levels. A plausible explanation for this inconsistency may be that a proposed microglial
branch upregulation results in a reduced shunt towards the astrocytic branch, resulting in
lower KYNA levels %,

Our findings are in line with a recent meta-analysis by our group on TRYCAT alterations
in schizophrenia spectrum disorder (SSD) which showed a partial downregulation of
the kynurenine pathway (significantly lower levels of peripheral TRP in all SSD patients
but especially in acute psychotic, younger patients and of peripheral KA and QA in
symptomatic and/or older SSD patients *. Accumulating evidence shows that acute
psychotic exacerbations are associated with different immunological alterations than
non-acute states ** % and our group previously hypothesized differences in state (i.e.
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emerging during acute exacerbations) and trait immune markers (i.e. relatively unaltered
throughout the disorder) in SSD %, which could also be the case in BD.

However, it should be noted that peripheral, rather than central TRYCAT metabolites have
been measured in most studies. An important question is to what extent CSF and plasma
TRYCAT levels are correlated and how they differentially influence the pathophysiology
of BD. TRP, KYN, and 3-HK easily cross the blood brain barrier by active transport, but the
brain uptake of QA and KA is limited to passive diffusion due to their polarity “. Sellgren
et al.”® have demonstrated that peripheral KA levels do not mirror central levels in a large
sample of BD and healthy controls. But other studies did show a correlation between QA
and KA levels in serum and CSF in depressed patients with proven signs of inflammation
levels 430, A secondary issue concerns the binding capacity of TRP, KYN and KA to plasma
proteins, such as albumin, but the exact result on peripheral values and blood-brain
transport remains unclear 6, Third, the peripheral kynurenine pathway is regulated
by immune markers, steroids and growth factors >'*3 which can also potentially affect
peripheral levels.

All analyses of studies investigating the TRYCAT levels in peripheral blood showed
substantial between-study heterogeneity, with effect sizes varying noticeably between
studies.This suggests thatanumber of confounders and study-specific variables contribute
to the effect size and, consequently, to the divergence in study results. We investigated
the role of mood state (manic or depressed state) in subgroup analyses but this did not
explain a significant proportion of the between-study variance. In a further attempt to
reveal study-specific characteristics related with heterogeneity, meta-regression analyses
were performed but these revealed no significant associations between TRYCAT levels and
variables such as age, gender and publication year. It should be emphasized that other,
not-investigated, factors could play a role in this heterogeneity. We can broadly categorize
these factors into three domains: methodological, clinical and conceptual issues. Apart
from differences in methodological quality between studies, differences in lab techniques
could also lead to heterogeneous results. Although Liquid-Chromatography Mass
Spectrometry is currently considered as golden standard and consequently the most
commonly used method, othertechniques have been usedin studies such as High-Pressure
Liquid Chromatography and Atomic Absorption Spectrophotometry). Moreover, some
TRYCAT metabolites (such as QA) have extremely low concentrations in peripheral blood
tissue which tend to border the limits of the detection range of most of these methods,
which may greatly affect reliability of some of these assessments. Several clinical factors
are assumed to influence TRYCAT levels, the most of which is the use of psychotropic drugs.
Several studies have demonstrated a moderating effect of anticonvulsants (e.g. valproate)
on TRYCAT levels 2*3* but there is a lack of large-scale studies. Moreover, age and duration
of illness may similarly have an effect on TRYCAT changes, although the limited amount of
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available studies do not allow for proper analyses of these effects. Lastly, between-study
heterogeneity could be a reflection of underlying genetic, phenotypical or diagnostic
diversity of BD patients included in different studies **. However, this heterogeneity, which
may translate in differential impact on the TRYCAT pathway, has never been investigated
in BD patient groups.

To our knowledge, this meta-analysis provides the most extensive summary of all available
studies on a wide range of TRYCAT levels measured in CSF or serum/plasma in BD patients
published to date. Compared to previously published meta-analyses '®'°, we performed a
broader literature search and provided a more complete analysis of the data by contacting
authors for additional data on TRYCAT levels of BD subgroups. Other strengths of our
study are the critical quality assessment of the included studies and the separate analysis
of TRYCAT alterations in BD patients in a different mood (manic, depressed) resulting in a
more nuanced picture of TRYCAT alterations in BD and adding evidence to the discussion
on whether TRYCAT alterations should be considered as state or trait dependent changes.
However, our results need to be interpreted in view of some limitations. Some analyses
included only a small number of studies and the methodological quality of some studies
was insufficient. The interpretation of our results is further limited by the differential use of
psychopharmacological treatments between patients within and between studies as these
are known to have a confounding influence on inflammatory mediators. The majority of
the individual studies did not adjust the analysis for important confounders, such as age,
gender, smoking status, duration of BD, (doses of) psychotropics, and symptom severity.

Supplementary Material

The Supplementary Material can be found online at: https://www.frontiersin.org/
articles/10.3389/fimmu.2021.667179/full#supplementary-material



Chapter3 | 73

References

1. Grande |, Berk M, Birmaher B, Vieta E. Bipolar Disorder. Lancet (2016) 387:1561-72. doi:
10.1016/S0140-67361500241-X

2. Drexhage RC, Hoogenboezem TH, Versnel MA, Berghout A, Nolen WA, Drexhage HA. The
Activation of Monocyte and T Cell Networks in Patients With Bipolar Disorder. Brain Behav
Immun (2011) 25:1206-13. doi: 10.1016/j.bbi.2011.03.013

3. Heisler JM, O’Connor JC. Indoleamine 2,3-Dioxygenase-Dependent Neurotoxic Kynurenine
Metabolism Mediates Inflammation-Induced Deficit in Recognition Memory. Brain Behav
Immun (2015) 50:115-24. doi: 10.1016/j.bbi.2015.06.022

4, Morrens M, De Picker L, Kampen JK, Coppens V. Blood-Based Kynurenine Pathway Alterations
in Schizophrenia Spectrum Disorders: A Meta-Analysis. Schizophr Res (2020) 223:43-52. doi:
10.1016/j.schres.2020.09.007

5. Dantzer R. Role of the Kynurenine Metabolism Pathway in Inflammation-Induced Depression:
Preclinical Approaches. Curr Top Behav Neurosci (2017) 31:117-38. doi: 10.1007/7854_2016_6

6. Widner B, Laich A, Sperner-Unterweger B, Ledochowski M, Fuchs D. Neopterin Production,
Tryptophan Degradation, and Mental Depression -What is the Link? Brain Behav Immun
(2002) 16(5):590-5. doi: 10.1016/50889-15910200006-5

7. Myint AM, Kim YK. Network Beyond IDO in Psychiatric Disorders: Revisiting Neurodegeneration
Hypothesis. Prog Neuropsychopharmacol Biol Psychiatry (2014) 48:304-13. doi: 10.1016/j.
pnpbp.2013.08.008

8. Savitz J. Role of Kynurenine Metabolism Pathway Activation in Major Depressive Disorders.
Curr Top Behav Neurosci (2017) 31:249-68. doi: 10.1007/7854_2016_12

9, Myint AM, Kim YK, Verkerk R, Scharpé S, Steinbusch H, Leonard B. Kynurenine Pathway in
Major Depression: Evidence of Impaired Neuroprotection. J Affect Disord (2007b) 98:143-51.
doi: 10.1016/j.jad.2006.07.013

10.  Wurfel BE, Drevets WC, Bliss SA, McMillin JR, Suzuki H, Ford BN, et al. Serum Kynurenic Acid is
Reduced in Affective Psychosis. Transl Psychiatry (2017) 7(5):e1115. doi: 10.1038/tp.2017.88

11.  Birner A, Platzer M, Bengesser SA, Dalkner N, Fellendorf FT, Queissner R, et al. Increased
Breakdown of Kynurenine Towards its Neurotoxic Branch in Bipolar Disorder. PLoS One (2017)
12:1-14. doi: 10.1371/journal.pone.0172699

12.  Poletti S, Myint AM, Schiietze G, Bollettini I, Mazza E, Grillitsch D, et al. Kynurenine Pathway
and White Matter Microstructure in Bipolar Disorder. Eur Arch Psychiatry Clin Neurosci (2018)
268:157-68. doi: 10.1007/s00406-016-0731-4

13.  Sellgren CM, Gracias J, Jungholm O, Perlis RH, Engberg G, Schwieler L, et al. Peripheral and
Central Levels of Kynurenic Acid in Bipolar Disorder Subjects and Healthy Controls. Transl
Psychiatry (2019) 9(1):37. doi: 10.1038/s41398- 019-0378-9

14.  Myint AM, Kim YK, VerkerkR, Park SH, Scharpé S, Steinbusch HWM, et al. Tryptophan Breakdown
Pathway in Bipolar Mania. J Affect Disord (2007a) 102:65-72. doi: 10.1016/j.jad.2006.12.008



74 | Chapter3

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Olsson SK, Sellgren C, Engberg G, Landén M, Erhardt S. Cerebrospinal Fluid Kynurenic Acid
is Associated With Manic and Psychotic Features in Patients With Bipolar | Disorder. Bipolar
Disord (2012) 14:719-26. doi: 10.1111/ bdi.12009

Olsson SK, Samuelsson M, Saetre P, Lindstrom L, Jonsson EG, Nordin C, et al. Elevated Levels
of Kynurenic Acid in the Cerebrospinal Fluid of Patients With Bipolar Disorder. J Psychiatry
Neurosci (2010) 35:195-9. doi: 10.1503/jpn.090180

Mukherjee D, Krishnamurthy VB, Millett CE, Reider A, Can A, Groer M, et al. Total Sleep Time
and Kynurenine Metabolism Associated With Mood Symptom Severity in Bipolar Disorder.
Bipolar Disord (2018) 20:27-34. doi: 10.1111/bdi.12529

Arnone D, Saraykar S, Salem H, Teixeira AL, Dantzer R, Selvaraj S. Role of Kynurenine Pathway
and its Metabolites in Mood Disorders: A Systematic Review and Meta-Analysis of Clinical
Studies. Neurosci Biobehav Rev (2018) 92:477-85. doi: 10.1016/j.neubiorev.2018.05.031
Wang AK, Miller BJ. Meta-Analysis of Cerebrospinal Fluid Cytokine and Tryptophan Catabolite
Alterations in Psychiatric Patients: Comparisons Between Schizophrenia, Bipolar Disorder, and
Depression. Schizophr Bull (2018) 44:75-83. doi: 10.1093/schbul/sbx035

Bartoli F, Misiak B, Callovini T, Cavaleri D, Cioni RM, Crocamo C, et al. The Kynurenine Pathway
in Bipolar Disorder: A Meta-Analysis on the Peripheral Blood Levels of Tryptophan and Related
Metabolites. Mol Psychiatry (2020). doi: 10.1038/541380-020-00913-1

Moher D, Shamseer L, Clarke M, Ghersi D, Liberati A, Petticrew M, et al. Preferred Reporting
Items for Systematic Review and Meta-Analysis Protocols PRISMA-P 2015 Statement. Rev Esp
Nutr Humana y Diet (2016) 20:148-60. doi: 10.1186/2046-4053-4-1

Peterson J, Welch V, Losos M, Shea B, O’ Connell D, Tugwell P, et al. The Newcastle-Ottawa Scale
NOS for Assessing the Quality of Nonrandomised Studies in Meta-Analyses. Ottawa: Ottawa
Hospital Research Institute (2011).

Olajossy M, Olajossy B, Wnuk S, Potembska E, Urbanska E. Blood Serum Concentrations of
Kynurenic Acid in Patients Diagnosed With Recurrent Depressive Disorder, Depression in
Bipolar Disorder, and Schizoaffective Disorder Treated With Electroconvulsive Therapy.
Psychiatr Pol (2017) 51:455-68. doi: 10.12740/pp/61584

van den Ameele S, van Nuijs AL, Lai FY, Schuermans J, Verkerk R, van Diermen L, et al. A Mood
State-Specific Interaction Between Kynurenine Metabolism and Inflammation is Present in
Bipolar Disorder. Bipolar Disord (2020) 22:59-69. doi: 10.1111/bdi.12814

Zhou Y, Zheng W, Liu W, Wang C, Zhan Y, Li H, et al. Cross-Sectional Relationship Between
Kynurenine Pathway Metabolites and Cognitive Function in Major Depressive Disorder.
Psychoneuroendocrinology (2019) 101:72-9. doi: 10.1016/j.psyneuen.2018.11.001

Tipton E, Pustejovsky JE, Ahmadi H. Current Practices in Meta-Regression in Psychology,
Education, and Medicine. Res Synth Methods (2019) 10:180-94. doi: 10.1002/jrsm.1339
Hamilton M. A Rating Scale for Depression. J Neurol Neurosurg Psychiatry (1960) 23:56-62.
doi: 10.1136/JNNP.23.1.56

Young RC, Biggs JT, Ziegler VE, Meyer DA. A Rating Scale for Mania: Reliability,Validity and
Sensitivity. Br J Psychiatry J Ment Sci (1978) 133:429-35. doi: 10.1192/bjp.133.5.429



29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Chapter3 | 75

Ashcroft GW, Blackburn IM, Eccleston D, Glen Al, Hartley W, Kinloch NE, et al. Changes on
Recovery in the Concentrations of Tryptophan and the Biogenic Amine Metabolites in the
Cerebrospinal Fluid of Patients With Affective lliness. Psychol Med (1973) 3:319-25. doi:
10.1017/5s0033291700049606

Coppen A, Brooksbank BW, Peet M. Tryptophan Concentration in the Cerebrospinal Fluid of
Depressive Patients. Lancet (1972) 1:1393. doi: 10.1016/5s0140-67367291123-3

Gerner RH, Fairbanks L, Anderson GM, Young JG, Scheinin M, Linnoila M, et al. CSF
Neurochemistry in Depressed, Manic, and Schizophrenic Patients Compared With That of
Normal Controls. Am J Psychiatry (1984) 141:1533-40. doi: 10.1176/ajp.141.12.1533

Miller CL, Llenos IC, Cwik M, Walkup J, Weis S. Alterations in Kynurenine Precursor and Product
Levels in Schizophrenia and Bipolar Disorder. Neurochem Int (2008) 52:1297-303. doi:
10.1016/j.neuint.2008.01.013

Chiaroni P, Azorin JM, Bovier P, Widmer J, Jeanningros R, Barré A, et al. A Multivariate Analysis
of Red Blood Cell Membrane Transports and Plasma Levels of L-Tyrosine and L-Tryptophan in
Depressed Patients Before Treatment and After Clinical Improvement. Neuropsychobiology
(1990) 23:1-7. doi: 10.1159/000118707

Hoekstra R, Fekkes D, Loonen AJ, Pepplinkhuizen L, Tuinier S, Verhoeven WM. Bipolar Mania
and Plasma Amino Acids: Increased Levels of Glycine. Eur Neuropsychopharmacol (2006)
16:71-7. doi: 10.1016/j.euroneuro.2005.06.003

Liu H, Ding L, Zhang H, Mellor D, Wu H, Zhao D, et al. The Metabolic Factor Kynurenic Acid of
Kynurenine Pathway Predicts Major Depressive Disorder. Front Psychiatry (2018) 9:552. doi:
10.3389/fpsyt.2018.00552

Moller SE, Amdisen A. Plasma Neutral Amino Acids in Mania and Depression: Variation During
Acute and Prolonged Treatment With LTryptophan. Biol Psychiatry (1979) 14:131-9.

Murata S, Murphy M, Hoppensteadt D, Fareed J, Welborn A, Halaris A. Effects of Adjunctive
Inflammatory Modulation on IL-1b in Treatment Resistant Bipolar Depression. Brain Behav
Immun (2020) 87:369-76. doi: 10.1016/j.bbi.2020.01.004

Pan JX, Xia JJ, Deng FL, Liang WW, Wu J, Yin BM, et al. Diagnosis of Major Depressive Disorder
Based on Changes in Multiple Plasma Neurotransmitters: A Targeted Metabolomics Study.
Transl Psychiatry (2018) 8:130. doi: 10.1038/s41398-018-0183-x

Platzer M, Dalkner N, Fellendorf FT, Birner A, Bengesser SA, Queissner R, et al. Tryptophan
Breakdown and Cognition in Bipolar Disorder. Psychoneuroendocrinology (2017) 81:144-50.
doi: 10.1016/j.psyneuen. 2017.04.015

Poletti S, Melloni E, Aggio V, Colombo C, Valtorta F, Benedetti F, et al. Grey and White Matter
Structure Associates With the Activation of the Tryptophan to Kynurenine Pathway in Bipolar
Disorder. J Affect Disord (2019) 259:404-12. doi: 10.1016/j.jad.2019.08.034

Savitz J, Dantzer R, Wurfel BE, Victor TA, Ford BN, Bodurka J, et al. Neuroprotective Kynurenine
Metabolite Indices are Abnormally Reduced and Positively Associated With Hippocampal and
Amygdalar Volume in Bipolar Disorder. Psychoneuroendocrinology (2015) 52:200-11. doi:
10.1016/ j.psyneuen.2014.11.015



76

42.

43.

a4,

45.

46.

47.

48.

49.

50.

51.

52.

53.

| Chapter3

ZhouY, Zheng W, LiuW, Wang C, Zhan, Li H, et al. Antidepressant Effect of Repeated Ketamine
Administration on Kynurenine Pathway Metabolites in Patients With Unipolar and Bipolar
Depression. Brain Behav Immun (2018) 74:205-12. doi: 10.1016/j.bbi.2018.09.007

Anderson G, Maes M. Metabolic Syndrome, Alzheimer Disease, Schizophrenia, and Depression:
Role for Leptin, Melatonin, Kynurenine Pathways, and Neuropeptides. In: Faroqui A, Faroqui T,
editors. M., Syndome and Neurolgical Disorders. Wiley (2013). p. 235-248.

Garrison AM, Parrott JM, Tufion A, Delgado J, Redus L, O’Connor JC. Kynurenine Pathway
Metabolic Balance Influences Microglia Activity: Targeting Kynurenine Monooxygenase to
Dampen Neuroinflammation. Psychoneuroendocrinology (2018) 94:1-10. doi: 10.1016/j.
psyneuen.2018.04.019

De Picker LJ, Morrens M, Chance SA, Boche D. Microglia and Brain Plasticity in Acute Psychosis
and Schizophrenia lliness Course: A Meta-Review. Front Psychiatry (2017) 16(8):238. doi:
10.3389/fpsyt.2017.00238

Miller BJ, Buckley P, Seabolt W, Mellor A, Kirkpatrick B. Meta-Analysis of Cytokine Alterations in
Schizophrenia: Clinical Status and Antipsychotic Effects. Biol Psychiatry (2011) 70:663-71. doi:
10.1016/j.biopsych. 2011.04.013

De Picker L, Fransen E, Coppens V, Timmers M, de Boer P, Oberacher H, et al. Immune and
Neuroendocrine Trait and State Markers in Psychotic lliness: Decreased Kynurenines Marking
Psychotic Exacerbations. Front Immunol (2020) 10:2971. doi: 10.3389/fimmu.2019.02971
Fukui S, Schwarcz R, Rapoport SI, Takada Y, Smith QR. Blood-Brain Barrier Transport of
Kynurenines: Implications for Brain Synthesis and Metabolism. J Neurochem (1991) 56:2007-
17.doi: 10.1111/j.1471-4159.1991.tb03460.x

Bay-Richter C, Linderholm KR, Lim CK, Samuelsson M, Traskman-Bendz L, Guillemin GJ, et al.
A Role for Inflammatory Metabolites as Modulators of the Glutamate N-Methyl-D-Aspartate
Receptor in Depression and Suicidality. Brain

Raison CL, Dantzer R, Kelley KW, Lawson MA,Woolwine BJ, Vogt G, et al. CSF Concentrations
of Brain Tryptophan and Kynurenines During Immune Stimulation With IFN-a: Relationship
to CNS Immune Responses and Depression. Mol Psychiatry (2010) 15:393-403. doi: 10.1038/
mp.2009.116

Belladonna ML, Grohmann U, Guidetti P, Volpi C, Bianchi R, Fioretti MC, et al. Kynurenine
Pathway Enzymes in Dendritic Cells Initiate Tolerogenesis in the Absence of Functional IDO. J
Immunol (2006) 177:130-7. doi: 10.4049/jimmunol.177.1.130

Huang L, Baban B, Johnson BA, Mellor AL. Dendritic Cells, Indoleamine 2,3 Dioxygenase
and Acquired Immune Privilege. Int Rev Immunol (2010) 29 (2):133-55. doi:
10.3109/08830180903349669

Salter M, Pogson Cl. The Role of Tryptophan 2,3-Dioxygenase in the Hormonal Control of
Tryptophan Metabolism in Isolated Rat Liver Cells: Effects of Glucocorticoids and Experimental
Diabetes. Biochem J (1985) 229:499-504. doi: 10.1042/bj2290499



Chapter3 | 77

54. Askland K, Parsons M. Toward a Biaxial Model of “Bipolar” Affective Disorders: Spectrum
Phenotypes as the Products of Neuroelectrical and Neurochemical Alterations. J Affect Disord
(2006) 94(1-3):15-33. doi: 10.1016/j.jad.2006.02.024






Neuropsychobiology. 2022;81(3):184-191.



Abstract

Introduction: Chronic low-grade inflammation is suggested to play a pathophysiological
role in bipolar disorder (BD) and its related cognitive dysfunctions. Although kynurenine
(KYN) pathway metabolites are key inflammatory mediators, studies investigating the
association between KYN metabolism and cognition in BD are scarce. We aimed to explore
the relationship between KYN metabolism and cognitive functioning across different
mood states in BD.

Methods: Sixty-seven patients with BD (35 depressed and 32 [hypo] manic) and 29
healthy controls were included. Cognitive functioning was assessed at 3 time intervals
(baseline, 4, and 8 months) assessing processing speed, sustained attention, verbal
memory, working memory, and response inhibition. Plasma samples for quantification
of 3-hydroxykynurenine, quinolinic acid, and kynurenic acid (KYNA) were concurrently
provided. Linear mixed models were used for statistical analysis.

Results: The manic group showed deficits in all assessed cognitive domains with the
exception of verbal memory at all test moments. The bipolar depression group showed
deficits in the processing speed at all test moments. Throughout the whole follow-up
period, KYNA was significantly lower in both patient groups than in controls. Only in
the bipolar depression group, low KYNA was associated with worse global cognitive
functioning (B = 0.114, p = 0.02) and slower processing speed in particular (B=0.139, p =
0.03).

Conclusion: Only in the bipolar depression group, lower KYNA was associated with worse
cognitive functioning. Future large-scale longitudinal studies are warranted to confirm
the role of KYN metabolites in cognitive impairment in patients with BD and the possible
therapeutic implications of this relationship.
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Introduction

Apart from mood symptoms, bipolar disorder (BD) is often characterized by highly
disabling cognitive impairments that may persist in euthymic phases ' In particular,
domains like verbal memory, executive functioning, processing speed, and attention
have been shown to be impaired “*, but the specific profile and severity of impairments
are heterogeneous between patients 78 The cognitive decline seems to be associated
with the duration and severity of clinical illness and hereby supports the idea of
neuroprogression in BD °-''. This theoretical construct proposes that, due to subsequent
mood episodes, adaptive mechanisms of the body would get exhausted, which may result
in maladaptive biological processes, accumulation of damage, and increasing clinical and
cognitive burden > . A recently published meta-analysis however has questioned the
neuroprogression hypothesis in favor of a neurodevelopmental etiology by indicating
a stable longitudinal course of cognitive functioning in BD patients . Overall, a better
understanding of the multifactorial etiopathogenesis of cognitive impairments in BD is
needed. Unraveling the biological processes underlying neurocognitive deficits in BD will
play a key role in this understanding.

Recent evidence shows that the kynurenine (KYN) pathway, upregulated by inflammation,
giving rise to several neuroactive metabolites (online suppl. Fig. 1; see www.karger.com/
doi/10.1159/000520152, for all online suppl. material), is dysregulated in BD . Alterations
in KYN metabolism have been put forward as a possible cause of cognitive deficits 6.
Disbalances between putatively neurotoxic and neuroprotective KYN metabolites leading
to brain damage and cognitive deficits have been described in rodents -8, Furthermore,
an increased metabolism down the neurotoxic branch of the KYN pathway has also been
suggested in neurodegenerative disorders such as Alzheimer’s disease '®. In healthy
elderly, activation of the KYN pathway was associated with poorer cognitive performance
19, Studies on cognition and KYN metabolism in psychiatric populations are scarce, but
some initial studies in MDD 22" and BD * showed some evidence for an association
between elevated levels of supposedly neurotoxic metabolites (3 hydroxykynurenine [3-
HK], quinolinic acid [QA]), and lower levels of neuroprotective metabolites (kynurenic acid
[KYNA]), and cognitive impairment. No previous study has investigated the association
between KYN metabolites and cognitive functioning throughout different mood states
in BD. However, 2 recently published meta-analyses have shown distinct KYN metabolite
alterations between different mood states in BD. Marx et al. 2 revealed in their meta-
analysis distinct alterations between bipolar and manic patients with a decrease in KYN
and QA only occurring in the depressed group and a decrease in tryptophan and KYNA
only occurring in acute states (i.e, mania or depression) but not in euthymia. Bartoli et
al. " found similar KYN metabolite alterations in depressed and manic BD patients, but
the reduction in KYNA levels was more pronounced in the depressed group, and the
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reduction in tryptophan levels more pronounced in the manic group. Above-described
results of subgroup analyses were however based on a limited number of studies.

The aim of this study was to investigate the impact of KYN metabolite levels on cognitive
performance and their relation to mood symptoms in depressed and (hypo)manic patients
with BD. We hypothesized that an increased level of the putatively neurotoxic (3-HK and
QA) and a decreased level of the neuroprotective (KYNA) end products would be more
pronounced during acute mood episodes and related to increased cognitive deficits. By
elucidating this mood state-specific relation between KYN metabolism and cognitive
functioning, we aimed to gain insight into the pathophysiology of cognitive deficits in BD
and the possible mediating role of KYN metabolites therein. In the long term, more insight
in these processes may offer new opportunities regarding treatment and monitoring of
illness course.

Material and Methods

Participants

This study was performed in the context of a longitudinal research project named
“Inflammation and Neuroprotection in Bipolar Disorder”?*. The study sample consisted of
adults of 18-65years of age witha DSM-IV-TRdiagnosis of BD typel, type I, or schizoaffective
disorder and gender- and age-matched healthy controls (HCs). Patients or controls with
following criteria were excluded: substance abuse, use of anti-inflammatory drugs within
2 weeks before screening, acute infection, autoimmune diseases, chronic inflammatory
or neurological diseases, pregnancy or breastfeeding, electroconvulsive therapy within
6 months before screening or during follow-up, mental retardation, disturbances on
screening blood test (blood count; electrolytes; fasting glucose; lipid profile; and liver,
kidney, and thyroid function ad serology). Additional exclusion criteria for the control
group were current or past diagnosis of DSM-IV-TR MDD, BD or psychotic syndrome, BD or
psychotic syndrome in first-degree relatives, and current use of psychopharmacological
drugs. The study was approved by the Committee for Medical Ethics of the University
Hospital Antwerp and the Antwerp University with protocol number B300201421645.
The local Ethical Committees of the participating centers approved the protocol. All
participants agreed to participate in the study and signed informed consent. The study
complied with the Declaration of Helsinki.

Study Design

Patients were recruited during an acute mood episode and assigned to either the
depressed (BD-D) or (hypo)manic (BD-M) subgroup. In both patients and controls,
screening was followed by a first test day after 1-5 days. Two subsequent test days were
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planned after 4 and 8 months. Every test day included the same clinical, cognitive, and
laboratory assessments as described below. During the study period, patients received
treatment as usual without therapeutic intervention of the investigators.

Clinical Assessments

The M.LN.L-Plus, International Neuropsychiatric Interview, version 5.0.0 was used to
establish diagnoses in patients and rule out axes | diagnoses in HCs #. In patients, the
severity of mood symptoms was assessed by the 17-item Hamilton Depression Rating
Scaling (HDRS-17) % and the Young Mania Rating Scale (YMRS) #. The threshold score for
inclusion was =17 for the HDRS-17 28 or =13 for the YMRS %, corresponding to moderate
depression or hypomania, respectively. Psychotic symptoms were evaluated using the
positive subscale of the Positive and Negative Syndrome Scale (PANSS) 3°. All clinical
assessments were done by a psychiatrist in training (SvdA) and supervised by a psychiatrist
(MM).

Cognitive Tasks

Cognitive functioning was assessed by means of 5 subtasks of the International Society
of Bipolar Disorders Battery for the Assessment of Neurocognition (ISBD-BANC): Brief
Assessment of Cognition in Schizophrenia-Symbol Coding (Y-BACS) to assess the speed of
processing; the Continuous Performance Task-ldentical Pairs (CPT-IP) to assess vigilance/
sustained attention; the Hopkins Verbal Learning Test — Revised (HVLT-R) to evaluate
verbal learning and memory; the Letter Number Span (LNS) for working memory; and the
Color-Word Interference Test (D-KEFS — CWIT) to assess executive functioning (response
inhibition).

Bioanalytical Measurements

Blood was drawn by venipuncture between 08:00 A.M. and 10:30 A.M. Citrate plasma
tubes were immediately stored at 4°C, centrifuged at 2,000 g and 4°C for 10 min within 2 h
after blood draw, and the plasma was aliquoted and stored at —70°C until assayed. Patient
and control samples were analyzed in a randomized sequence. Calibration curves (3-HK,
8-4, 500 nm; QA, 12-6,000 nm; KYNA, 10-5, 500 nm) and sample extracts were analyzed
using ultrahigh-pressure liquid-chromatography coupled to tandem mass spectrometry
(Agilent 1290 Infinity LC system coupled to an Agilent 6460 Triple Quadrupole MS system).
A more extensive elaboration on the sample preparation and UPLC analysis can be found
in our previously published articles 243!,

Statistical Analysis
Normality of outcome variables and homoscedasticity of residuals were assessed by visual
inspection. All KYN parameters were log-transformed to obtain a normal distribution.
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Baseline demographic and metabolic characteristics were compared between the BD-
D, BD-M, and HC groups by x?tests for categorical variables and one-way ANOVA for
continuous variables. Tukey’s HSD corrections for multiple comparisons were performed
to conduct pairwise comparisons between all considered groups. Differences in baseline
cognitive task scores and KYN metabolite levels between the 3 groups were studied
using one-way ANOVA with post hoc analysis with Tukey’s HSD correction. An additional
Bonferroni-Holm correction to the p values was applied in order to correct for multiple
testing.

The longitudinal evolution of cognitive task scores and KYN metabolite levels were
plotted using linear mixed model (LMM) analysis with the different KYN metabolites and
cognitive task scores as the dependent variable. The subject ID was included as random
effect, and group, moment and the interaction group x moment were added stepwise as
fixed effects. Nonsignificant interaction terms were eliminated from the final model.

Considering the relatively stable impairments in cognitive scores and KYN levels over the 3
testmoments, the association between cognition and KYNs was investigated by combining
the data of the 3 test moments. Associations between the cognitive task scores and KYN
metabolite levels were studied using an LMM that included all 5 standardized cognitive
tasks as the dependent variable, subject ID as the random effect, and the group (BD-D,
BD-M, and HCQ) as the fixed effect. In a second step, the different KYN metabolites were
also separately added as the fixed effect to the model. Subsequently, similar univariate
analyses with the separate cognitive tasks as the dependent variable were performed. All
LMM analyses assessing the relationship between KYN and cognition were additionally
adjusted for sex, age, smoking, body mass index, and years of education (by adding these
as covariates to the model). All statistical analyses were performed in JMP Pro 14 (JMP,
Marlow, UK). R statistical software was used for the graphical illustrations (R version 3.6.0;
R Foundation for Statistical Computing, Vienna, Austria, 2016. URL: https://www.project.
org/).
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Results

Participants

At screening, 35 patients were included in the BD-D group and 32 patients in the BD-M
group. Thirty-five HCs were included and matched by age and sex. An overview of
demographic and metabolic characteristics of the 3 groups (HC, BD-D, and BD-M) can be
found in Table 1.

Table 1. Demographic and metabolic characteristics of participants

HC (n=35) BD-D (n=35) BD-M (n=32) Statistics*

Gender (n (%)) 19 (54.3) 24 (68.6) 15 (46.9) n.s.
Age, years (mean + SD) 427+116 437 +9.7 424 +12.7 n.s.
Caucasian (n (%)) 34(97.1) 33(94.3) 30(93.8) ns.
Smokers (n (%)) 6(17.1) 18 (51.4) 14 (43.8) 0.006
BMI (mean * SD), kg/cm? 23.7+26 243+35 263+4.7 0.013*
Waist(mean + SD), cm 844+96 87.1+11.7 91.2+124 ns.
Fasting glucose (mean + SD), mg/dl 87.5+6.8 88.9+8.8 91.1+9.8 ns.
Cholesterol (mean + SD), mg/dl

Total 1909 +42.4 189.1 +£42.7 183.7+47.3 n.s.

HDL 62.0+184 61£156 56.0 +£19.9 n.s.

LDL 109.0 +33.4 108.4 +41.5 102.4 +40.6 n.s.

Data presented as mean + SD (range) or n (%).

HC, healthy controls; BD-D, patients with bipolar disorder and depression at baseline; BD-M, patients
with bipolar disorder and (hypo)mania at baseline; BMI, body mass index; HDL, high density
lipoprotein; LDL, low density lipoprotein.

tP-values of one-way ANOVA for continuous data and chi-square for categorical. P-values < .05 are
italicized; n.s. = not significant (P> .05).

$Tukey HSD: BMI: BD-M > HC; Albumin: BD-M < HC

Clinical characteristics of the 2 patient groups are summarized in Table 2. Twenty-nine
BD-D patients, 20 BD-M patients, and 30 controls completed the 4- and 8-month follow-
up. More information on dropout can be found in our previously published article .
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Table 2. Clinical characteristics and baseline data of patients

BD-D (n=35) BD-M (n=32)
Diagnosis
BD type 1 16 (45.7) 26 (81.3)
BD type 2 19 (54.3) 4(12.5)
Schizoaffective disorder 0 2(6.3)
Age of onset, years 22.5(10.9) 27.5(11.8)
Duration of illness, years 20.6 (10.2) 14.3(11.8)
First episode: depression 23 (67.7) 17 (53.1)
Lifetime psychotic features 13(37.1) 24 (75.0)
Total number of hospitalizations
0 6(17.1) 3(9.4)
1-5 23 (65.7) 22 (68.8)
6-10 6(17.1) 7(21.9)
Lifetime substance abuse
Alcohol 11(31.4) 7(21.8)
THC 6(17.1) 7(21.8)
Hard drugs 4(11.4) 1(3.1)
Baseline medication use
Medication-free 3(8.6) 3(9.4)
Lithium 13(37.1) 11 (34.4)
Valproate 6(17.1) 3(9.4)
Carbamazepine 1(2.9) 2(6.3)
Lamotrigine 7 (20.0) 1(3.1)
Antipsychotic 19 (54.3) 23(71.9)
Antidepressant 25(71.4) 6(18.8)
Benzodiazepine 8(22.9) 16 (50.0)
Baseline mood scales
HDRS-17 21.2 (4.0) 8.1(5.7)
YMRS 5.5(4.8) 20.9(5.1)
PANSS positive subscale 9.8(3.4) 15.0 (4.7)
Psychotic features present 5(14.3) 12(37.5)

Data presented as mean + SD (range) or n (%).

BD-D, patients with bipolar disorder and depression at baseline; BD-M,
patients with bipolar disorder and (hypo)mania at baseline; BD, bipolar
disorder; THC, tetrahydrocannabinol; HDRS-17, 17-item Hamilton depression
rating scale; YMRS, Young mania rating scale; PANSS, Positive

and Negative Syndrome Scale.
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Evolution of Mood Symptoms

The BD-M group showed a rapid decline of manic symptoms with a YMRS of 5.4 (SD 6.3) at
4 months and 5.5 (SD 6.39) at 8 months. The BD-D group showed a chronic subsyndromal
depressive level with an HDRS score at 4 months of 13.4 (SD 6.2) and at 8 months of 12.4
(SD7.4).

Evolution of Cognitive and KYN Measurements

Baseline differences in cognitive and KYN measurements for the 3 groups are described in
online supplementary material. The BD-M group scored significantly lower on the BACS-
SC(F[2]1=11.3; p < 0.001), LNS (F[2] =4.5; p = 0.042), CPT-IP (F[2] = 8.8; p = 0.001), and CWT-
IT (F[2] = 4.5; p = 0.042) than the HC group at baseline (online suppl. Table 1). These scores
remained significantly lower than HC scores throughout the whole follow-up, except for
the CWT-IT which gradually improved over time (reaching to scores comparable to the
BD-D and HC group) (online suppl. Fig. 2). In the BD-D group, only a significant impairment
in the BACS-SC score compared to HC at baseline (F[2] = 11.3; p < 0.001) was seen (online
suppl. Table 1), and this difference remained also stable over time (BD-M, BD-D < HC;
F[2] = 11.3; p < 0.0001) (online suppl. Fig. 2). There were no significant differences in the
HVLT-R score between the BD-D, BD-M, and HC groups at baseline (F[2] = 1.6; p = 0.207)
(online suppl. Table 1). The 3 groups however showed a different evolution over time
(significant group x time interaction F[4] = 3.0; p = 0.021) (online suppl. Fig. 2). Baseline
KYNA concentration was significantly lower in the BD-D and BD-M groups than the HC
group (F[2] = 5.5; p = 0.022) (online suppl. Table 2). These between group differences in
KYNA remained significantly lower over time in the BD-M and BD-D groups than the HC
group (F[2] = 8.0; p = 0.0006) (online suppl. Fig. 3).

Association between Cognition and Markers of KYN Metabolism

As shown in Figure 1, a positive association between KYNA levels and the score on the
overall cognitive test battery, using data from all test moments, was found in the BD-D
group (B=0.114, p=0.02). This positive association was mainly true for BACS-SC (B=0.139,
p =0.03). In the BD-M and HC groups, no significant associations were found between the
overall cognitive test battery and any of the KYN metabolites (online suppl. Fig. 4; all p >
0.05 for BD-M and HC groups). In the BD-M group, KYNA was also positively associated
with an improved BACS-SC score (B =0.198, p = 0.006) (B =0.279, p = 0.02).
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Figure 1. Association between the global cognitive task score and KYN metabolites, as

analyzed by using LMMs.
a Overview of associations between the cognitive task scores and KYN metabolite levels as analyzed
by LMMs that included all 5 standardized cognitive tasks as the dependent variable, the subject ID
as the random effect, and the group (BD-D, BD-M, and HC) as the fixed effect. b LMMs adjusted for
sex, age, smoking, BMI, and years of education. BD-D, patients with bipolar disorder and depression
at baseline; BD-M, patients with bipolar disorder and (hypo)mania at baseline; BD, bipolar disorder;
3-HK, 3-hydroxykynurenine; QA, quinolinic acid; KYNA, kynurenic acid; LMM, linear mixed model;
BMI, body mass index; KYN, kynurenine.
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Discussion

This study investigated the association between cognitive functioning and KYN
metabolites in patients with BD in different mood states. Comparable to the previous
research %, we found a broad range of cognitive deficits in patients with BD compared
to HCs. BD-M patients showed impairments in processing speed, sustained attention,
inhibition, and working memory, and these remained impaired after remission from
the manic episode, except for the improvement of response inhibition after remission.
BD-D patients showed deficits in the processing speed and also remained impaired in
the chronic mild depressed states that characterized this group at the follow-up. Stable
low levels of KYNA were found in BD patients, independent of their mood state. The most
consistent finding supporting our hypothesis was the association between lower KYNA
levels and lower scores on the overall cognitive test battery but only in the BD-D group.

KYNA is generally considered to have neuroprotective effects, but the exact role of
KYNA in both healthy and pathological conditions remains poorly understood '¢. KYNA
is an antagonist of the N-methyl-D-aspartate receptor and the alpha7 nicotinic receptor,
leading to alterations in glutamatergic and cholinergic signaling 32, Decreased KYNA
levels in BD have been described several times and confirmed by a recent meta-analysis
5. In the only previous study investigating the relationship between KYN metabolites and
cognition, a higher ratio of 3 HK/KYNA in euthymic men with BD was related to impaired
verbal learning and memory, explained by the decreased neuroprotective impact of
KYNA 22, The stable low KYNA level in patients and the positive correlation between KYNA
and cognitive scores in patients with depressive symptoms in our study could suggest a
critical low concentration from which KYNA's neuroprotective effects are insufficient to
protect for neuronal damage and consequently cause decreased cognitive functioning.
Previous studies in MDD have also found structural evidence for a relationship between
KYNA and cognition as they found a negative correlation between the KYNA/3-HK ratio
and hippocampal activity and a positive correlation of KYNA/QA with memory recall and
hippocampal and amygdala volumes "%, It is probable that the KYN pathway influences
glutamatergic neurotransmission in brain regions that are in association with cognitive
tasks 3.

We however want to emphasize the hypothetical character of this interpretation since
several findings do not support the relation between cognitive impairment and decreased
KYNA levels. First, no association between cognition and KYN metabolism could be
found in the, more cognitively impaired, BD-M group. Second, in the BD-D group, not
all cognitive tests were associated with a lower KYNA level. This was mainly true for the
processing speed (as assessed by BACS-SC). Again, even if KYN metabolites are a weak
proxy of cognitive functioning in BD, other factors seem to be more determining.
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Interestingly, we did not observe a clear state pattern of KYN metabolite levels. In particular,
no clear difference in KYN metabolite levels was observed between the acute manic
state and after remission. This finding was in contrast to a previous study of our group
in patients with psychotic disorder in which a state-specific decrease of KYNA was found
during the acute psychotic state *. As for the BD-D group, we should refrain from any
interpretation on state/trait markers considering the chronic mild depressed state in the
follow-up period. The time frame between the acute mood episode, the accompanying
biological alterations, the possible neurotoxic effects, and the subsequent translation into
a change in cognitive test scores is unknown. To formally exclude a potential role of KYN
metabolism in cognitive deterioration, the impact of just 1 mood episode with a follow-up
period of 8 months may possibly be too limited.

Our study has many strengths. The repeated measurements within the same study
sample increased the power of our analysis and provided an internal control. The impact
of methodological bias was minimized by standardized blood sampling, randomization
of samples, and uniform, meticulous laboratory procedures. All cognitive and clinical
assessments were done by the same clinician-researcher, excluding inter-rater bias.
We provided answers on an a priori defined research question without “cherry-picking"
significant results in order to represent a clear and realistic view of the evidence, and we
used rigorous statistical methods with correction for multiple testing.

d

There are some noteworthy limitations to our study. First, although 3-HK easily crosses the
blood-brain barrier, the passage of QA and KYNA is more complex '®. Findings in peripheral
samples possibly do not represent a direct quantitative representation of central processes.
However, peripheral measurements may be of great value in view of monitoring disease
activity and staging. Second, although we adjusted for some important confounding
variables known to influence KYN metabolites and cognitive functioning (age, sex, body
mass index, smoking, and years of education), it was not possible to adjust for all potential
confounders (such as severity of mood symptoms and pharmacological treatments).
Third, combining the data on all 3 test moments precluded us to make statements on the
temporal relation between KYN level alterations and cognitive impairment. Furthermore,
as mood normalized for a subgroup of patients throughout the follow-up period (more
in the manic group than in the chronic depressed group), it is possible that the strengths
of the associations between KYN metabolite alterations and mood states were somewhat
attenuated due to combining the data of different test moments. Fourth, as cognitive
impairments are mainly considered as a trait effect, cognitive measurements during
affective states could be influenced by mood symptoms . To completely rule out the
impact of mood symptoms on cognitive functioning, an investigation of KYN metabolites
and cognition in euthymic patients would be useful.
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In conclusion, KYNA, with theoretically neuroprotective properties, showed low levels in
patients independent of their mood state. A mild positive association was found between
KYNA levels and the overall cognitive test battery but only in the BD-D group. In view of
the heterogeneity regarding the patient profile, course of illness and cognitive deficits in
BD, long-term studies with detailed observation of the mood state, cognitive function,
and biological correlates are required to further illuminate the state-related dynamics of
KYN metabolites and their relationship with cognition over time.

Supplementary Material

See www.karger.com/doi/10.1159/000520152, for all online supplementary material



92 | Chapter4

References

10.

1

12.

13.

14.

15.

16.

Brissos S, Dias VV, Kapczinski F. Cognitive performance and quality of life in bipolar disorder.
Can J Psychiatry. 2008; 53(8): 517-24.

Martinez-Aran, Vieta E, Reinares M, Colom F, Torrent C, S.nchez-Moreno J, et al. Cognitive
function across manic or hypomanic, depressed, and euthymic states in bipolar disorder. Am
J Psychiatry. 2004 Feb; 161(2): 262-70.

Ceylan D, Akdede BB, Bora E, Aktener AY, Hidiroglu Ongun C, Tunca Z, et al. Neurocognitive
functioning during symptomatic states and remission in bipolar disorder and schizophrenia:
a comparative study. Psychiatry Res. 2020 Oct 1; 292: 113292.

BoraE, Yiicel M, Pantelis C, Berk M. Metaanalytic review of neurocognition in bipolar Il disorder.
Acta Psychiatr Scand. 2011; 123: 165-74.

Arts B, Jabben N, Krabbendam L, van Os J. Meta-analyses of cognitive functioning in euthymic
bipolar patients and their first-degree relatives. Psychol Med. 2008 Jun 9; 38(6): 771-85.

Kurtz MM, Gerraty RT. A meta-analytic investigation of neurocognitive deficits in bipolar
iliness: profile and effects of clinical state. Neuropsychology. 2009; 23(5): 551-62.

Bora E. Differences in cognitive impairment between schizophrenia and bipolar disorder:
Considering the role of heterogeneity. J Affect Disord. 2018.

Van Rheenen T, Lewandowski K, Tan E, Ospina L, Ongur D, Neill E. Characterizing cognitive
heterogeneity on the schizophrenia-bipolar disorder spectrum. Psychol Med. 2017; 47(10):
1848-64.

Bora E. Neurocognitive features in clinical subgroups of bipolar disorder: a meta-analysis. J
Affect Disord. 2018; 229: 125-34. Elsevier B.V.

Cardoso T, Bauer IE, Meyer TD, Kapczinski F, Soares JC. Neuroprogression and cognitive
functioning in bipolar disorder: a systematic review. Curr Psychiatry Rep. 2015; 17: 75.
Current Medicine Group LLC 1.

Lewandowski KE, Cohen BM, .ngur D. Evolution of neuropsychological dysfunction during the
course of schizophrenia and bipolar disorder. Psychol Med. 2011 Feb; 41(2): 225 41.

Berk M, Kapczinski F, Andreazza AC, Dean OM, Giorlando F, Maes M, et al. Pathways underlying
neuroprogressionin bipolardisorder:focus oninflammation, oxidative stress and neurotrophic
factors. Neurosci Biobehav Rev. 2011; 35: 804-17.

Berk M, Post R, Ratheesh A, Gliddon E, Singh A, Vieta E, et al. Staging in bipolar disorder: from
theoretical framework to clinical utility. World Psychiatry. 2017 Oct 1; 16(3): 236-44.
Szmulewicz A, Valerio MP, Martino DJ. Longitudinal analysis of cognitive performances in
recent-onset and late-life bipolar disorder: a systematic review and meta-analysis. Bipolar
Disord. 2020 Feb 2; 22(1): 28-37.

Bartoli F, Misiak B, Callovini T, Cavaleri D, Cioni RM, Crocamo C, et al. The kynurenine pathway
in bipolar disorder: a meta-analysis on the peripheral blood levels of tryptophan and related
metabolites. Mol Psychiatry. 2020; 26(7): 3419-29.

Savitz J. The kynurenine pathway: a finger in every pie. Mol Psychiatry. 2020; 25: 131 47.



17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Chapter4 | 93

Alexander KS, Wu HQ, Schwarcz R, Bruno JP. Acute elevations of brain kynurenic acid
impair cognitive flexibility: normalization by the alpha7 positive modulator galantamine.
Psychopharmacology. 2012 Apr; 220(3): 627-37.

Erhardt S, Schwieler L, Emanuelsson C, Geyer M. Endogenous kynurenic acid disrupts prepulse
inhibition. Biol Psychiatry. 2004 Aug 15; 56(4): 255-60.

Solvang SH, Nordrehaug JE, Tell GS, Nygard O, McCann A, Ueland PM, et al. The kynurenine
pathway and cognitive performance in community-dwelling older adults. The Hordaland
Health Study. Brain Behav Immun. 2019 Jan 1; 75: 155-62.

Zhou Y, Zheng W, Liu W, Wang C, Zhan Y, Li H, et al. Cross-sectional relationship between
kynurenine pathway metabolites and cognitive function in major depressive disorder.
Psychoneuroendocrinology. 2019 Mar 1; 101: 72-9.

Young KD, Drevets WC, Dantzer R, Teague TK, Bodurka J, Savitz J. Kynurenine pathway
metabolites are associated with hippocampal activity during autobiographical memory recall
in patients with depression. Brain Behav Immun. 2016 Aug 1; 56: 335-42.

Platzer M, Dalkner N, Fellendorf FT, Birner A, Bengesser SA, Queissner R, et al. Tryptophan
breakdown and cognition in bipolar disorder. Psychoneuroendocrinology. 2017 Jul; 81: 144—
50.

Marx W, McGuinness AJ, Rocks T, Ruusunen A, Cleminson J, Walker AJ, et al. The kynurenine
pathway in major depressive disorder, bipolar disorder, and schizophrenia: a meta-analysis of
101 studies. Mol Psychiatry. 2020.

van den Ameele S, van Nuijs AL, Lai FY, Schuermans J, Verkerk R, van Diermen L, et al. A mood
state-specific interaction between kynurenine metabolism and inflammation is present in
bipolar disorder. Bipolar Disord. 2019 Feb; 22(1): 59-69.

LecrubierY, Sheehan D, Weiller E, Amorim P, Bonora |, Sheehan KH, et al. The mini international
neuropsychiatric interview (MINI). A short diagnostic structured interview: reliability and
validity according to the CIDI. Eur Psychiatry. 1997 Jan 1; 12(5): 224-31.

Trajkovi¢ G, Starcevi¢ V, Latas M, Lestarevi¢ M, llle T, Bukumiri¢ Z, et al. Reliability of the
Hamilton rating scale for depression: a metaanalysis over a period of 49 years. Psychiatry Res.
2011 Aug 30; 189(1): 1-9.

Young RC, Biggs JT, Ziegler VE, Meyer DA. A rating scale for mania: reliability, validity and
sensitivity. Br J Psychiatry. 1978 Nov; 133: 429-35.

Zimmerman M, Martinez JH, Young D, Chelminski I, Dalrymple K. Severity classification on the
Hamilton depression rating scale. J Affect Disord. 2013 Sep 5; 150(2): 384-8.

Vieta E. Guide to assessment scales in bipolar disorder. Tarporley: Springer Healthcare Ltd;
2010.

Kay SR, Fiszbein A, Opler LA. The positive and negative syndrome scale (PANSS) for
schizophrenia. Schizophr Bull. 1987; 13(2): 261-76.

van den Ameele S, Fuchs D, Coppens V, de Boer P, Timmers M, Sabbe B, et al. Markers of
inflammation and monoamine metabolism indicate accelerated aging in bipolar disorder.
Front Psychiatry. 2018; 9: 250.



94 | Chapter4

32.

33.

34,

35.

36.

Erhardt S, Schwieler L, Imbeault S, Engberg G. The kynurenine pathway in schizophrenia and
bipolar disorder. Neuropharmacology. 2017; 112: 297-306.

SavitzJ, DrevetsWC, Smith CM, VictorTA, Wurfel BE, Bellgowan PS, et al. Putative neuroprotective
and neurotoxic kynurenine pathway metabolites are associated with hippocampal and
amygdalar volumes in subjects with major depressive disorder. Neuropsychopharmacology.
2015; 40(2): 463-71.

Fourrier C, Singhal G, Baune BT. Neuroinflammation and cognition across psychiatric
conditions. CNS Spectr. 2019; 24(1): 4-15.

De Picker L, Fransen E, Coppens V, Timmers M, de Boer P, Oberacher H, et al. Immune and
neuroendocrine trait and state markers in psychotic illness: decreased kynurenines marking
psychotic exacerbations. Front Immunol. 2020 Jan 17; 10: 2971.

Miskowiak KW, Burdick KE, Martinez-Aran A, Bonnin CM, Bowie CR, Carvalho AF, et al.
Methodological recommendations for cognition trials in bipolar disorder by the International
Society for Bipolar Disorders Targeting Cognition Task Force. Bipolar Disord. 2017 Dec 1; 19(8):
614-26.



Chapter4 | 95







BMC Med. 2020 Dec 23;18(1):400.




Abstract

Background: Major depressive disorder (MDD) shows large heterogeneity of symptoms
between patients, but within patients, particular symptom clusters may show similar
trajectories. While symptom clusters and networks have mostly been studied using cross-
sectional designs, temporal dynamics of symptoms within patients may yield information
that facilitates personalized medicine. Here, we aim to cluster depressive symptom
dynamics through dynamic time warping (DTW) analysis.

Methods: The 17-item Hamilton Rating Scale for Depression (HRSD-17) was administered
every 2 weeks for a median of 11 weeks in 255 depressed inpatients. The DTW analysis
modeled the temporal dynamics of each pair of individual HRSD-17 items within each
patient (i.e., 69,360 calculated “DTW distances”). Subsequently, hierarchical clustering and
network models were estimated based on similarities in symptom dynamics both within
each patient and at the group level.

Results: The sample had a mean age of 51 (SD 15.4), and 64.7% were female. Clusters and
networks based on symptom dynamics markedly differed across patients. At the group
level, five dynamic symptom clusters emerged, which differed from a previously published
cross-sectional network. Patients who showed treatment response or remission had the
shortest average DTW distance, indicating denser networks with more synchronous
symptom trajectories.

Conclusions: Symptom dynamics over time can be clustered and visualized using DTW.
DTW represents a promising new approach for studying symptom dynamics with the
potential to facilitate personalized psychiatric care.
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Introduction

Depressionisdefined byits symptoms(suchasasad moodandinsomnia)thatare correlated
with each other. The dominant explanation in the field has been that these relations stem
from a shared causal origin, a perspective termed the common cause framework "2 The
contemporary conceptualization for major depressive disorder (MDD) is similar to that
of other medical conditions in that it assumes all observable depressive symptoms are
caused by an underlying disease construct 3, In research, symptoms are usually added up
to sum scores, and thresholds are used to indicate case status. This approach assumes that
symptoms are equivalent, causallyindependent, and roughly interchangeable indicators of
the underlying disease construct *. This conceptual framework has dominated depression
research over the past decades: the inclusion criteria in research studies were based on
the syndromal DSM diagnoses of MDD, and the unweighted sum scores of depression
rating scales were used as a measure for severity and treatment response ° (e.g., Hamilton
Rating Scale for Depression [HRSD] ¢ and MontgomeryAsberg Depression Rating Scale
[MADRS]) 7. However, years of research have shown slow progress in the search for the
underlying risk factors and biomarkers of the unitary construct MDD *. The need for a new,
scientifically sound approach for conceptualizing depression is warranted.

Increasing evidence points towards the multidimensional character of MDD with a high
degree of symptomatic variability between and within patients *2. Individual symptoms
are mutually interacting and causing each other °, and they have different risk factors '
1, underlying biology "'-'3, psychosocial impact ', and course trajectories °. Recent years
have therefore seen a shift in the conceptualization of depression towards a network
perspective where the depressive syndrome is hypothesized to stem from mutual
causal relations among components of the system, such as depression symptoms >,
Furthermore, patients manifest specific depression symptom profiles with preferential
responses to different treatments. Consequently, there is increasing recognition of the
importance of investigating individual symptoms and their timely evolution, both within
individual patients and in groups of patients ' '7. This is also in line with the aims of the
Research Domain Criteria (RDoC) project to deconstruct psychiatric disorders by analyzing
the dynamics (e.g., symptom trajectories over time) that lie at their basis ' ™°.

Several factor analytic studies of the HRSD-17 have tried to tackle the symptomatic
diversity of MDD by means of identifying homogeneous symptom groups within MDD.
Although there was evidence for a “general depression” and “insomnia” factor, the
overall results were inconsistent, with reported factors ranging from two to eight 2%,
Furthermore, factors seemed to change over time 2* and were poorly generalizable to
other populations. Hierarchical cluster analysis is another statistical method to decompose
MDD into homogeneous symptom groups, and comparable results (“general depression,’
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“insomnia”) have been found with this approach %26, Network analysis is a more recent
approach that expands further on studying the symptom correlations by investigating
the influence of symptoms on each other °. Both factor and network analyses were mostly
conducted on cross-sectional data, and consequently, they did not take the temporal
dynamics of symptoms into account. Furthermore, both techniques almost exclusively
studied aggregated patient data without studying the intraindividual symptom
heterogeneity.

Routine outcome monitoring (ROM) entails the collection of clinical data at baseline and
at regular time intervals thereafter in order to monitor disease severity as well as the
clinical course during treatment. ROM may provide feedback to both the clinician and
the patient and enable “patient-centered research” #: %, Timeseries ROM data enable the
capturing of dynamics of symptoms over time using dynamic time warping (DTW). DTW
is a widely used statistical algorithm 2°3°, though not yet in psychological and psychiatric
research. It is an effective clustering strategy for time-series data across a broad range of
application domains 3'. Examples of biomedical applications are speech recognition ',
gait pathology 32-**, and electro-cardiogram analysis *°. The DTW approach could be well-
suited to cluster individual symptoms based on the temporal features that they share,
using ROM or ecological momentary assessment EMA ¢ time-series data.

In this study, we utilize depression symptom data from a clinical ROM regime, every 2
weeks, of 255 depressed inpatients and present the first implementation of DTW time-
series analysis on depression symptom trajectories. This paper is built upon a dual structure
in which the DTW analysis is introduced both for intra-individual (i.e., idiographic) and
inter-individual (i.e.,, nomothetic) analysis ¥. In the idiographic analysis, we aim to assess
the dynamics and covariation of changes in symptoms over time within each individual
patient with two or more assessments and to estimate the symptom clusters and networks
within each patient. In the nomothetic analysis, we aim to study the aggregated dynamics
of individual symptoms to yield systematic patterns across patients.

Methods

Sample and setting

From the original study sample of 276 consecutive patients (i.e., included in the
cohort study in the order that they were admitted), 21 patients had only one HRSD-17
measurement due to a short hospitalization period or refusal to participate, yielding 255
(91.6%) patients included in the current analysis. Thus, we included 255 adult patients
consecutively admitted to a tertiary psychiatric hospital in Duffel, Belgium, and fulfilling
the MINI-Plus diagnosis, based on the DSM-IV criteria, of a depressive episode as part of
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an MDD or bipolar disorder (BD). In order to obtain a representative sample of depressed
participants, exclusion criteria were minimal. We did not include patients with (comorbid
MINI-Plus) psychotic disorders (including schizoaffective disorder) or with a dependency
on alcohol or drugs within 12 months prior to hospitalization. Moreover, patients with
insufficient mastery of the Dutch language were not included.

Treatment

Inpatients received treatment as usual which was based on evidence-based guidelines
and consisted of pharmacotherapy, (group) psychotherapy, or a combination of both.
These guidelines for diagnosis and treatment were formulated by the Dutch Association
of Psychiatry, often in association with the associations of psychology and general
practitioners (www.trimbos.nl, www.nvvp.net). Psychotropic medication at baseline was
coded into five dichotomous variables: antidepressants, mood stabilizers, antipsychotics,
benzodiazepines, and stimulants. Response was defined as a = 50% reduction of the
HRSD- 17 compared to the baseline assessment. Remission was defined as scoring < 7 on
the HRSD-17.

Measurements

The present study was part of a larger follow-up study investigating the feasibility of ROM
in the University Psychiatric Centre in Duffel 3, ROM were done at baseline and every 2
weeks thereafter during the clinical admission which lasted from 2 weeks to 16 months.
ROM consisted of a test battery assessing overall mental well-being, quality of life, and
mood (including the Hamilton Depression Rating Scale-17). The data presented in this
article represent the collected data from the period April 2015 through February 2018.

The HRSD-17 consists of 17 items on a Likert scale, ranging from either 0 to 4 (for 9 items)
or 0 to 2 (for 8 items). The internal reliability of the HRSD-17 is adequate with most studies
reporting a Cronbach’s alpha of > 0.70. It has a good retest and interrater reliability
(above 0.80) when assessed over an interval ranging from 1 to 30 days 2'. The Omega
and Cronbach’s alpha in our sample of 255 patients at baseline were only 0.49 and 0.52,
respectively. The Cronbach’s alpha improved over time with a score of 0.74 after 2, 0.77
after 4, and 0.79 after 6 weeks. The total score ranges from 0 to 52, and higher scores
indicate greater severity, but in the present study, we focus on the trajectories of the 17
individual items only. In order to improve interrater reliability, Hamilton Depression Rating
Scale training sessions were organized every 3 months among the in total 6 assessors,
during which video-recorded interviews with patients were rated and discussed to reach
consensus. In total, they conducted 1480 HRSD-17 assessments in 255 patients, with an
average of 5.8 assessments per patient.
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Statistical analysis

DTW is an approximate pattern detection algorithm that can measure the similarity
between two time-series. It usesadynamic (i.e., stretching and compressing) programming
approach to minimize a predefined distance measure (e.g., Euclidean distance), in order
for the two time-series to become optimally aligned through a warping path. The
“optimal” alignment minimizes the sum of distances between the aligned elements.
The “dtw” (version 1.20.1), “pheatmap” (version 1.0.12), “parallelDist” (version 0.2.4), and
“ggraph” (version 1.6.2) packages for the R statistical software were used (R version 3.6.0;
R Foundation for Statistical Computing, Vienna, Austria, 2016. URL: https://www.R-project.
org/). The idiographic approach per patient was followed by a nomothetic approach to
study the depression symptom patterns both within individual patients and in the whole
sample of 255 patients. The subsequent methodological steps and statistical methods are
described below.

Intra-individual approach

We first aimed to cluster individual symptoms based on the temporal features that they
share within each individual patient. The clustering of symptom trajectories based on
DTW consisted of two steps. First, the DTW distance between each pair of symptom
trajectories was calculated. This is illustrated in Fig. 1 with the example of two HRSD-17
item time-series (item 1 “depressed mood” and item 7 “work and interest”) of a single
patient. The temporal scoring (per 2 weeks) on the given items is seen in Fig. 1a, with
the two items for which the DTW distance is calculated shown in red. This patient had 14
assessments over a period of 26 weeks. The trajectories of items 1 “depressed mood” and
7 “work and interest” over time are plotted in Fig. 1b. The deformations of the time axes
between both items are added, which brings the two time-series as close as possible to
each other, in which all elements must be matched. Next, the calculation of the shortest
path between the two time-series is shown in Fig. 1c. The two time-series were aligned
in time with compressions and expansions. The “symmetricP0” step pattern was used as
the dynamic time warping algorithm to match the two sequences, resulting in the red
“warping path.” A Sakoe-Chiba Band of 2 was used in order for the severity scores to be
matched to a maximum of plus or minus two time points (plus or minus a maximum of 4
weeks). Resulting from the DTW method, a distance measure (d) is produced: items with
the best alignment, having a more similar slope and other dynamics (i.e., changes that
covary over time), resulted in the smallest distance. The distance measures of each of the
17 time-series of individual HRSD-17 items are grouped in a distance matrix, comprising
(172=17)/2 = 136 distances for each individual patient.

Second, this matrix of 136 distances was presented in a heatmap and used in a hierarchical
cluster analysis and a symptom network per patient. For the hierarchical cluster analysis,
each item is initially assigned to its own cluster, and then the algorithm proceeds
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iteratively, at each stage joining the two most similar clusters, continuing until there is just
a single cluster. We assumed 3 clusters for each patient, for illustrative purposes only, to
enable easier recognition of the symptom with the more similar trajectories. We excluded
all symptoms with a score of 0 throughout follow-up, as these tended to cluster together
most strongly as these symptom pairs will have a distance of 0. At each stage, distances
between clusters are recomputed by the Lance-Williams dissimilarity update formula
according to the “Ward.D2" clustering methods. With “Ward.D2," the total withincluster
variance is minimized, and the dissimilarities are squared before cluster updating.

Using the“qgraph” package, the structure of the network based on the distance matrix was
visualized per patient, providing another way of graphical presentation of the clusters.
We followed the recommendations on network analysis written by the developers of
the R package *. A network with up to 17 nodes (representing the individual HRSD-
17 depression symptoms) is obtained and, connecting them, the edges representing
the distances between symptom trajectories. The thickness of the edges indicates the
strength of the longitudinal elastic covariation (thicker edges represent a shorter distance
between the two symptom trajectories).

Inter-individual approach

Next, we aimed to study the aggregated dynamics of individual symptoms to yield
systematic patterns over time across patients. In this second part, we aimed to build a
generalizable hierarchy of symptom clusters based on their shared temporal features.
First, the 136 distances were averaged over the 255 patients, weighted for the number of
assessments that were done for each of the patients (ranging from 2 through 17). Second,
this matrix of 255 mean distances was used for the generalizable hierarchical cluster
analysis. A scree plot was constructed displaying the heights in a downward curve and
the elbow rule (i.e., the point where the graph leveled off) was used to determine the
most appropriate number of clusters.

The “Distatis” algorithm from the “DistatisR” package was used to check whether using
the actual 255 distance matrices instead of one mean distance matrix yielded similar
clusters. Distatis is a generalization of classical multidimensional scaling (MDS), based on
a three-way principal component analysis, to analyze a set of distance matrices. In order
to compare these distance matrices, it combines them into a common structure called
a compromise and then projects the original distance matrices onto this compromise.
Compromise factors are calculated and plotted in the compromise space, with each
component been given the length corresponding to its eigenvalues. We plotted each of
the 17 HRSD symptoms on an X-Y plane according to their first and second compromise
factor values.
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A. HRSD item score over time in one patient

Assessment (per 2 weeks)
1. Depressed mood

2. Guilt

3. Suicide

4, Early insomnia

5. Middel insomnia

6. Late insomnia
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B. Scores of items 1 and 7 over time, with DTW alignement
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Figure 1. For a single patient, the individual HRSD-17 item scores over time are shown (a). The DTW
method uses a dynamic (i.e., stretching and compressing) programming approach to minimize a
predefined distance measure (e.g., Euclidean distance), in order for the two time-series to become
optimally aligned through a warping path (b). The optimal warping route between items 1 and 7 is
shown (c). Using the “symmetricP0” step pattern and a Sakoe-Chiba Band of 2, this yields a final DTW

distance of 13 (d)
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In the following step, we investigated two centrality metrics, being closeness centrality
and degree centrality “° for the average distance matrix. Degree centrality is based on the
number and strengths of connections each symptom has. Closeness centrality also takes
the global network structure into account because it measures the average distance of a
certain symptom to all other symptoms. Applied on the DTW data, closeness is inversely
proportional to the mean DTW to all other symptoms and, in this way, indicates which
symptom trajectory is the most similar to that of other symptoms. Finally, we computed
the average DTW distance among all symptom trajectories for each patient. Symptoms
that scored consistently zero were deleted from these analyses for that particular patient,
as all such symptoms would result in distances of zero. Shorter average DTW distances
reflected denser interconnections between symptoms, and longer average DTW distances
reflected looser longitudinal connectivity between symptoms. In order to investigate
the relationship between network density and reaching response and remission, we
calculated the residuals of the regression with the number of assessments and the HDRS
sum score. These residuals were plotted using box plots according to whether response
and remission were reached, and we performed Wilcoxon signed-rank tests to compare the
two samples. The analyses used the packages “dtw” (version 1.20.1), “pheatmap” (version
1.0.12), “parallelDist” (version 0.2.4), “qgraph” (version 1.6.2), and “DistatisR” (version) for
the R statistical software (R version 3.6.0; R Foundation for Statistical Computing, Vienna,
Austria, 2016). A sample code (with data from the of 2 exemplar patients of Fig. 2) can be
found in Additional file 1.

Results

Patient characteristics

Table 1 shows the demographic and clinical characteristics and the use of psychotropic
medication of the included patients. Patients had a mean age of 50.9 years (standard
deviation [SD] = 15.4), and 165 were women (64.7%). A bipolar disorder was diagnosed
in 48 patients (18.8%). The mean duration of illness was 11.2 + 15 years. For 56 patients
(22%), the current episode was the first depressive episode. The baseline HRSD-17 score
was 20.7 (SD 4.6) on average, and 79.6% of the patients used antidepressants. Of the 255
patients, 169 showed treatment response and 128 remission at the end of admission. The
median duration of hospitalization was 11 weeks, and the total number of assessments
was 1480, with a mean of 5.8 and a median of 5 HRSD-17 assessments per patient.
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Table 1. Characteristics and medication use of 255 consecutive depressed inpatients

Variable Mean (SD) / No (%)
Demographic characteristics
Female (%) 165 (64.7)
Bipolar disorder 48 (18.8)
Age in years, mean (SD) 509+ 154
Education:** (n, %)
- Lower 41 (16.1)
- Intermediate 119 (46.7)
- Higher 93 (36.5)
Work status: (n, %)
- Unemployed 149 (58.4)
- Employed 93 (36.5)
- Other (student/voluntary service) 13 (5.1)
Marital status: (n, %)
- Married 109 (42.7)
- Divorced/widowed 65 (25.5)
- Never married 81(31.8)
Living situation:< (n, %)
- Living alone 76 (29.8)
- Living with partner 96 (37.6)
- Living with family 83(32.5)
Clinical characteristics
Index (first) depressive episode (n, %) 56 (22)
History of 4 or more depressive episodes (n, %) 76 (29.8)
Lifetime substance abuse/dependency:?
- Alcohol 27 (10.6)
- Drugs (THC, hard drugs, benzodiazepines) 5(2.0)
Melancholic features 159 (62.4)
ROM baseline total scores:
- HRSD-17 20.7+46
- BDI-II 33.7+9.2
Baseline medication use:
- Antidepressants 203 (79.6)
- Antipsychotics 118 (46.3)
- Mood stabilizers 34(13.3)
Responders (%) 169 (66.3)
Remitters (%) 128 (50.2)

Data are mean (SD) or No (%), when appropriate. ROM: routine outcome monitoring, HRSD-17:

Hamilton Depression Rating Scale, BDI-Il: Beck Depression Inventory.

2 Lower education: general basic education only; intermediate education: middle vocational
education; higher education: higher vocational education or university.

5Two missing values for education.

‘Living alone includes living in a home for elderly and the convent

dInvestigated using the MINI modules on substance abuse and suicidality
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Intra-individual approach

In Fig. 2, the DTW analyses of 2 exemplar patients are shown. We will discuss these two
exemplar patients in order to demonstrate the opportunities of the DTW clustering
method to inform clinical practice. By comparing the results from patients 196 and 201,
we can already see a high degree of inter-individual variability in symptom trajectories.

Patient 196 was a 55-year-old female presenting with psychotic depression. At
admission, anhedonia, insomnia, and psychic anxiety were overtly present. The anxious
preoccupations disabled her in engaging any psychotherapy program at the start of
hospitalization. A treatment with electroconvulsive therapy (ECT) led to a resolution of the
most central symptoms (symptom with most dense connections with other symptom:s,
e.g., depressed mood, feelings of guilt, and somatic anxiety) during the hospitalization
of 2 months. Although she remained to score relatively high on the HRSD-17 symptoms
“work and interests,” “psychic anxiety,” and “insight,” she could be discharged after the
resolution of the majority of her depressive symptoms. The central (red) symptoms
tended to fluctuate most strongly together over time. Furthermore, due to the presence
of residual symptoms that were resistant to ECT treatment, we formulated an advice for
ambulatory psychological therapy to focus on these persistent (blue) symptoms of insight,
engagement in activities, and psychic anxiety as a cornerstone of further treatment.

Patient 201 was a 38-year-old female who presented with a severely depressed mood and
suicidal thoughts. She described her depressive complaints as an overpowering sense
of feeling down and agitated. There was no loss of appetite or weight loss. A treatment
with nortriptyline and trazodone (for her sleeping problems, mainly middle insomnia)
was started. The sleeping problems improved quickly. Her depressed mood and suicidal
thoughts did not change at the beginning of treatment. Treatment with lithium, because
of a suspicion of underlying bipolar disorder, led to a quick resolution of the mood and
anxiety symptomes. Loss of sexual interest was initially not present but commenced during
hospitalization, possibly as a side effect of treatment.



108 | Chapter5

A. Heatmap of distance matrix

2o 0o ne e
. > @ e A E e

WhsU| L - o= =

£
t
i

i

B. HRSD item scores over time
Dimension 2

Dimension 1
4

SWONIWAS EIHD Pl & o & m & B & &
HFWOS MBD EL & = o m & =

A. Heatmap of distance matrix

B. HRSD item scores over time
Dimension 1 Dimension 2

4

3

L W B

3. B Jypeeemd it |

il

C. Dendrogram

7. Work and Interesis
10. Psychic anxiaty 4
17, Insight{
6. Late insomnia
14, Ganital symptams
16, Waight loss
12. Gasiro-intestinal {
2 & Middie insomnia
§ 9. Agitation
8, Retardation
11. Somatic anxiety{
15. Hypochondriasis
1, Depressed mood
2, Guiitq

13, General somatic{

=

=

C. Dendrogram

9, Agiation

2. Guilt

B. Retardation {

11, Somatic anxiety |

16. Weight loss

12, Gastro-intestnal {
16 driasit

&, Late insomnia

HRSD item

5. Middle insomnia
13, Ganeral somatic
10. Paychic anxiaty 1

1. Depressed mood
3. Suicide 1

7. Wark and i

14. Genital symploms

8
B
-]
&1



Chapter6 | 109
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Figure 2. DTW analysis of HRSD-17 symptoms for patient no. 196 and patient no. 201 (a). Heatmap
(symptoms that show high correlation are given a“hot” red color, and those that are not correlated
are given a “cold” blue color) (b). Dendrogram based on the clustering of DTW distances of 15 of
the non-zero HRSD-17 item scores over time (c). Network graph based on the distance matrix:
connections between symptoms (edges) indicate distances between symptom trajectories (d).
Centrality statistics of the network graph: centrality is based on the number and strengths of
connections each symptom has. Closeness also takes the global network structure into account (e)

Inter-individual approach

Figure 3 shows the nomothetic analysis of the 255 patients. A total of five clusters emerged,
based on the elbow method in the scree plot (see Fig. 3a). The hierarchical cluster analysis
was estimated based on the average weighted distance matrix (Fig. 3b). These clusters
consisted of symptoms with a similar course trajectory: (1) core symptoms (2 items:
“depressed mood,“workand interests”), (2) sleep symptoms (3 items: late, middle, and early
insomnia), (3) distress (2 items: “guilt,” “psychic anxiety”), (4) somatic symptoms (2 items:
“genital symptoms,”“general somatic symptoms”), and (5) inner turmoil (8 items: insight,
weight loss, hypochondriasis, gastro-intestinal symptoms, somatic anxiety, agitation,
retardation, and suicide). As is shown in Additional file 2: Fig. S1, the network plots did not
change significantly when excluding all symptoms with a score of 0 throughout follow-up.

In the following step, we analyzed the actual 255 distance matrices, instead of one mean
distance matrix, using Distatis. Figure 3c shows the Distatis compromise plot in which
each HRSD-17 item is plotted according to their first and second compromise factor
values. The distribution pattern of the HRSD-17 items in the compromise plot shows a
comparable pattern to the obtained hierarchical clusters, corroborating the obtained five
clusters. The clusters corroborated those found with the hierarchical cluster analysis on
the average distance matrix. Next, the average distance matrix was visually presented
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in a network graph in Fig. 3d. Figure 4 shows the two centrality measures based on the
network from the average distance matrix. These can inform us on which symptoms
globally tend to covary together over time. The items from the “inner turmoil” show the
highest degree centrality and closeness centrality scores, indicating that they covaried
most strongly with other HRSD-17 items. Items constituting the “insomnia” or “somatic
symptom” cluster showed lower centrality which suggests that these symptoms behaved
in a more independent manner over time compared to the other HRSD-17 items.

A. Scree plot B. Dendrogram from average distance matrix
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Figure 3. Nomothetic analyses based on all distance matrices from 255 depressed inpatients.
The scree plot displays the eigenvalues in a downward curve. The number of factors was determined
using the elbow method (i.e., the point where the slope of the curve is leveling of; in our example, this
is 5: after this point, the slope of the curve is nearly stable) (a). Ward’s (D2, i.e., general agglomerative
hierarchical clustering procedure) clustering criterion on the weighted mean distance matrix from
255 patients (b). Distatis analysis: the PCA of the compromise matrix (i.e., weighted average of
individual cross-product matrices) gives the position of the objects in the compromise space (c).
Overview of the networks of HRSD-17 items for 255 patients (d)
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The evolution of the mean HRSD-17 item levels over time are visualized in Fig. 5a using
mixed models per item. The eight items with a range from 0 to 2 (three insomnia items:
gastro-intestinal complaints, general somatic and genital symptoms, insight and weight
loss) were scaled to a range from 0 to 4 in order to make a comparability between all items
possible. The HRSD-17 items “depressed mood,” “work and interests,’ “general somatic,”
and “genital symptoms” had the highest baseline severity. The items “insight” and “weight
loss” had the lowest mean scores and stayed relatively low during hospitalization. Figure
5b shows the intercepts and slopes of the 17 mixed models for the individual longitudinal
trajectories. The intercepts indicated that genital, general somatic, and depressed mood
symptoms generally scored the highest at baseline. The slopes of the linear model revealed

that depressed mood showed the steepest decline over time.
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A. Mean items scores over time
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Figure. 5. Forest plot of the 17 HRSD items of two mean levels of indicators of individual
longitudinal trajectories. The mixed model intercept (a) indicates which symptoms scored the
highest at baseline (i.e., genital, general somatic symptoms, and depressed mood scored the highest
atbaseline). The mixed model slope (b) of the linear model showed the average decline per 2-week
time interval (i.e., depressed mood showed the steepest decline over time)
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As shown in Fig. 6, patients that reached response or remission during hospitalization
had significantly shorter average distances among symptoms than patients who failed
to reach response or remission. That is, patients reaching response or remission mostly
had on average a more densely connected symptom network (based on the mean DTW
analysis). We excluded symptoms that scored zero throughout the admission, yet when
these symptoms were included, this resulted in similar findings (see Additional file 2:
Fig. S2A). In addition, not adjusting for HRSD-17 total scores at baseline did not alter the
results (see Additional file 2: Fig. S2B). Exploring the difference in network connectivity
between unipolar and bipolar depressed patients revealed a denser symptom network in
bipolar than in unipolar patients (see Additional file 2: Fig. S3).

p=<0.001

p<0.001

Mean DTW distance (residuals)
Mean DTW distance (residuals)

N response (n=86) Response (n=168) N remission (n=127) Remission (n=128)
Figure. 6 Average DTW distance according to response and remission. Those patients with
response or remission had the shortest average distance among symptom trajectories, indicating
denser interconnections (p by Wilcoxon signed-rank test to compare the two samples). Distances
were adjusted for the number of assessments and the baseline total HRSD-17 score
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Discussion

The present study is the first to analyze the time-series of depression symptoms using DTW
analyses in psychiatric inpatients. We applied the DTW computational method to estimate
and visualize similarities in symptom trajectories and to yield clusters of symptoms with
similar course trajectories both at the patient level and at the group level. Both the
intra- and inter-individual analyses may help to increase our insight into the dynamical
complexity of symptom trajectories in severely depressed inpatients. Furthermore,
combining ROM techniques with automated feedback for the clinician based on the
methods—as introduced here—proved useful to inform and facilitate clinical decision
making. Overall, three major findings are worth discussing in more detail.

We first focused on the individual symptom dynamics that proved to be highly variable
across individuals and thus idiosyncratic *'. This finding supports previous concerns on
the use of sum scores for assessing treatment outcome, since sum scores do not represent
this dynamical symptom complexity well * 6, with a loss of substantial information
that may be of clinical relevance. The intra-individual dynamic symptom clusters and
symptom networks, in which the edges between symptoms represented the dynamical
relation between them, allowed us to gain insight into the relative importance of certain
symptoms for individual patients, but also at the group level *°. Such symptoms may cause
other symptoms, which may be different for other patients °. It could be hypothesized that
targeting treatment on such central symptoms early in therapy may lead to a more rapid
resolution of closely connected depressive symptoms %43,

Overall, the study of intra individual temporal dynamics of depression symptoms is rare in
the literature. A growing field of research has focused on the development of individual
dynamic networks of symptoms in which time-series or experience sampling methods
(ESM) data are used to study the within-patient dynamical structure of symptoms -,
These networks are mostly estimated using vector autoregression (VAR) which estimates
both lagged (i.e., time minus one temporal) and contemporaneous (i.e., simultaneous)
relationships among multiple symptoms %°. The DTW approach represents a less constraint
analysis of individual symptom dynamics since the DTW distance measure accounts for
a longer time period when measuring the similarity between each pair of depressive
symptoms (2 time points). Furthermore, it provides an accessible and easily interpretable
method that can be a useful tool for clinicians and researchers for the early detection
of central symptoms and the directed tailoring of treatment towards these symptoms.
Moreover, it does not necessitate the time-consuming ESM data collection, which can be
challenging in daily clinical practice due to the considerable burden it puts on participants.
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Secondly, we focused on the group-level analyses, which yielded five symptom clusters
with more similar dynamics over time across the total sample. Compared to cross-
sectional factor analytic studies, which investigate the co-occurrence of depressive
symptoms at a certain time point, we similarly found that the three sleep items appeared
consistently in one factor 22, Previously, there was some support for the presence of a
“general depression,” with depressed mood, guilt, suicide, work and interests, and psychic
anxiety appearing on one factor -2, We, however, found that only “depressed mood”and
“work and interest” showed the most consistent trajectories over time, which represented
the core symptoms of depression. Somatic symptoms did not appear on the same
factor as described for cross-sectional factor analyses (“somatic symptom” or “somatized
depression” consisting of somatic symptoms, weight loss/gastro intestinal symptoms, loss
of libido/genital symptoms) 2% 22. Moreover, previous studies found evidence for limited
longitudinal invariance, where the number of factors did not hold across time 2 which
is supported by our and previous data that the Omegas and Cronbach’s alphas were not
stable over time, but improved during hospital admission *. An internal validation of our
findings using a random sample of 128 and 127 patients of our sample revealed the same
dynamical clusters (see Additional file 2: Fig. S4). Further validation of these findings in an
independent sample is necessary.

Third, we found that patients who reached response or remission during hospitalization
had a more densely connected symptom network compared to patients that failed to reach
response or remission. This contrasts with the findings of Van Borkulo et al. *°, who identified
a more densely connected cross-sectional depression symptom network in not remitters
compared to patients reaching remission. Although the method of quantifying network
connectivity was not the same (average DTW distance versus network comparison test),
this shows, once again, the importance of studying longitudinal networks besides cross-
sectional symptom networks. Our findings could be related to the literature reviewed by
Scheffer *', showing that networks with high connectivity can change more abruptly (for
better and worse) in response to external events (so-called critical transitions). Applied on
the DTW network analysis, when symptoms have a low level of connectivity, they seem to
behave more independently from each other and in response to an external factor such as
admission and treatment, which may have lowered the probability of an acute response
or remission to treatment. These findings need to be confirmed in further studies, as the
definition of response and remission was also based on the HRSD sum scores, which is not
independent of the DTW assessments from HRSD time-series data.

The DTW method has a promising potential for clinical practice, and it builds further upon
the already available evidence of the value of measurement-based care in psychiatry 2.
First, the DTW symptom clusters allow the clinician to gain insight into the dynamics of
individual depression symptoms and longitudinal symptom clusters. Second, as illustrated
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in the two idiographic analyses (Fig. 2), the DTW method has the potential to facilitate
clinical decision making. More specifically, treatment interventions targeted at the most
central symptom (i.e., symptoms with the most dense connections with other symptoms)
could lead to a rapid resolution of the depressive syndrome. Third, the graphical
representation of the DTW clusters is easily amenable as a feedback tool for patients to
gain more insight into the central symptoms that tend to covariate with a variety of other
symptoms or in symptom clusters that tend to move in a more independent matter. This
could lead to a more nuanced insight in reaching response or remission or lack thereof.

An important strength of our study is the use of the innovative DTW clustering method
to study the timeseries of individual symptom severity scores. The DTW method is able to
process the highly dimensional ROM time-series data in order to reduce the complexity
of the data while still maintaining the essential characteristics of the dataset. By using an
elastic measurement, DTW provides an optimal time alignment between two timeseries.
Furthermore, DTW can be accurately used in smaller datasets and individual patients 3'.
Another strength of our study is the relatively complete dataset of ROM data from real-
world consecutive inpatients. Nonetheless, our results must be considered in light of
some limitations. First, exclusively inpatients were recruited from one center which may
limit the generalizability of our results to outpatients and other patient groups. Second,
patients were treated with a variety of different combinations of psychotropic drugs
which likely affected the course and dynamical characteristics of individual symptoms
(such as concentration difficulties in those receiving ECT). Future studies using data from
randomized trials may help to unravel the influence of different treatment strategies on
the dynamic symptom dimensions. Third, the HRSD-17 is not designed to investigate
individual symptoms, and its items are scored on a crude scale with only three or five
answer categories resulting in low variability and precision. Fourth, assessments were
done with 2-week intervals, and DTW analyses may be more useful in more frequent time-
series like those collected with ESM. Fifth, the DTW method allows some flexibility in how
it is applied to study MDD symptom trajectories, e.g., in terms of the global constraint
(Sakoe-Chiba Band). We adopted default settings based on simulation studies in the prior
literature and hope that future methodological studies working with psychiatric data
specifically will investigate how robust empirical results are to changes in default settings
of the DTW method, e.g., using multiverse analyses 3.

Conclusion

MDD is a heterogeneous disorder consisting of dynamic symptom clusters that varied
between patients. The use of repeated, standardized clinical rating scales yields extensive
information on patient-specific symptoms dynamics. DTW may be a promising new
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methodology for the study of the complex dynamic system of interacting psychiatric
symptoms %534 with the potential to facilitate personalized psychiatry care.
Supplementary Material

The online version contains supplementary material available at https://doi.org/10.1186/
$12916-020-01867-5.
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Abstract

Background: Depressive symptoms interact in complex ways within individual patients
over time. We apply Dynamic Time Warp (DTW) to data of depressed inpatients, which
provides insight into the dynamic relations among symptoms by assessing the similarity
of changes over time between symptom pairs.

Methods: The 21-item BDI-Il was assessed bi-weekly in 166 depressed inpatients, with on
average 6.9 assessments per patient. DTW was used to analyze standardized symptom
scores for each individual patient, yielding 166 symptom distance matrices. Undirected
DTW analyses yielded groups of symptoms with a similar change profile over time (i.e.,
symptom dimensions) while directed DTW analyses identified which symptom changes
temporally precede or follow other symptoms changes. Both DTW analyses were first
done at the level of the individual patient and the data were subsequently aggregated to
the group level.

Results: Patients were on average 50 years old and 63% were female. Undirected DTW
analyses yielded four symptom dimensions: ‘Core Depressive Symptoms’ (6 items),
‘Social Withdrawal and Lethargy’ (7 items), ‘Disturbed self-definition’ (6 items), and Auto-
aggression (2 items). Directed DTW analyses showed that worthlessness, pessimism,
loss of interest 29 and tiredness had the highest outstrength centrality, despite the high
between-person variability in individual-level analyses.

Conclusion: DTW promises to increase insight into the temporal dynamics of symptom
changes in mood disorders. Symptoms with high outstrength, derived from directed
DTW analyses, may have a positive feedback effect on other symptoms. Future studies are
needed to investigate whether DTW analyses provide insights for improved prediction
and treatment targeting in mood disorders.
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Introduction

The latent disease model for psychopathology has dominated depression research
for years. Under this framework, depression symptoms are considered as equal and
independent consequences of a common cause: the underlying mental disorder .
Consequently, the vast majority of clinical research on major depressive disorder adds
symptoms to one total score in order to measure change in severity over time 2 However,
this is at odds with findings from previous studies showing that individual depression
symptoms have different risk factors 2, psychosocial impact 3, and underlying biology **.

Network approaches offer a promising conceptual framework that is particularly suitable
to study psychopathology as a complex dynamic system ©. In such a system, symptom-
symptom interactions evolve over time and give rise to emergent properties such as a
depressive state or other mental disorders 78, Symptom networks can be estimated
using statistical network models, and visualized as a set of symptoms (or nodes) that
are connected by edges that represent these statistical relationships between them
(e.g., correlations or regression coefficients) °. Most network analyses have investigated
cross-sectional relations between symptoms at a specific time point ° mainly using
partial correlation networks, directed acyclic graphs, and relative importance networks
1%, However, such studies do not capture the relation between symptoms over time "2,
Furthermore, findings from cross-sectional analyses may not generalize well from the
group to the individual, where different people may exhibit profoundly different patterns
of symptom relations. Therefore, there is growing recognition to first analyze symptom
relations in individual patients separately (i.e., idiographic analyses) and subsequently
aggregate these data to the group (i.e., nomothetic) level, instead of the other way around
1314 Using time-series data, the most used statistical network model to study dynamic
symptom relations is based on lagged multilevel vector autoregressive (VAR) models
15, Although this method has yielded many new insights, disadvantages of VAR models
are the focus on a single time-interval as the unit of analysis and the assumption of
stationarity. Further, VAR models require intensive longitudinal data with many dozens of
measurement points, and severely depressed patients can be unable to complete so many
measures. New analytical methods are needed when only a limited number of repeated
measurements are available (i.e., panel data) 56,

In this study, we use Dynamic Time Warping (DTW) as an alternative analytic method for the
analysis of longitudinal data, which is based on a shape-based distance measures. In two
previously published studies, we have used DTW to obtain undirected symptom networks
from the Hamilton Rating Scale for Depression (HRSD-17) "7 and the Comprehensive
Psychopathological Rating Scale (CPRS) ™ in depressed patients. Undirected DTW
analyses reveal which symptoms show a similar change profile over time (which we will
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denote in this manuscript as symptom dynamics). However, such undirected analyses do
not allow to disentangle whether changes in a symptom temporally precede or follow
changes in another symptom. Since this is a necessary (albeit not sufficient step) towards
causal inference and ultimately interventions, in the current study we aim to investigate
both undirected as well as directed depression symptom dynamics (which investigate the
directionality of symptom change over time).

We used 2-week intervals data over an admission period from 8 to maximum 34 weeks
from the Beck Depression Inventory (BDI-ll) '°, a widely used self-report scale that
focusses on cognitive and affective symptoms, such as worthlessness and pessimism.
It differs markedly from the previously analyzed HRSD-17 "7, which is a self-report scale
developed for inpatients that relies heavily on clinical, observable signs 2°. The undirected
DTW analysis yields symptom dimensions consisting of symptoms with similar dynamics
over time. The directed DTW analysis, on the other hand, can identify whether changes
in one symptom are temporally preceded or followed by other changes. The directed
results may ultimately yield actionable insights for improved prediction and targets for
treatment both at the individual as well as on the group level ', in the spirit of precision
and personalized medicine.

Methods

Sample and setting

Data were collected as part of the Hercules Routine Outcome Monitoring study '’. The
original study sample comprised 276 consecutive patients admitted to a tertiary psychiatric
hospital (Duffel, Belgium) withan MDD or depressive episodein bipolar disorder (confirmed
by the MINI-Plus Interview, based on the DSM-IV criteria). Exclusion criteria were restricted
to maximally reflect the ‘real-world’ clinical depressed population; only patients with
(comorbid MINI-Plus) psychotic disorder (including schizoaffective disorder) or with a
dependency on alcohol or drugs within 12 months prior to hospitalization were excluded.
Moreover, patients with insufficient mastery of the Dutch language were not deemed
eligible. As DTW analyses focus on changes in severity scores between two adjacent
assessments, these are more robust when there are 4 or more assessments. Therefore,
we excluded patients with less than four BDI-Il measurements, resulting in 166 inpatients
in the current study (60.1%; n=1 with 0 measurements, n=4 with 1 measurement, n=36
with 2 measurements, and n=42 with 3 measurements). Patients were hospitalized at a
depression ward and received treatment according to evidence-based guidelines (www.
trimbos.nl, www.nvvp.net) (pharmacotherapy, (group)psychotherapy or a combination
of both). Psychotropics at baseline were coded into five dichotomous variables:
antidepressants, mood stabilizers, antipsychotics, benzodiazepines, and stimulants.
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Beck Depression Inventory-Il (BDI-II)

The administration of the BDI-Il was part of a ROM test battery assessing mood, quality
of life and overall mental well-being ™. Routine Outcome Monitoring was performed at
admission and every 2 weeks thereafter until discharge from the hospital. The BDI-Il data
presented in this article represent the data acquisition from the period April 2015 through
February 2018.

The BDI-Il " (Dutch translation by van der Does) #' is a widely used and validated
questionnaire for screening depression. It is a self-report inventory consisting of 21 items
measuring affective, cognitive, and somatic depressive symptom domains. Each item is
rated on a 4-point Likert scale, ranging from 0 to 3 and with higher scores indicating a
higher severity of depressive symptomatology. The internal consistency of the BDI-Il is
adequate with a reported Cronbach’s alpha of 0.91 222, In our sample, the omega values
were 0.84, 0.90, and 0.93, at baseline and 2 and 4 weeks admission, respectively.

Statistical analyses
Sociodemographic and clinical variables are summarized in Table 1 as means with
standard deviations (SD) or number (percentages), as appropriate.

DTW analysis was used to identify BDI-Il symptom dynamics in time '7'8, Four steps were
taken in the analyses. First, undirected analyses were done on the nomothetic group-
level (based on aggregation of individual-level findings). Second, directed analyses were
done in each of the inpatients separately yielding 166 asymmetric (distance) matrices.
The results from three of these inpatients were presented as idiographic examples. Third,
directed nomothetic analyses were done through bootstrapping, yielding a directed
symptom network of the significant edges.

All item scores were group-level standardized before the analyses (except for Figure 1,
for explanatory purposes only), in order to let the results be solely based on the change
profiles over time.

Undirected DTW analyses
For the undirected analyses, DTW was used as an algorithm to calculate the “distance’
between each pair of items, resulting in a 21 by 21 symptom distance matrix for each

d

individual. The time window was symmetric and set to 1, meaning that changes between
t-1 and t+1 were taken into account. A programming approach with elastic stretching and
compressing was used in order for the two vectors of panel data to become optimally
aligned through a warping path *. Changes in item 2 that occurred one time interval
before or after that of item 1 could be stretched so that they overlapped in the DTW
algorithm (Figure 1A). This resulted in 166 symmetric distance matrices, one per person.



128 | Chapter6

_ 9 _ z2le+6) _ (01 souejsip ‘woi aouBiSIp)uBaw
_ Ob-=g9-="6-g =~ _ Wol o0UBISIp - O] SOUEISIP = ruenaicuen aoueysig

awil} JOA0 | EE_ j0 m._oom an:;w
€ € 2z L 0 z

1P 3y} jo uor 09

Wi} JANO | EE_ j0 m._oom Eo_a:;m
€ e 2z L 0 [

JoumewuwiAs, :useped days "4

Wi} JBAO | Em__ jo m._oom Eo&:;m
€ e 2z L 0 z

DDDDDDDDDDD

IR NN § FEiNTEE
HENININES [ TN
NN f IR
HEIN) § I NN
N { EEEIN NN
I RN
L]

oy oo_m,w_mu_n adA)-mopuim sujawiwAse xR 150D *4

® @& & o ©o - & ® « «§ = o=

awi|

20 1L O 6 8 L 9 S v € g |

Wi} JOAO g Wa)| Jo 8100s woydwAs

DDDDDDDDDD

® & & - -

DDDD W]
RNy f i RN
H'Ej { "IN RN
W [ I RN NN
OO
OO OO LI DI

o m"_vum_.m_o adAy-mopuim sujawwAse :xuep 1so0) '3

o

® q ~ o

awi|

2. 1L O 6 8 L 9 S v € T |

&
Wi} JOAO g Wa)| Jo 2100s woldwAsg

DDDDDDDDDD

Juawubie jewndo

- 10} 8AIND Buidiem ‘ . . D D D D

| § (RN RN NN
IDDDDDDDDDD

awil

2k L O 6 8 L 9 S v € g L

(wouy™ 1P) | way Bunoipaid g way : 1a-o

2100s wal |ag

~

(01"9dueysIp) g way Bunoipaid | wey :pajoead g

2100s wall |ag

Z Wa)| pue | Wa)| UGdMISq SDUEISIP PAlIRUIPUN Y

© 8 & - -

S - o«

3
Wi} JOAO g Wa)| Jo 2100s woydwAsg

®  a o«

~

2100s woy |ag



Chapter6 | 129

Figure 1. Explanation of undirected and directed DTW analysis of one symptom pair
Explanation of the directed dynamic time warp (DTW) analysis, an algorithm for measuring similarity
between two time series. DTW is based on the concept of a warping curve, that stretches the two
given time series so that they will overlap. Assume two BDI symptom scores over time from one
individual with 12 time points (t). First, DTW creates a local cost matrix (LCM) with t x t dimensions
(here, 12x 12, panels D, E, and F). Second, DTW finds the path that minimizes the alignment between
the two scores by iteratively stepping through the LCM, starting at the lower left corner (i.e., LCM[1,
11) and finishing at the upper right corner (i.e.,, LCM[12, 12]), while aggregating the total distance
(i.e., ‘cost’). At each step, the algorithm takes the step in the direction in which the cost increases
the least under the chosen constraint (i.e., Sakoe-Chiba window of size one=and “symmetric1” step
pattern).In panel A, the undirected distance between the (unstandardized) scores of these individual
symptoms s1 and s2 are assessed (with a symmetric time window). In panels B and C, the stretching
is only allowed in one direction, after the current assessment, to yield directed distances. In the
yellow boxes, the calculation of the directed distance is explained, which is the distance difference
divided by the average distance of the symptom pair, yielding 1.0 for symptom 1 to symptom 2, and
-1.0 for symptom 2 to symptom 1. Thus, we can conclude that the changes of the red symptom 1
scores tended to precede the changes of the blue item 2 scores.

Dissimilar scores at the start and end of each panel data could have a disproportional effect
on the total distance because these cannot be dynamically aligned. Therefore, we used
interpolation of 5 values between each time point before calculating the distance, which
subsequently reduced the disrupting effect of starting and endpoints mismatches but
did not affect the relative rank order of each of the 21*21 distances within each individual
(see Supplementary R script). Moreover, a penalty of 2 was added to each of the original
symptom pairs that both scored zero at the same instance, to reduce the tendency of item
scores that remain constant throughout follow-up to cluster strongly together.

The 166 distance matrices were subsequently analyzed on the group level for the
undirected analysis through a Distatis analysis (Figure 2) %. The aim of this method is to
find the stable part in the similarities of the symptom dynamics between participants. It
is a three-way principal component analysis, of the array of 166 distance matrices. The
Distatis analysis yielded compromise factors, of which the first three scores best describe
the similarity structure of the 166 distance matrices. The first against the second and the
first against the third compromise factors were plotted into the x-y planes, and the three
compromise factors were also plotted in a supplemental three-dimensional interactive
plot (using the ‘plotly’ r package). To estimate the optimal number of dimensions, elbow
and silhouette plots were being used to yield the optimal number of dimensions. The
elbow can be observed as a sharp change in the slopes of adjacent line segments, which
location might indicate a good number of dimensions to retain. The silhouette method
calculates the average distance of each item to all the items in the same dimensions as well
as the average distance to all the items in the nearest cluster, with a plot of the average
scores over all items against different number of dimensions. The number of dimensions
yielding the highest average silhouette score is the best number of dimensions 2. To assess
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which of the 21 items clustered together in dimensions, a hierarchical cluster analysis was
applied according to‘Ward.D2’ clustering methods, which was visualized in a dendrogram.

To assess whether our analytical approach yielded reliable results, we performed arandom
split of the data and repeated the analyses in both subsets. Through Procrustes analysis
the two networks were brought into a similar space in which statistically meaningless
differences were removed without changing the fit. This helped us to determine whether
this resulted in similar findings or discrepant results, which may signal an inherently faulty
method (Figure 3). The congruence coefficients (with the 2.5th and 97.5th percentiles)
were estimated, through bootstrapping of 200 random splits of the 166 participants. A
value below 0.85 is indicates poor similarity, a value in the range of 0.85 to 0.94 indicates
fair similarity, and a value of 0.95 can be considered as being equal %’.

t] A.Symptom network plot in 83 participants B. Symptom network plot in 83 participants
(random split) (random split)

. Sense of Failure ‘ .

7. Self-dislike

. Self-criticism

4. Worthlessness
. Pessimism
Q)

2. Loss of Interest

®

3. Indecisiveness

20_Tiredness
5. Loss of Energy.

9. Concentration Difficulty

®

7. Irritability
6. Changes in Sleeping

EEEE =@ R R EE =) (@) [=) (>
2l o||m
=|[5 e 2llE
oll3 = 5|15
glle E a|[8
g 212
of|3 & 2|z
=[R2 8 Sk
2|3 = E]
all3 3 5|2
s|ls @ S(2
fad | 2 #||2
5 B
2 z

g
£ 3
3
3

8. Changes in Appeite

1
s
2
2
1

®

0. Crying Bootstrapped median congruence coefficient: 0.972
(2.5th and 97.5th percentiles: 0.940 - 0.985)

. A. Apathy . B. Disturbed self-definition . C. Inner turmoil D. Auto-aggression

Figure 3. Undirected network plots of two random subsamples of the 166 inpatients

An automated split yielded subsamples of 83 and 83 patients each, in which we conducted separate
dynamic time warp analyses. Network configurations are shown for both subsamples. The median
congruence coefficient was very high at 0.972 (with the 2.5th and 97.5th percentiles of 0.940 and
0.985) when we bootstrapped the random split procedure 200 times, indicating stability of the 4
nomothetic symptom dimensions across participants.

1. Agitation
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Directed DTW analyses

For the directed analyses, we used the same DTW algorithm as before, with one crucial
difference (see also Figure 1B and 1C): the window type using the Sakoe-Chiba band was
specified as being asymmetric in order for the dynamic alignment to be only possible in
one direction of time. The positive relative difference between those two distances will
be the final distance (i.e., distance from item 1 to item 2). The higher this outcome is, the
stronger the temporal effect from item 1 to item 2. For each of the 166 patients, a directed
distance matrix was calculated. These analyses yielded directed symptom networks and
outstrength and instrength centrality values, which are shown for 3 sample patients in
Figure 4.

From each of the 166 individual directed network plots, the significant edges were
assessed. Using bootstrapping with 9999 resamples with replacement, the mean and 95%
confidence intervals (i.e., 2.5" and 97.5" percentiles) were assessed for each of the 21 x
21 =441 distances. The directed network was plotted showing the statistically significant
edges. The directed edges with arrow tips at one end of each edge denote the temporal
direction of the effect and can be interpreted as Granger-causal (e.g., item 1 is statistically
related to item 2 and changes in item 1 temporally precede changes in item 2). Next,
two metrics of node centrality were derived, the in- and out strength centrality values.
Outstrength centrality refers to the number of edges that depart from a specific node. In
our DTW analysis a symptom with a high score is one for which its changes are followed
by many other symptom changes. Instrength centrality, on the other hand, refers to
the number of incoming edges of a specific node. Using bootstrapping, the confidence
intervals (i.e., 2.5" and 97.5'" percentiles) for each of in- and out strength value for each
the items were estimated.

Software packages and codes

The “psych” (version 2.0.12), “dtw” (version 1.22-3), “parallelDist” (version 0.2.4), “plotly
(version 4.10.0), “boot” (version 1.3-27), and “qgraph” (version 1.6.9) packages for the R
statistical software were used (R version 4.1.1; R Foundation for Statistical Computing,
Vienna, Austria, 2016. URL: https://www.R-project.org/). Code can be found in
supplemental materials.

"
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Results

Patient characteristics

We included all patients from the Hercules Routine Outcome Monitoring (ROM) study
project 7 with a minimum of four consecutive BDI-Il measurements. The 110 excluded
inpatients did not differ from the 166 included inpatients for age (mean 52.3 versus 50;
p=0.28) and gender (p=0.33). Demographic and clinical characteristics of the included
patients are shown in Table 1, as well as the use of psychotropic medication. Patients
were on average 50.1 years (+ 14.8), and 104 were women (62.7%). A bipolar disorder
was diagnosed in 28 patients (16.9%). The mean duration of illness was 11.2 + 15 years.
For 36 patients (21.7%), the current episode was the first depressive episode. The average
baseline BDI-Il score was 34.3 (+ 9.1). Of the 166 patients, 134 (71.1%) showed treatment
response (defined by a 50% reduction on the HRSD-17 score) and 90 (54.2%) remission
(i.e., HRSD-17 score < 7) at the end of admission. The median duration of hospitalization
was 14.5 weeks.

Table 1: Demographic and clinical characteristics of the sample

Variable Mean (SD) / No (%)
Demographic characteristics

Female (%) 104 (62.7)

Bipolar disorder 28 (16.9)

Age in years, mean (SD) 50.1+14.8

Education:*® (n, %)

- Lower 30(18.3)

- Intermediate 71 (43.3)

- Higher 63 (38.4)
Work status: (n, %)

- Unemployed 90 (54.2)

- Employed 68 (41.0)

- Other (student/voluntary service) 8(4.8)

Marital status: (n, %)

- Married 70 (42.2)

- Divorced/widowed 45 (27.1)

- Never married 51(30.7)
Living situation:® (n, %)

- Living alone 51 (30.7)

- Living with partner 60 (36.1)

- Living with family 55(33.1)
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Clinical characteristics

Index (first) depressive episode (n, %) 36 (21.7)

History of 4 or more depressive episodes (n, %) 44 (26.5)

Lifetime substance abuse/dependency:?

- Alcohol 18(10.8)
- Drugs (THC, hard drugs, benzodiazepines) 4(2.4)
Melancholic features 102 (61.5)

ROM baseline total scores:

- HRSD-17 203 +48

- BDHII 343+9.1
Baseline medication use:

- Antidepressants 134 (80.7)

- Antipsychotics 74 (54.6)

- Mood stabilizers 24 (14.5)
Responders (%) 118 (71.1)
Remitters (%) 90 (54.2)

Data are mean (SD) or No (%), when appropriate. ROM: routine outcome monitoring, HRSD-17:
Hamilton Depression Rating Scale, BDI-Il: Beck Depression Inventory.

2Lower education: general basic education only; intermediate education: middle vocational
education; higher education: higher vocational education or university. "Two missing values for
education.

cLiving alone includes living in a home for elderly and the convent

dInvestigated using the MINI modules on substance abuse

Undirected DTW analyses

Group-level undirected DTW analyses were conducted on the change profiles of the BDI-II
symptoms. Figure 2 shows these results for the 166 depressed inpatients. Distatis analysis
yielded 21 compromise factors, of which the first three explained 9.5%, 8.6%, and 7.1% of
the variance, respectively (Figure 2A and 2B). Based on the elbow and silhouette methods,
the most parsimonious number of dimensions was four (Figure 2C). The hierarchical
cluster analyses yielded four symptom dimensions (Figure 2D) which we termed ‘A.
Apathy’ (7 items), ‘B. Disturbed self-definition’ (6 items), ‘C. Inner turmoil’ (6 items), and
‘D. Auto-aggression (2 items). The three compromise factors are also depicted in a three-
dimensional plot (Supplementary Figure 1).

The shortest distances (representing the most similar symptom changes within patients
over time) were between the item pairs “15. Loss of Energy” and “19. Concentration
Difficulty”, and between “2. Pessimism”and “14. Worthlessness”. The longest distances (i.e.,
most dissimilar) were between the item pairs “4. Loss of Pleasure” and “6. Expectation of
Punishment”.
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To obtain an idea of the accuracy of results, we obtained a median congruence value
of 0.972 (95% Cl: 0.940 - 0.985) through 200 bootstrap analyses in two datasets of n=83
each (Figure 2). As the median congruence value is larger than 0.95, the network can be
regarded as very stable.
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Figure 2. Nomothetic undirected DTW analysis of BDI-Il symptoms

Panels A and B show the compromise plots based on the Distatis analysis (three-way principal
component analysis of the 166 distance matrices) that shows the position of the 21 BDI-Il items
in the compromise space using the first 2 compromise factors (panel A) and the first and the
third compromise factor (panel B). The grey horizontal and vertical error bars represent the 95%
confidence intervals, assessed through estimated through bootstrapping with 500 resamples. Panel
C shows the scree plot based on the eigenvalues in a downward curve based on three compromise
factors. The number of dimensions was determined using the elbow method (i.e., the point where
the slope of the curve is levelling off is after 4 dimensions) and was also determined using silhouette
plot (i.e., 4 dimensions yielded the highest average silhouette score). Panel D shows the dendrogram
based on the hierarchical clustering procedure based on three compromise factors.
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Directed DTW analyses

Figures 1B and 1C explain the calculation of the directed DTW analysis of one BDI item
pair, which is contrasted with that of the undirected DTW analysis (Figure 1A). The
directed distance matrices were analyzed for each of the 166 patients, separately. The
idiographic analyses of three of these are presented in Figure 4. These show that patients
differ according to their symptoms with high out- or instrength: for example in patient 91
the ‘Apathy’ symptoms show highest outstrength, whereas in patient 129 the symptoms
belonging to dimension ‘Disturbed self definition’ show the highest outstrength.
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Figure 4. Idiographic directed DTW analyses of 3 depressed inpatients

Idiographic directed DTW analyses based on all distance matrices based on change profiles of BDI-II
symptom scores from 3 of the 166 depressed inpatients.

A.The crude scores of each of 21 BDI-Il items over time.

B. The idiographic directed network plot of the 21 BDI-Il symptom:s.

C.The normalized outstrength centrality of the 21 BDI-Il symptoms.
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Figure 5A shows the nomothetic directed network. The symptoms with the significantly
strongest out-strength values were ‘Worthlessness’ and ‘Pessimism’ Figure 5B depicts the
in- and outstrength centrality of this network. The symptoms ‘Worthlessness; ‘Pessimism;
‘Loss of interest; ‘Tiredness, and ‘Sadness’ showed outstrength values significantly larger
than the average outstrength value. This means that when patients report changes in
worthlessness and pessimism, it is probable that they will also report changes in several
other symptoms at the next assessment. Symptoms belonging to the ‘Apathy’ dimension
had relatively large instrength centrality values. The items ‘Loss of interest’ and ‘Self-
criticism’ had significantly higher than average instrength centrality values, meaning that
their fluctuations mostly followed upon similar fluctuations in other symptoms.

Discussion

This study used DTW to investigate the dynamics of depressive symptoms in severely
depressed patients. It was based on the premise that BDI-Il symptoms do not co-occur
in synchronicity, and that some are more likely to covary than others, in part because
of complex interactions among symptoms 7. We showed that not only an undirected
network, but also a directed network could be constructed using panel data with only a
sparse number of datapoints per patient. We found high outstrength centrality values of
‘Worthlessness;, ‘Pessimism); ‘Loss of interest; ‘Tiredness, and ‘Sadness'—these symptoms
hence have a higher likelihood of predicting similar fluctuations in other symptoms.
Symptoms of the ‘Apathy’ dimension had relatively highest instrength centrality values
and were more likely to be susceptible to change upon fluctuations in other symptomes.
Thus, DTW shows promise to extend the arsenal of analytic methods to analyze individual
longitudinal patient data, which data could subsequently be aggregated into group-level
analyses. Thereby, it could help to deepen our understanding through a complex dynamic
systems lens 7%,

Group-level undirected DTW analyses revealed four symptom dimensions with similar
dynamics over time:‘A. Apathy;, B. Disturbed Self-definition;‘C. Inner turmoil, and‘D. Auto-
aggression. Symptoms within the same cluster tended to change in synchronicity, more
so than with symptoms from the other three clusters. How do our results compare to the
cross-sectional factor analytic studies of the BDI-II? While the literature is inconsistent,
several studies have pointed towards the existence of a Somatic-Affective and Cognitive
factor %, Our ‘Disturbed Self-definition’ cluster showed a clear overlap with the Cognitive
(or melancholic) factor (only suicidality was not found in our cluster). This was in agreement
with findings from the study of Bringmann et al. * who found 2 clusters:‘Cognitive’ cluster
and ‘Somatic-Affective’ cluster.
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Our group-level directed DTW analyses showed that the symptoms ‘Worthlessness;
‘Pessimism;, ‘Loss of interest, ‘Tiredness, and ‘Sadness’ had large outstrength relative to
other items. From a complex dynamic systems perspective, this could indicate that these
items have a positive feedback effect on other symptoms. Bringmann et al. '* found ‘Loss
of Pleasure’to be the symptom with the largest outstrength, and also low in-strength, but
they did not find ‘Sadness’ to be a highly outstrength symptom. Symptoms with a high
outstrength could have interesting clinical implications as these symptoms could play a
critical role in transition towards the onset or resolution networks of depressed symptoms.
Not many previous studies have used longitudinal designs, but in a cross-sectional analysis
on BDI-II centrality in depressed patients, ‘Sadness’ and ‘Pessimism’ were also the most
central BDI-Il symptoms. Interestingly, they further showed that ‘Pessimism’ was the most
important predictive item for future outcome. Importantly, it must be acknowledged
that the DTW method for assessing symptoms dynamics in psychopathology is still in its
infancy and the added value compared to other statistical analysis techniques must be
further evaluated in follow-up studies.

The methods of a directed DTW analysis may increase our insight in the symptom
dynamics in depression in light of complex dynamic systems theory 3'. We need a better
understanding of the dynamic processes that lie at the basis of changes in mood states
(e.g., critical transitions or phase transitions). In order to do this, we need to combine
individual-level and group-level approaches. The traditional group-level approaches
focus merely on the mean changes in depression symptom severity, wherein important
information on the dynamic symptom interactions is lost.

A main strength of this study was the longitudinal design and the novel analytical DTW
approach, which provides a means to study symptom dynamics without requiring high
intensity measurements. Furthermore, the DTW output can be visualized which can
make idiographic analyses comprehensible both for the individual patient as well as the
clinician. Advantages of the DTW approach are, in contrast to the VAR-1 lagged models ':
it is a non-linear analytic technique; the stationarity criterion ' does not have to be met;
DTW needs less assessments per participant. Advantages of other data analytic methods
such as VAR-1 lagged models or GIMME 32 is that they analyze multivariate relationships
but they need many more assessments per participants which is not always feasible in
clinically depressed patients.

Regarding the limitations, first, assessments were taken at an interval of 2 weeks apart,
which precluded the detection of faster-moving processes. Second, there were only
on average 7 assessments per patient, whereas the individual outcomes will be more
robust when there would have been more assessments. Third, we set rather arbitrary
thresholds in the two network plots showing only the strongest edges. Moreover, only
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estimated positive temporal associations (i.e., positive feedback loops), whereas it may
also be of importance to get insight into whether increases in one symptom are followed
by decreases in some other symptom (i.e., negative feedback loops). Fourth, inpatients
received treatment that likely affected the networks, which calls for adaptions of DTW
that can estimate time-varying networks. Finally, it should be noted though that some
symptoms may be functionally indistinguishable from one another (e.g., ‘Self-criticism’
and ‘Self-dislike’) 33.

From a clinical perspective, the idiographic networks may provide an increased
understanding of the complex interactions between symptoms. These findings could be
visualized, which may be of clinical value to patients and clinicians untrained in advanced
statistics. Further research is needed to study whether targeting symptoms with high
outstrengths is of benefit in clinical practice. However, selectively deactivating a symptom
is more easily said than done in psychiatry '°. Further studies should also aim to integrate
transdiagnostic symptoms and other variables (e.g., environmental factors) to gain insight
in the potential temporal relations of psychopathology.

Supplemental Material

Supplementary Figure 1. Three-dimensional compromise plot of 21 BDI-Il symptoms
https://osf.io/gzd7w/

A Distatis analysis was done on the 166 distance matrices based on change profiles of BDI-II
symptom scores from 166 depressed inpatients yielding three compromise factors (i.e., principal
components), which are depicted in a 3D interactive scatter plot. The items are represented as
points such that the distances best reflect the similarities between the change profiles of the items
(Abdi et al. 2012).

Supplementary R script
https://osf.io/ahqgfz/
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