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ABSTRACT

Major Depressive Disorder (MDD) is a prevalent psychiatric condition characterized
by persistent low mood, diminished interest or pleasure in activities, and a range of
cognitive and physiological symptoms. While the exact ethology of MDD remains
elusive, there is growing evidence suggesting dysregulation in both peripheral and
central biological markers. This study aims to investigate the potential plasma
biosignature and brain metabolic fingerprint associated with MDD. Utilizing advanced
neuroimaging techniques such as functional magnetic resonance imaging (fMRI) and
positron emission tomography (PET), alongside comprehensive plasma biomarker
analysis, we aim to delineate the underlying neurobiological mechanisms of MDD. By
identifying distinctive patterns in plasma biomarkers and brain metabolism, we seek
to enhance our understanding of MDD pathophysiology, potentially paving the way for
more targeted diagnostic and therapeutic interventions. Through a multi-modal
approach combining clinical assessments, neuroimaging, and plasma biomarker
analysis, this study aims to elucidate the intricate interplay between peripheral markers
and central neurobiology in MDD. The findings from this research endeavor hold
promise for the development of novel diagnostic tools, personalized treatment
strategies, and biomarker-driven interventions in the management of MDD.
NUUIltimately, the insights gained from this study may not only enhance our
understanding of MDD pathophysiology but also inform the development of more

precise diagnostic tools and targeted interventions.

Keywords: Neuroimaging, Functional magnetic resonance imaging (fMRI), Positron
emission tomography (PET), Biomarkers, Pathophysiology, Treatment response,

Diagnostic tools
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CHAPTER 1
INTRODUCTION

Major Depressive Disorder (MDD) stands as one of the most prevalent and
debilitating psychiatric illnesses worldwide, presenting a significant burden on
individuals, families, and society. Characterized by persistent feelings of sadness,
hopelessness, and anhedonia, MDD not only affects mood but also disrupts various
aspects of cognitive, emotional, and physiological functioning. Despite decades of
research and clinical advancements, the underlying mechanisms driving MDD
remain incompletely understood, presenting a formidable challenge for effective

diagnosis and treatment.

At the forefront of this endeavour are plasma biosignatures and brain metabolic
fingerprints—two distinct yet complementary approaches that offer insight into the
underlying neurobiology of MDD. Plasma biosignatures encompass a diverse array
of molecules, including proteins, metabolites, hormones, and genetic markers,
circulating in the bloodstream. These biomarkers provide a window into the systemic
alterations associated with MDD, reflecting processes such as inflammation,
neuroendocrine dysregulation, and oxidative stress. (National Academies of Sciences
2023)

Simultaneously, brain metabolic fingerprinting delves into the intricate metabolic
landscape of the brain, utilizing advanced neuroimaging techniques such as
positron emission tomography (PET) and magnetic resonance spectroscopy (MRS)
to assess metabolic activity and neurotransmitter levels within specific brain regions
implicated in depression. By uncovering metabolic abnormalities, neurotransmitter
imbalances, and neuroinflammatory markers, brain metabolic fingerprinting offers

invaluable insights into the neural circuitry underlying MDD. (Zhong et al 2024)



1.1 PLASMA BIOSIGNATURE

The integration of plasma biosignatures and brain metabolic fingerprints represents
a synergistic approach to unraveling the complex pathophysiology of MDD. By
correlating molecular alterations in the peripheral circulation with metabolic changes
within the brain, researchers seek to elucidate novel biomarker panels that enhance
diagnostic accuracy, predict treatment response, and guide personalized

therapeutic interventions. (Pierce 2017)

There has been a growing recognition of the multifaceted nature of MDD, extending
beyond solely psychological factors to encompass a complex interplay of genetic,
environmental, and neurobiological components. Among these, emerging evidence
suggests alterations in both peripheral biomarkers and central neurobiology may
play pivotal roles in the pathogenesis and progression of MDD. This realization has
sparked considerable interest in exploring the potential plasma biosignature and
brain metabolic fingerprint associated with this disorder. (National Academies of
Sciences 2023)

The integration of advanced neuroimaging techniques, such as functional magnetic
resonance imaging (fMRI) and positron emission tomography (PET), with
comprehensive analysis of plasma biomarkers offers a unique opportunity to unravel
the intricate neurobiological underpinnings of MDD. By examining patterns of neural
activity and metabolism alongside fluctuations in peripheral markers, researchers
aim to delineate the complex network of dysregulations contributing to MDD

symptomatology. (Sloshower et al 2024)

Understanding the genetic underpinnings of Major Depressive Disorder (MDD) has
been a significant focus of psychiatric research in recent decades. While depression
is a complex and multifactorial disorder influenced by both genetic and
environmental factors, studies have consistently demonstrated a heritable

component to MDD.



Family, twin, and adoption studies have provided compelling evidence for the
genetic basis of MDD. These studies consistently demonstrate higher concordance
rates for depression among monozygotic twins compared to dizygotic twins,
indicating a significant genetic influence on susceptibility to MDD. Additionally,
family aggregation studies show increased risk of depression among first-degree
relatives of individuals with MDD, further supporting the heritability of the disorder.
(Mclintyre 2019)

In recent years, there has been growing interest in identifying biomarkers—
measurable indicators of biological processes—that can aid in the diagnosis,
prognosis, and treatment of MDD. Among these biomarkers, plasma biomarkers
have emerged as promising candidates due to their accessibility, non-invasiveness,

and potential to reflect underlying pathophysiological mechanisms in depression.

Plasma biomarkers encompass a diverse range of molecules, including proteins,
metabolites, hormones, microRNAs, and genetic markers, that can be quantified in
the blood. These biomarkers offer insights into various aspects of MDD
pathophysiology, including neuroinflammation, neuroendocrine dysregulation,

neurotransmitter imbalances, and oxidative stress. (Baune 2021)

In this review, we provide an overview of the current state of research on plasma
biomarkers in MDD. We discuss key findings from studies investigating
inflammatory markers, neurotrophic factors, hormones, metabolites, microRNAs,
and other biomolecules in individuals with MDD compared to healthy controls or

other psychiatric conditions.

Furthermore, we examine the potential clinical applications of plasma biomarkers in
MDD, including their utility for early detection, differential diagnosis, prediction of
treatment response, and monitoring of disease progression. We also discuss the
challenges and limitations associated with plasma biomarker research, such as
assay standardization, reproducibility, and the complex interplay between biological

and environmental factors in depression. (National Academies of Sciences, Engin...)

Overall, understanding the role of plasma biomarkers in MDD holds promise for

improving our understanding of the disorder's biological underpinnings and
3



advancing personalized approaches to diagnosis and treatment. By elucidating the
molecular signatures associated with MDD, plasma biomarkers may pave the way
for more accurate diagnostic tools and targeted interventions that address the

unique needs of individuals with depression.

Brain metabolic fingerprinting, a term used to describe the characterization of
metabolic alterations within the brain, offers a unique perspective on the
neurobiology of MDD. By examining metabolic activity and biochemical changes in
specific brain regions implicated in depression, researchers aim to uncover insights

into the underlying mechanisms driving the disorder.

1.2 BRAIN METABOLIC FINGERPRINT

In this review, we explore the current state of research on brain metabolic
fingerprinting in MDD. We discuss findings from neuroimaging studies utilizing
techniques such as positron emission tomography (PET) and magnetic resonance
spectroscopy (MRS) to assess brain metabolism in individuals with MDD compared

to healthy controls. (Grosso 2016)

Furthermore, we examine the implications of altered brain metabolism in MDD,
including its potential role in neuroinflammation, synaptic dysfunction, and
neurotransmitter imbalances. We also discuss the influence of environmental
factors, such as stress and lifestyle factors, on brain metabolism and their relevance

to MDD pathogenesis.

Additionally, we explore the clinical applications of brain metabolic fingerprinting in
MDD, including its utility for diagnostic biomarker discovery, treatment selection, and
monitoring of treatment response. By identifying metabolic signatures associated
with MDD, researchers aim to develop targeted interventions that address the

underlying biological mechanisms driving the disorder. (Motl et al. 2024)

a study of older individuals with subsyndromal depression from the Alzheimer’s
Disease Neuroimaging Initiative, using a multiplex immunoassay panel with 190
proteins, found significant differences in biomarkers related to glucose metabolism

(e.g., insulin), neurotrophic support (e.g., hepatocyte growth factor) and



inflammation (e.g., pulmonary and activation-regulated chemokine) compared with
participants with no depressive symptoms. Some of these biomarkers had not been
previously described in LLD. In addition, multiplex biomarker analyses have also
been conducted in older adults with MCI and AD, aiming to develop diagnostic
biomarker panels. Similarly, blood-based multiplex biomarker analyses now extend
to patients with schizophrenia, mid-life major depression and bipolar disorder, each
demonstrating differences in multiple biological pathways. (Kim 2021)

The neurobiologic mechanisms of cognitive impairment are very complex and
probably involve interplay of changes in brain structure, neuropathology and
systemic neurochemical abnormalities. Within this context, the current study sought
to evaluate blood-based biomarkers and structural and molecular brain changes
related to cognitive impairment in older adults with LLD. We used a data-driven,
comprehensive multiplex proteomic analysis, along with measures of structural
brain abnormalities (gray matter atrophy), cerebrovascular burden (white matter
hyperintensity volume), and brain AR deposition [measured via positron emission
tomography (PET) using Pittsburgh Compound-B (PiB). We also sought to elucidate
biological pathways and molecular processes related to these peripheral
biomarkers. Although we had no a priori hypotheses, given the intentionally data-
driven design of the study, we expected to uncover novel circulating peripheral
biomarkers related to cognitive impairment and to brain pathological measures
(Gray matter atrophy, cerebrovascular disease and AB deposition). We anticipate
that observations from such an approach will inform subsequent confirmatory

studies. (National Academies of Sciences, Engin..., Motl et al. 2024)



CHAPTER 2

REVIEW OF LITERATURE

Research into plasma biosignatures in Major Depressive Disorder (MDD) has
revealed a plethora of potential biomarkers reflecting the complex neurobiology of
the disorder. In a study by Miller et al. (2017), elevated levels of pro-inflammatory
cytokines, including interleukin-6 (IL-6) and tumour necrosis factor-alpha (TNF-a),
were found in the plasma of individuals with MDD compared to healthy controls.
These findings suggest a role for neuroinflammation in MDD pathophysiology and
highlight the potential utility of inflammatory markers as diagnostic and prognostic
indicators. (Pierce 2017)

Furthermore, alterations in neurotrophic factors have garnered significant attention
in the search for plasma biomarkers of MDD. A meta-analysis by Molendijk et al.
(2014) revealed lower peripheral levels of brain-derived neurotrophic factor (BDNF)
in individuals with MDD, implicating deficits in neuroplasticity and synaptic function.
Conversely, studies (Brunoni et al.2014) have reported elevated levels of cortisol,
indicative of dysregulated hypothalamic-pituitary-adrenal (HPA) axis activity, in
MDD patients, further underscoring the role of stress-related hormones in

depression pathogenesis.

MicroRNAs (miRNAs) have emerged as promising candidates for plasma
biomarkers in MDD due to their regulatory roles in gene expression. In a study by
Lopez et al. (2014), dysregulated expression of specific miRNAs in plasma was
associated with MDD diagnosis and symptom severity, suggesting their potential as

diagnostic and prognostic markers. Additionally, studies by Belzeaux et al. (2016)



Neuroimaging studies investigating brain metabolic fingerprints in MDD have
provided valuable insights into the neural correlates of the disorder. Using positron
emission tomography (PET) imaging with [18F] fluorodeoxyglucose ([18F] FDG), a
study by Hasler et al. (2009) identified regional hypometabolism in the prefrontal
cortex and anterior cingulate cortex of individuals with MDD, implicating

abnormalities in emotion regulation and cognitive control circuits.

Moreover, magnetic resonance spectroscopy (MRS) studies have elucidated
alterations in neurotransmitter levels and metabolic markers within specific brain
regions in MDD. In a study by (Godlewska et al 2017), decreased levels of gamma-
aminobutyric acid (GABA) were observed in the anterior cingulate cortex of MDD
patients, suggesting impaired inhibitory neurotransmission in depression.
Additionally, studies by de (Diego-Adelifio et al 2013) have reported alterations in
glutamate and glutamine levels in the prefrontal cortex of individuals with MDD,
highlighting disturbances in excitatory neurotransmission and synaptic plasticity.

Studies investigating the correlation between peripheral biomarkers and
neuroimaging-derived measures have uncovered intriguing associations that shed
light on the complex biological mechanisms underlying depression. For example, a
study by (Savitz et al 2019) demonstrated a significant correlation between plasma
levels of inflammatory markers and alterations in brain connectivity patterns in
individuals with MDD, suggesting a link between peripheral inflammation and

disrupted neural circuitry. (Motl et al 2024)

Furthermore, advancements in multi-modal imaging techniques, such as PET-MRI

and PET-CT fusion imaging, hold promise for elucidating the intricate relationships

between plasma biomarkers, brain metabolism, and structural abnormalities in
MDD. (Martins-de-Souza et al 2012)



By integrating data from multiple imaging modalities with comprehensive plasma
biomarker profiling, researchers aim to construct holistic models of MDD

pathophysiology that capture the multifaceted nature of the disorder.

Moreover, emerging technologies such as machine learning and artificial
intelligence present exciting opportunities for leveraging the wealth of data
generated from plasma biomarker and neuroimaging studies to develop predictive
models and diagnostic algorithms for MDD. By harnessing the power of big data
analytics, researchers seek to identify robust biomarker signatures and
neuroimaging biomarkers that can reliably differentiate MDD from other psychiatric
disorders and predict treatment outcomes with high accuracy. (Loniewski et al
2021)

Late-life depression (LLD) patients frequently experience cognitive impairment,
which often lasts even after receiving effective treatment. The intricate molecular
mechanisms responsible for the cognitive impairment observed in LLD probably
entail anomalies in many pathways, or "cascades,” which are reflected in different
biomarkers. In older persons with LLD, our goal was to assess peripheral (blood-
based) evidence for biological processes linked to cognitive decline. In order to do
this, we employed a data-driven comprehensive proteome study (multiplex
iImmunoassay comprising 242 proteins) (Wang et al. 2021)

the integration of plasma biosignatures, brain metabolic fingerprints, and advanced
imaging techniques represents a multidimensional approach to unravelling the
complexities of MDD. Continued interdisciplinary collaboration and technological
innovation hold the key to unlocking the full potential of these approaches in
advancing our understanding of depression and improving clinical care for

individuals affected by this debilitating disorder. (Anderson et al. 2007)



CHAPTER 3

AIM AND SCOPE OF STUDY

3.1. Aim:

The primary aim of this study is to comprehensively investigate the plasma
biosignatures and brain metabolic fingerprints associated with Major Depressive
Disorder (MDD). By integrating data from peripheral biomarker analyses and
neuroimaging studies, the study aims to elucidate the complex neurobiological
mechanisms underlying MDD and identify potential biomarkers for diagnosis,

prognosis, and treatment response prediction.

3.2 Scope of Study:

3.2.1 Identification of Biomarkers:

The study will involve a systematic review and meta-analysis of existing literature to
identify candidate plasma biomarkers and brain metabolic fingerprints associated
with MDD. Emphasis will be placed on molecules reflecting neuroinflammation,
neurotrophic factors, neurotransmitter imbalances, and metabolic alterations

implicated in depression pathophysiology.

3.2.2 Correlation Studies:

Correlation analyses will be conducted to explore the relationship between plasma
biosignatures and brain metabolic fingerprints in individuals with MDD.
Neuroimaging data, such as PET and MRS scans, will be integrated with plasma
biomarker profiles to elucidate the interplay between systemic and central nervous

system processes in depression.



3.2.3 Clinical Relevance:

The study will assess the clinical relevance of identified biomarkers in MDD
diagnosis, prognosis, and treatment selection. Biomarker panels showing diagnostic
accuracy, prognostic value, and predictive power for treatment response will be
evaluated for their potential utility in clinical practice.

10



CHAPTER 4
METHODOLOGY

4.1 BIOLOGICAL BASIS OF DEPRESSION:

The biological basis of depression involves intricate interactions between genetic,
neurochemical, neuroendocrine, and neuroinflammatory factors, as well as
alterations in brain structure and function. While the exact mechanisms underlying
depression are still being elucidated, several key biological factors have been
implicated.

4.1.1 Neurotransmitter Dysregulation: Dysfunctions in neurotransmitter systems,
particularly those involving serotonin, norepinephrine, and dopamine, have long
been associated with depression. Imbalances in neurotransmitter levels or receptor
sensitivity can disrupt communication between brain regions involved in mood

regulation, leading to depressive symptoms.

4.1.2 Neuroendocrine Abnormalities: The hypothalamic-pituitary-adrenal (HPA)
axis, a key neuroendocrine system involved in stress response, is often
dysregulated in depression. Chronic stress can lead to hyperactivity of the HPA axis,
resulting in excessive cortisol production, which may contribute to hippocampal

atrophy, impaired neurogenesis, and alterations in mood regulation.

4.1.3 Neuroinflammation: Emerging evidence suggests that inflammation and
immune dysregulation play a role in the pathophysiology of depression. Elevated
levels of pro-inflammatory cytokines, such as interleukin-6 (IL-6) and tumor necrosis
factor-alpha (TNF-a), have been observed in individuals with depression.

Neuroinflammation can impact neurotransmitter metabolism, disrupt synaptic
11



plasticity, and contribute to neurodegenerative processes associated with

depression.

4.1.4 Genetic Factors: Genetic predisposition plays a significant role in the
susceptibility to depression. Family and twin studies have demonstrated a heritable
component to depression, with multiple genes implicated in its development.
However, depression is likely polygenic, with multiple genetic variants interacting

with environmental factors to increase risk.

4.1.5 Neuroplasticity and Brain Structure: Depression is associated with
alterations in brain structure and function, particularly in regions involved in emotion
regulation, such as the prefrontal cortex, amygdala, and hippocampus. Reduced
volumes of these brain regions, as well as disruptions in neuronal connectivity and
neuroplasticity, have been observed in individuals with depression. Chronic stress,
inflammation, and neurotransmitter imbalances can contribute to these structural

changes.

4.1.6 Epigenetic Modifications: Epigenetic mechanisms, such as DNA
methylation, histone modifications, and non-coding RNA regulation, play a role in
modulating gene expression in response to environmental stimuli. Dysregulation of
epigenetic processes has been implicated in depression, influencing the expression

of genes involved in stress response, neuroplasticity, and neurotransmitter function.

4.1.7 Environmental Factors: Environmental stressors, such as -early-life
adversity, trauma, chronic stress, and social isolation, can contribute to the
development and exacerbation of depression. These environmental factors interact
with genetic vulnerabilities and biological mechanisms to shape an individual's risk

for depression.

12



Apart from the neurological, genetic, and environmental elements that contribute to
depression, recent studies have brought attention to the role that gut microbiota
plays in the pathophysiology of the illness. The regulation of mood, behavior, and
emotional reactions is greatly influenced by the gut-brain axis, a two-way
communication mechanism that exists between the gastrointestinal tract and the
central nervous system. Depression and other mood disorders have been linked to
dysbiosis, or disturbances in the structure and function of the gut microbiota.
Changes in the composition of the gut microbiota can affect immunological
response, neuroinflammatory pathways, neurotransmitter metabolism, and mood

regulation/emotional health.

4.2 PLASMA BIOSIGNATURE IN MDD:

The identification of plasma biosignatures in Major Depressive Disorder (MDD)
holds promise for advancing our understanding of the disorder's underlying
biological mechanisms, improving diagnostic accuracy, and guiding personalized
treatment approaches. Here's an overview of the concept of plasma biosignatures
in MDD:

4.2.1 Definition: Plasma biosignatures refer to measurable indicators or patterns of
molecules found in the blood plasma that are associated with MDD. These
biosignatures may include proteins, metabolites, hormones, microRNAS, or genetic

markers that reflect underlying pathophysiological processes in depression.

4.2.2 Biomarker Discovery: Researchers employ various omics technologies,
including proteomics, metabolomics, transcriptomics, and genomics, to
systematically analyze plasma samples from individuals with MDD and healthy
controls. By comparing the molecular profiles between these groups, potential

biomarkers specific to MDD can be identified.

13



4.2.3 Candidate Biomarkers: Several candidate plasma biomarkers have been

investigated in MDD research, including:

Inflammatory Markers: Cytokines, chemokines, and acute-phase proteins
implicated in neuroinflammation, such as interleukin-6 (IL-6), tumor necrosis factor-
alpha (TNF-a), and C-reactive protein (CRP).

Neurotrophic Factors: Brain-derived neurotrophic factor (BDNF) and other growth

factors involved in neuronal survival, synaptic plasticity, and neurogenesis.

Hormones: Cortisol and other stress-related hormones associated with

hypothalamic-pituitary-adrenal (HPA) axis dysregulation.

Metabolites: Alterations in metabolic pathways, including energy metabolism, lipid

metabolism, and oxidative stress markers.

Major Depressive Disorder (MDD) is a debilitating psychiatric condition
characterized by persistent feelings of sadness, hopelessness, and loss of interest
in daily activities. The exploration of plasma biosignatures in MDD offers a window
into the underlying molecular mechanisms of the disorder. These biosignatures
encompass a diverse range of molecules circulating in the bloodstream, including
proteins, metabolites, hormones, microRNAs, and genetic markers. Elevated levels
of pro-inflammatory cytokines, such as interleukin-6 (IL-6) and tumor necrosis
factor-alpha (TNF-a), are commonly observed in individuals with MDD, indicating a
state of chronic inflammation. This inflammatory response has been linked to
neurobiological changes in the brain, including alterations in neurotransmitter
function and synaptic plasticity, which contribute to the development and

maintenance of depressive symptoms.

Furthermore, disturbances in neurotrophic factors, such as brain-derived
neurotrophic factor (BDNF), have been implicated in MDD pathophysiology.
Reduced peripheral levels of BDNF have been reported in individuals with MDD,
suggesting deficits in neuroplasticity and synaptic function. Dysregulation of the
hypothalamic-pituitary-adrenal (HPA) axis, characterized by elevated cortisol levels

and impaired glucocorticoid receptor signaling, is another hallmark of MDD.
14



Elevated plasma cortisol levels are associated with increased stress
responsiveness and have been linked to the severity of depressive symptoms.
Additionally, alterations in metabolic processes, including dyslipidemia and glucose
dysregulation, are frequently observed in individuals with MDD, highlighting the
intricate interplay between metabolic, inflammatory, and neuroendocrine pathways

in depression.

The identification and characterization of plasma biosignatures in MDD hold promise
for improving diagnostic accuracy, predicting treatment response, and identifying
novel therapeutic targets. These biomarkers offer valuable insights into the
underlying pathophysiology of MDD and may help differentiate subtypes of
depression with distinct biological signatures. Furthermore, plasma biosignatures
have the potential to inform personalized medicine approaches, allowing for tailored
interventions based on individual biomarker profiles. Future research efforts should
focus on validating and refining these biomarkers in larger cohorts, exploring
longitudinal changes in biosignatures over time, and elucidating their functional
significance in depression pathogenesis. Ultimately, the integration of plasma
biosignatures into clinical practice has the potential to revolutionize the diagnosis
and treatment of MDD, leading to more effective and personalized approaches for

managing this debilitating disorder.
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FIGURE 1: Human plasma primary metabolites (1)
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FIGURE 2: Human plasma primary metabolites (2)
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4.3.BRAIN METABOLIC IN MDD:

Brain metabolic fingerprinting in Major Depressive Disorder (MDD) involves the
comprehensive assessment of metabolic alterations within specific brain regions
implicated in the disorder's pathophysiology. This neuroimaging approach provides
valuable insights into the neurobiological underpinnings of MDD by examining the
metabolic activity, neurotransmitter levels, and neuroinflammatory markers within
key brain regions involved in mood regulation, emotion processing, and cognitive

function.

4.3.1 Metabolic Pathways: The identified metabolic pathways, such as the
tryptophan-kynurenine pathway, play a significant role in brain function. Altered
metabolism along these pathways can affect the synthesis of neurotransmitters,

neuroplasticity, and neural resilience.

4.3.2 Biomarkers: The metabolites highlighted in these studies may serve as
peripheral biomarkers that indirectly reflect brain metabolism, especially since
certain metabolites can cross the blood-brain barrier and are involved in central

nervous system (CNS) processes.

4.3.3 Treatment Response: Metabolomic profiling can offer insights into how
individuals with MDD respond to antidepressants, which can reflect changes in

brain metabolism in response to treatment.
4.3.4 Integrated Analysis: By combining findings from multiple studies and a

variety of analytical methods, a more comprehensive understanding of MDD's

impact on both peripheral and likely central metabolism can be constructed.
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4.3.5 Correlation with Clinical Features: Certain metabolites, such as L-
glutamic acid, have been shown to correlate with the severity of
depression. Since glutamate is a key neurotransmitter in the brain, this
correlation suggests a link between peripheral metabolite levels and

brain activity or pathology in MDD.

Utilizing advanced neuroimaging techniques such as positron emission
tomography (PET) and magnetic resonance spectroscopy (MRS), researchers can
investigate various aspects of brain metabolism in individuals with MDD compared
to healthy controls. PET imaging with radiotracers like [18F] fluorodeoxyglucose
([18F] FDG) enables the assessment of glucose metabolism, reflecting neuronal
activity and synaptic function in different brain regions. Alterations in glucose
metabolism, such as hypometabolism in the prefrontal cortex and anterior
cingulate cortex, have been observed in individuals with MDD, indicating

disruptions in neural circuits involved in emotion regulation and cognitive control.

Additionally, MRS allows for the measurement of neurotransmitter levels, including
gamma-aminobutyric acid (GABA), glutamate, and glutamine, as well as markers
of neuroinflammation and oxidative stress, within specific brain regions. Studies
have reported dysregulated levels of neurotransmitters, such as decreased GABA
and altered glutamate-glutamine cycling, in regions like the prefrontal cortex and
hippocampus of individuals with MDD. These findings suggest disturbances in
inhibitory and excitatory neurotransmission, as well as disruptions in synaptic
plasticity and neuroprotection mechanisms, which may contribute to depressive

symptomatology.

Moreover, brain metabolic fingerprinting offers the opportunity to explore the
effects of antidepressant treatments and other interventions on brain metabolism
in individuals with MDD. Longitudinal studies utilizing neuroimaging techniques
can assess changes in metabolic activity and neurotransmitter levels following
pharmacological or psychotherapeutic interventions, providing insights into

treatment mechanisms and predictors of treatment response.
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Overall, brain metabolic fingerprinting represents a powerful tool for investigating
the neurochemical alterations underlying MDD and elucidating the mechanisms
driving the disorder. By unravelling the metabolic signatures within the brain,
researchers aim to identify novel biomarkers, therapeutic targets, and
personalized treatment strategies that improve outcomes for individuals affected

by depression.

4.4 PYTHON IN BIOINFORMATICS:

Data Processing and Analysis: Python's rich ecosystem of libraries, such as NumPy,
SciPy, and pandas, provides powerful tools for processing and analyzing biological
data. These libraries allow bioinformaticians to manipulate large datasets, perform
statistical analyses, and extract meaningful insights from genomic, proteomic, and

transcriptomic data.

4.4.1 Biological Sequence Analysis: Python is widely used for analyzing biological
sequences, such as DNA, RNA, and protein sequences. Bioinformatics libraries like
Biopython offer functionalities for sequence alignment, motif searching,
phylogenetic analysis, and structure prediction, enabling researchers to study
genetic variation, evolutionary relationships, and protein structure-function

relationships.

4.4.2 Genomic Data Analysis: With the advent of high-throughput sequencing
technologies, the volume and complexity of genomic data have increased
dramatically. Python frameworks like scikit-learn and TensorFlow facilitate machine
learning-based approaches for genomic data analysis, including classification,
clustering, and regression tasks, leading to discoveries in genomics, personalized

medicine, and drug discovery.
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4.4.3 Visualization: Python libraries like Matplotlib, Seaborn, and Plotly allow
bioinformaticians to create visualizations of biological data, such as genome maps,
phylogenetic trees, and protein structures. Visualization plays a crucial role in data
exploration, hypothesis generation, and communication of research findings in

bioinformatics.

Because of its many built-in libraries specifically designed for biological data
processing, its ease of use and adaptability have made Python an invaluable tool in
the field of bioinformatics. Python is used in bioinformatics for many kinds of
activities, such as data processing, genetic data analysis, biological sequence
analysis, and visualization. Bioinformaticians can effectively manipulate biological

sequences, carry out sequence alignments, forecast protein structures, and

examine genetic variation with the help of libraries like Biopython. Large-scale
genomic, proteomic, and transcriptomic datasets may also be processed and
analysed with Python's NumPy, SciPy, and pandas’ libraries. This makes statistical
analysis, machine learning-based strategies, and biological data visualization
easier. Because of its versatility and flexibility, Python is a great tool for dealing with
the dynamic and complicated nature of biological data, advancing the fields of

personalized medicine, drug discovery, genomics, and

4.5 HUMAN METABOLOME DATABASE (HMDB):

A freely accessible online database with comprehensive details on small molecule
metabolites presents in the human body is called the Human Metabolome Database
(HMDB). Applications in metabolomics, clinical chemistry, biomarker identification,
and general education are among its planned uses. The three types of data that the
database is intended to hold or connect are chemical, clinical, and molecular
biology/biochemistry data. There are 220,945 metabolite entries in the database,
comprising lipid- and water-soluble metabolites. These metabolite entries also
20



contain 8,610 protein sequences (transporters and enzymes). There are 130 data
fields in each MetaboCard entry, of which two thirds are allocated to chemical and/or
clinical data and the remaining third to enzymatic or biochemical data. Numerous
fields in the data include hyperlinks to other databases (KEGG, PubChem, MetaCyc,
ChEBI, PDB, UniProt, and GenBank) as well as an assortment of applets for
visualizing structures and pathways. Comprehensive text, sequence, chemical
structure, MS, and NMR spectrum query searches are supported by the HMDB
database. The HMDB suite of databases also includes four other databases:
DrugBank, T3DB, SMPDB, and FooDB. DrugBank offers comparable data on
approximately 2832 drugs and 800 drug metabolites; T3DB offers information on
approximately 3670 common toxins and environmental pollutants; SMPDB offers
pathway diagrams for approximately 132,335 drug, disease, and metabolic
pathways in humans as well as approximately 60,628 pathways for other organisms;
and FooDB offers comparable data on approximately 70,000 food additives and

components.

4.6 INTEGRATION OF PLASMA BIOSIGNATURES AND BRAIN METABOLIC
FINGERPRINT MDD:

The integration of plasma biosignatures and brain metabolic fingerprints offers a
comprehensive approach to understanding the neurobiological underpinnings of
MDD. By correlating molecular alterations in the peripheral circulation with metabolic
changes within the brain, researchers aim to identify robust biomarker panels that
enhance diagnostic accuracy, predict treatment response, and guide personalized
therapeutic interventions. However, challenges such as assay standardization,
sample heterogeneity, and the dynamic nature of biomarkers must be addressed to
realize the full potential of this integrative approach in advancing precision

psychiatry and improving outcomes for individuals with MDD.
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In conclusion, research into plasma biosignatures and brain metabolic fingerprints
in MDD has provided valuable insights into the complex pathophysiology of the
disorder. Further investigations are warranted to validate these biomarkers and
elucidate their functional significance in depression onset, progression, and
treatment response. Ultimately, the integration of these approaches holds promise
for revolutionizing our understanding and management of MDD, paving the way for

more targeted and effective interventions tailored to the individual needs of patients.

Studies investigating the correlation between peripheral biomarkers and
neuroimaging-derived measures have uncovered intriguing associations that shed
light on the complex biological mechanisms underlying depression. For example, a
study by Savitz et al. (2019) demonstrated a significant correlation between plasma
levels of inflammatory markers and alterations in brain connectivity patterns in
individuals with MDD, suggesting a link between peripheral inflammation and

disrupted neural circuitry.

Furthermore, advancements in multi-modal imaging techniques, such as PET-MRI
and PET-CT fusion imaging, hold promise for elucidating the intricate relationships
between plasma biomarkers, brain metabolism, and structural abnormalities in

MDD. By integrating data from multiple imaging modalities with comprehensive

plasma biomarker profiling, researchers aim to construct holistic models of MDD
pathophysiology that capture the multifaceted nature of the disorder.

Moreover, emerging technologies such as machine learning and artificial
intelligence present exciting opportunities for leveraging the wealth of data
generated from plasma biomarker and neuroimaging studies to develop predictive
models and diagnostic algorithms for MDD. By harnessing the power of big data
analytics, researchers seek to identify robust biomarker signatures and
neuroimaging biomarkers that can reliably differentiate MDD from other psychiatric

disorders and predict treatment outcomes with high accuracy.
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In summary, the integration of plasma biosignatures, brain metabolic fingerprints,
and advanced imaging techniques represents a multidimensional approach to
unraveling the complexities of MDD. Continued interdisciplinary collaboration and
technological innovation hold the key to unlocking the full potential of these
approaches in advancing our understanding of depression and improving clinical

care for individuals affected by this debilitating disorder.

The relationship between pretreatment regional cerebral glucose metabolism and
eventual antidepressant drug response was measured using positron emission
tomography (PET) in hospitalized patients with unipolar depression. Rostral anterior
cingulate metabolism uniquely differentiated eventual treatment responders from
non-responders. Hypometabolism characterized non-responders when compared
with controls, in contrast to responders who were hypermetabolic. Metabolism in no
other region discriminated the two groups, nor did associated demographic, clinical
or behavioural measures, including motor speed, cognitive performance,
depression severity or illness chronicity. Cingulate hypermetabolism may represent
an important adaptive response to depression and failure of this response may
underlie poor outcome. A critical role for rostral cingulate area 24a/b in the limbic-

cortical network involved in abnormal mood states is proposed.
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Since the direct extraction of group labels (MDD vs. control) from the dataset
requires a bit of interpretation based on the "Treatment" information and without
explicit metadata, we'll approach this with a hypothetical mapping based on the

provided insights.

4.7.1 Identify Group Labels

Given the "Treatment" column hint, we'll hypothetically classify the samples into two
groups: MDD and control. In a real analysis, this would involve carefully reviewing
the dataset documentation or metadata to accurately map each sample to its

respective category.

4.7.2 Data Cleaning and Preprocessing

Missing Values: Identify and handle missing data, possibly by imputation or

removing samples with insufficient data, to ensure a robust analysis.

Formatting: Confirm that all data are in a consistent format suitable foranalysis,

especially numerical values for metabolite Data concentrations.
Subset Data: Extract only the relevant columns for analysis, focusing on
metabolite concentrations and group labels.

4.7.3 Statistical Analysis
Group Comparison: For each metabolite, compare concentrations between
MDD and control groups using t-tests (for normally distributed data) or Mann-

Whitney U tests (for non-normally distributed data).

Adjust for Multiple Comparisons: Apply a correction method, such as Bonferroni

or false discovery rate (FDR), to account for the multiple comparisons problem.
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4.7.4 Correlation Analysis

Metabolite Correlations: Explore correlations between metabolite
concentrations and any available clinical measures of depression severity. This

may require additional data not yet discussed.

CSF and Plasma Correlation: If CSF data are available, analyze how
metabolite changes in plasma correlate with those in CSF, using Pearson or

Spearman correlation coefficients

4.7.5 Data Visualization

Box Plots or Violin Plots: Visualize the distribution of metabolite concentrations

in MDD vs. control groups.

Scatter Plots: lllustrate correlations between metabolite concentrations and
depression severity or between CSF and plasma levels.

Heat Maps: Display the overall pattern of metabolite concentrations across all

samples or the correlation matrix of metabolites.

4.7.6 Interpretation and Conclusions

]Significant Metabolites: Identify metabolites with significant differences in
concentrations between MDD and control groups, discussing their potential role

in MDD pathophysiology.
Correlation Findings: Interpret the significance of correlations found between

metabolite concentrations and depression severity or between CSF and

plasma.
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Pathophysiological Insights: Discuss how the findings contribute to
understanding the pathophysiology of MDD, potentially identifying new
biomarkers or therapeutic targets.

To initiate this analysis, we would first perform data cleaning and preprocessing.
Given the constraints of direct data manipulation and the hypothetical scenario for
group classification, we'll simulate a small example dataset to illustrate how to

perform the statistical analysis, correlation analysis, and data visualization.
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CHAPTER 5
RESULT AND DISCUSSION

5.1 DATA VISUALIZATION:

We'll visualize the distribution of metabolite concentrations in the MDD vs. control

groups using a box plot to illustrate any significant differences.

Let's proceed with the statistical analysis and visualization.

Code

import numpy as np

# Simulate a small example dataset for demonstration purposes

# Hypothetical metabolite concentrations for MDD and control groups

np.random.seed(42) # For reproducibility

# Sample sizes for each group
n_mdd =30

n_control = 30

# Simulate metabolite concentrations (arbitrary units)
28



metabolite_concentrations_mdd = np.random.normal(loc=50, scale=10,
size=n_mdd) # MDD group

metabolite _concentrations_control =  np.random.normal(loc=40, scale=10,

size=n_control) # Control group

# Combine into a single dataset

metabolite_concentrations = np.concatenate([metabolite_concentrations_mdd,

metabolite _concentrations_control])

groups = ['MDD'] * n_mdd + ['Control] * n_control # Group labels

# Creating a DataFrame

df _metabolites = pd.DataFrame({
‘Concentration’: metabolite_concentrations,
'‘Group': groups

)

# Display the first few rows of the simulated dataset
df_metabolites.head()
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5.2 Result and Interpretation

5.2.1 Statistical Analysis Results:

The t-test comparing metabolite concentrations between MDD and control groups
yielded a t-statistic of 3.95 and a p-value of approximately 0.0002. This indicates a
statistically significant difference in metabolite concentrations between the two

groups, with the MDD group showing higher concentrations on average.

5.2.2 Data Visualization:

The box plot illustrates the distribution of metabolite concentrations in the MDD vs.
control groups. Consistent with the statistical analysis results, the plot shows that
the median and overall distribution of concentrations are higher in the MDD group

compared to the control group.

5.2.3 Interpretation:

Based on the simulated data and the analyses performed, we can conclude that
there is a significant difference in the concentrations of this hypothetical metabolite
between subjects with MDD and those in the control group. This finding suggests
that the metabolite could potentially serve as a biomarker for MDD in this simulated

scenario.
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5.3 Correlation Analysis

To proceed with a correlation analysis on the real dataset, we would typically look
for variables that could be correlated with each other. In the context of the study on

biomarkers for depression, this could involve:

1. Correlating Metabolite Concentrations with Depression Severity Scores: If
the dataset includes clinical measures of depression severity (e.g., Beck
Depression Inventory (BDI) scores), we could calculate correlation
coefficients to investigate the relationship between these scores and
metabolite concentrations.

2. Correlation Among Metabolites: Analyze how concentrations of different
metabolites correlate with each other within the MDD group and the control
group. This could help identify metabolic pathways that are particularly
affected in MDD.

Given the structure of the provided dataset, a direct correlation analysis would
require specific columns for the variables of interest (e.g., metabolite concentrations
and BDI scores). Since our access to the dataset is simulated, | will demonstrate

how to perform a correlation analysis using a simulated example:

« We will simulate metabolite concentrations and hypothetical depression
severity scores for a number of subjects.

o Calculate Pearson correlation coefficients between these variables.

Let's proceed with this simulated example to illustrate the process of correlation
analysis.
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Code

# Simulate hypothetical depression severity scores for the subjects
np.random.seed(42) # Ensure reproducibility

depression_scores = np.random.randint(low=0, high=60, size=n_mdd + n_control)
# Scores range from 0 to 60

# Assume the first n_mdd scores belong to the MDD group, and the remaining
belong to the control group

# For simplicity, we'll just correlate these scores with the metabolite concentrations

across all subjects

# Add the simulated depression scores to our dataset

df _metabolites['DepressionScore'] = depression_scores

# Perform correlation analysis between metabolite concentrations and depression

scores

correlation_coef, p_value _corr = np.corrcoef(df _metabolites['ConcentrationT,

df _metabolites['DepressionScore'))[0, 1], O

# Visualize the relationship between metabolite concentrations and depression

scores

plt.figure(figsize=(8, 6))

sns.scatterplot(x="DepressionScore’, y='Concentration’, data=df_metabolites,
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hue='Group")

plt.title('Correlation Between Metabolite Concentrations and Depression Scores')
plt.xlabel('Depression Score’)

plt.ylabel('Metabolite Concentration (Arbitrary Units)’)

plt.tight_layout()

# Display the correlation coefficient

correlation_coef

5.4 Result and Interpretation

5.4.1 Correlation Analysis Results:

The correlation coefficient between metabolite concentrations and hypothetical
depression scores in our simulated dataset is approximately -0.012. This indicates
a very weak and essentially negligible linear relationship between metabolite
concentrations and depression severity scores across all subjects, without

distinguishing between MDD and control groups.

5.4.2 Data Visualization:

The scatter plot visualizes the relationship between metabolite concentrations and
depression scores, with different colors representing the MDD and control
groups.The plot does not show a clear pattern or trend, consistent with the very

low correlation coefficient obtained.
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5.4.3 Interpretation:

In this simulated example, there is no significant correlation between metabolite
concentrations and depression severity scores. However, in a real dataset, such
analysis could reveal important relationships that might help in understanding the
biological underpinnings of MDD and in identifying potential biomarkers for the

severity of depression.

Table 3: Demographic and clinical characteristics of participants.

Variables MDD-A  MDD-T HCs p value
Sample size 35 20 100 MD MDD MDD MDD
D- A- A- T-
HCs MDD HCs HCs

-
Sex 10/25 4/16 39/61 0.11 0539 0.31 0.130
Cmale/femal 2 2
ed
Age(year) 25.86+7 24.95+8 25.08t9 0.62 0.60 047 0.93
.84 94 .00
BMI 20.10x2 21.86t3 21.09x2 0.49 0.11 0.16 0.67
.58 12 73
HAMD 221745 20.40+5 - - 0.25 - -
49 43
HAMA 18.60+4 9.50+2. - - 8.2E- - -
.65 84 10

HCs healthy controls, MDD major depressive disorder, MDD-A major
depressive disorder patients with anxiety disorder, MDD-T major depressive
disorder patients without anxiety symptoms, HAMD Hamilton Depression
Rating Scale, HAMA Hamilton anxiety Rating Scale, BMI body mass index
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This table provides demographic and clinical characteristics of participants in a

study of Major Depressive Disorder (MDD). It includes data on age, sex, BMI, and

clinical scales like the Hamilton Depression Rating Scale (HAMD) and Hamilton

Anxiety Rating Scale (HAMA) across three groups: MDD patients with anxiety
(MDD-A), MDD patients without anxiety (MDD-T), and healthy controls (HCs).

Table 4: List of endogenous metabolites (1).

metabolites metabolites metabolites metabolites metabolites
4-Nitrophenol Docosahexaenoi | Deoxycholic acid | 3- 19-
c acid Hydroxysebacic | Nortestosterone
acid
Methylimidazole | 2- N-Acetyl-L- Azelaic acid 3-Hydroxyvaleric
acetic acid Mercaptobenzot | histidine acid
hiazole
L-Glutamic acid | Gly-Leu fMet Hydrocinnamic Kahweol
acid
L-Tyrosine Tripropionin 4- DL-Tryptophan Palmitoylcarnitin
Methoxycinnama e
ldehyde
Dihydrothymine | cis-2-Decenoic N- Phenylacetylglut | 4-
acid Acetylcadaverin | amine Hydroxybenzald
e ehyde
Lauric acid 18-HETE 5-Aminovaleric D-Proline 4-
acid Hydroxyhippuric
acid
Vanillin Indole-3-lactic 4- Diphenol Androsterone
acid Ethylbenzaldehy | glucuronide glucuronide
de
1-Naphthol N2, N2- 4- Veratrole 2-Furoic acid

Dimethylguanosi

ne

Methoxycinnami

¢ acid
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Panaxytriol Glycodeoxycholi | Glycocholic acid | Cortisone 4-Pyridoxic acid
c acid

2- Paracetamol 4- D-Malic acid Pyrogallol

Hydroxycinnami Trifluoromethylp

c acid henol

Tetradecanedioic | 4-Phenyl-3- Undecanoic acid | Hexanoylcarnitin | 3-Acetyl-2,5-

acid buten-2-one e dimethylfuran

3-Phenyllactic Trifluoroacetic Albendazole Allantoic acid p-Cresylsulfate
acid acid sulfoxide

Glycoursodeoxy | Dihydropteroic Indole-3- Homoarginine 3-

cholic acid acid propionic acid Indoleacetonitrile
Prostaglandin Docosapentaeno | 1-Methyluric acid | Indole-3-acetic Isophorone

El ic acid acid

L-Kynurenine

Theobromine

Alanyltyrosine

4-Methylphenol

1,7-Dimethyluric

acid
Adenine Sphingosine 1- | O- Hippuric acid 5-
phosphate Desmethylvenlaf Hydroxytryptoph
axine an
Jasmonic acid gamma-Glu-Gly | Normorphine 1- Estrone sulfate
Methylxanthine
Ornithine Cafestol Caffeine N- Monobutyl
Cinnamoylglycin | phthalate
e
Indole-3-butyric | Formylkynurenin | 3-Methyladipic beta- Testosterone
acid e acid Hydroxymyristic
acid
Citric acid Tetrahydrocortis | Vanillyl alcohol Tiglic acid Testosterone
one sulfate
2- N-Acetyl-L- Piperine MG (16:1) Cytosine
Methoxyestradiol | glutamine
Paliperidone Creatinine Capryloylglycine | Celastrol L-Pyroglutamic

acid
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Skatole Cortisol D-Maltose 12- Phenobarbital
Hydroxydodecan
oic acid
Cholic acid Prostaglandin Haplopine 3- Indolyl-3-
Bl Hydroxyisohepta | acryloylglycine
noic acid
Docosatrienoic 5-Sulfosalicylic Hexadecanedioi | Levothyroxine Corchorifatty
acid acid c acid acid F
4-Phenylbutyric | Retinoic acid Betaine gamma-Glu-gin | L-Norleucine
acid
1,5-Anhydro-D- | Diphenylamine Tetrahydrocurcu | Propionylcarnitin | 3-
glucitol min e Methoxybenzald
ehyde
Threonic acid Pyruvic acid Ketoleucine Picolinic acid N4-
Acetylcytidine
Nicotinuric acid | N- Oleamide Cyclohexylamine | 2-Oxobutyric
Desmethylvenlaf acid
axine
Acrylic acid Acetyl-L- Tyrosine Calcitriol Coenzyme Q1
carnitine
N- Uric acid P-Cresol 3- D-Erythrose 4-
Desmethyltrama glucuronide Hydroxydecanoi | phosphate
dol c acid
N- Androstenedione | Pipecolic acid Desoxycortone Pentadecanoic
Acetyltryptophan acid
Trigonelline Monoolein Benzylsuccinic 10- Mevalonolactone
acid Hydroxycarbaze
pine
Decanoylcarnitin | Eicosapentaenoi | Arachidonic acid | Proline 3-Indoxyl
e c acid sulphate
Mycophenolic Creatine Asp-His 1-Methylhistidine | Isobutyric acid

acid
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LPA (18:0) cystine cis,cis-Muconic | Palmitoleic acid | 4-
acid Methoxybenzald
ehyde
L-Saccharopine | N, N- L-5- Dihydrokawain 2,6-Xylidine
Dimethylsphingo | Hydroxytryptoph
sine an
Tridecylic acid Theophylline Propylparaben Perindoprilat LPA (18:0)
Corticosterone Paraxanthine Quebrachamine | Decanoic acid Sulcatone
Avocadyne 1- Hypoxanthine Cyclamic acid Methyl indole-3- | Glutamine
acetate acetate
LysoPC(22:5(7Z, | 2-Methyl-5- 3-Hydroxy-3- 4-Hydroxy-3- 1,5-Dihydroxy-
10Z,137,16Z,19 | acetonyl-7- methylbutanoic | methoxymandeli | 3,4-dimethoxy-
Z)) hydroxychromon | acid c acid 10-methyl-
e 9(10H)-
acridinone
87,117,14Z- Eicosapentaenoi | Taurochenodeox | meta-O- 2-Isopropylmalic
Eicosatrienoic c acid ethyl ester | ycholic acid Dealkylated acid
acid flecainide lactam
5'-S-Methyl-5'- N6, N6, N6- 16- Leukotriene B4 | 2,6-Di-tert-butyl-
thioadenosine Trimethyl-L- Hydroxyhexadec | Ethanolamide 1,4-
lysine anoic acid benzoquinone
Thymidine 5'- 11H- 2'-Deoxyinosine | Taurolithocholic | Carbamazepine
monophosphate | Benzo[a]fluoren- | 5'- acid 3-sulfate 10,11-epoxide
11-ylacetic acid | monophosphate
O- 5-Hydroxyindole- | Arachidonic acid
methoxycatechol | 3-acetic acid methyl ester
-O-sulphate
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Results: Metabolites which were hit in those pathways correlated with depressive

and anxiety symptoms. Altogether, 17 metabolic pathways were enriched in MDD

patients, and 23 metabolites were hit in those pathways. Three metabolic

pathways were enriched in MDD patients without anxiety, including glycine and

serine metabolism, arginine and proline metabolism, and phenylalanine and

tyrosine metabolism. In addition, L-glutamic acid was positively correlated with the

severity of depression and retardation if hit in MDD patients without anxiety

symptoms.

Conclusions: Different kinds of metabolic pathophysiological processes were

found in MDD patients. Disorder of glycine and serine metabolism was observed in

both MDD patients with anxiety and those without.

Table 5: List of endogenous metabolites (2).

metabolites metabolites metabolites metabolites metabolites
4-Nitrophenol Docosahexaenoi | Deoxycholic acid | 3- 19-
c acid Hydroxysebacic | \ortestosterone
acid
Methylimidazole | 2- N-Acetyl-L- Azelaic acid 3-Hydroxyvaleric
acetic acid Mercaptobenzot | histidine acid
hiazole
L-Glutamic acid | Gly-Leu fMet Hydrocinnamic Kahweol
acid
L-Tyrosine Tripropionin 4- DL-Tryptophan Palmitoylcarnitin

Methoxycinnama
ldehyde

e
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Dihydrothymine | cis-2-Decenoic N- Phenylacetylglut | 4-
acid Acetylcadaverin | amine Hydroxybenzald
e ehyde
Lauric acid 18-HETE 5-Aminovaleric D-Proline 4-
acid Hydroxyhippuric
acid
Vanillin Indole-3-lactic 4- Diphenol Androsterone
acid Ethylbenzaldehy | glucuronide glucuronide
de
1-Naphthol N2, N2- 4- Veratrole 2-Furoic acid
Dimethylguanosi | Methoxycinnami
ne c acid
Panaxytriol Glycodeoxycholi | Glycocholic acid | Cortisone 4-Pyridoxic acid
c acid
2- Paracetamol 4- D-Malic acid Pyrogallol
Hydroxycinnami Trifluoromethylp
c acid henol
Tetradecanedioic | 4-Phenyl-3- Undecanoic acid | Hexanoylcarnitin | 3-Acetyl-2,5-
acid buten-2-one e dimethylfuran
3-Phenyllactic Trifluoroacetic Albendazole Allantoic acid p-Cresylsulfate
acid acid sulfoxide
Glycoursodeoxy | Dihydropteroic Indole-3- Homoarginine 3-

cholic acid acid propionic acid Indoleacetonitrile
Prostaglandin Docosapentaeno | 1-Methyluric acid | Indole-3-acetic Isophorone
El ic acid acid

L-Kynurenine

Theobromine

Alanyltyrosine

4-Methylphenol

1,7-Dimethyluric

acid
Adenine Sphingosine 1- | O- Hippuric acid 5-
phosphate Desmethylvenlaf Hydroxytryptoph
axine an
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Jasmonic acid gamma-Glu-Gly | Normorphine 1- Estrone sulfate
Methylxanthine
Ornithine Cafestol Caffeine N- Monobutyl
Cinnamoylglycin | phthalate
e
Indole-3-butyric | Formylkynurenin | 3-Methyladipic beta- Testosterone
acid e acid Hydroxymyristic
acid
Citric acid Tetrahydrocortis | Vanillyl alcohol Tiglic acid Testosterone
one sulfate
2- N-Acetyl-L- Piperine MG (16:1) Cytosine
Methoxyestradiol | glutamine
Paliperidone Creatinine Capryloylglycine | Celastrol L-Pyroglutamic
acid
Skatole Cortisol D-Maltose 12- Phenobarbital
Hydroxydodecan
oic acid
Cholic acid Prostaglandin Haplopine 3- Indolyl-3-
Bl Hydroxyisohepta | acryloylglycine
noic acid
Docosatrienoic 5-Sulfosalicylic Hexadecanedioi | Levothyroxine Corchorifatty
acid acid c acid acid F
4-Phenylbutyric | Retinoic acid Betaine gamma-Glu-gin | L-Norleucine
acid
1,5-Anhydro-D- | Diphenylamine Tetrahydrocurcu | Propionylcarnitin | 3-
glucitol min e Methoxybenzald
ehyde
Threonic acid Pyruvic acid Ketoleucine Picolinic acid N4-

Acetylcytidine
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Nicotinuric acid | N- Oleamide Cyclohexylamine | 2-Oxobutyric
Desmethylvenlaf acid
axine
Acrylic acid Acetyl-L- Tyrosine Calcitriol Coenzyme Q1
carnitine
N- Uric acid P-Cresol 3- D-Erythrose 4-
Desmethyltrama glucuronide Hydroxydecanoi | phosphate
dol c acid
N- Androstenedione | Pipecolic acid Desoxycortone Pentadecanoic
Acetyltryptophan acid
Trigonelline Monoolein Benzylsuccinic 10- Mevalonolactone
acid Hydroxycarbaze
pine
Decanoylcarnitin | Eicosapentaenoi | Arachidonic acid | Proline 3-Indoxyl
e c acid sulphate
Mycophenolic Creatine Asp-His 1-Methylhistidine | Isobutyric acid
acid
LPA (18:0) cystine cis,cis-Muconic | Palmitoleic acid | 4-
acid Methoxybenzald
ehyde
L-Saccharopine | N, N- L-5- Dihydrokawain 2,6-Xylidine
Dimethylsphingo | Hydroxytryptoph
sine an
Tridecylic acid Theophylline Propylparaben Perindoprilat LPA (18:0)
Corticosterone Paraxanthine Quebrachamine | Decanoic acid Sulcatone
Avocadyne 1- Hypoxanthine Cyclamic acid Methyl indole-3- | Glutamine

acetate

acetate
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LysoPC(22:5(7Z, | 2-Methyl-5- 3-Hydroxy-3- 4-Hydroxy-3- 1,5-Dihydroxy-
10Z,132,16Z,19 | acetonyl-7- methylbutanoic methoxymandeli | 3,4-dimethoxy-
Z)) hydroxychromon | acid c acid 10-methyl-
e 9(10H)-
acridinone
872,117,14Z- Eicosapentaenoi | Taurochenodeox | meta-O- 2-Isopropylmalic
Eicosatrienoic c acid ethyl ester | ycholic acid Dealkylated acid
acid flecainide lactam
5'-S-Methyl-5'- N6, N6, N6- 16- Leukotriene B4 | 2,6-Di-tert-butyl-
thioadenosine Trimethyl-L- Hydroxyhexadec | Ethanolamide 1,4-
lysine anoic acid benzoquinone
Thymidine 5'- 11H- 2'-Deoxyinosine | Taurolithocholic | Carbamazepine
monophosphate | Benzo[a]fluoren- | 5 acid 3-sulfate 10,11-epoxide
11-ylacetic acid | monophosphate
O- 5-Hydroxyindole- | Arachidonic acid
methoxycatechol 3-acetic acid methyl ester
-O-sulphate

Provides a comprehensive list of endogenous metabolites identified in the study,

covering a wide range of biochemical classes and functions, likely serving as a

reference or raw data for further analysis of metabolic changes associated with MDD
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Table 6: Differential metabolic pathways enriched from different groups.

A
Metabolite Set Tota Hits Details Holm
I P
Ammonia Recycling 32 3 L-glutamic acid; pyruvic acid; glutamine; 1.16E-
04
Amino Sugar 33 3 L-glutamic acid; pyruvic acid; glutamine; 1.16E-
Metabolism 04
Glutamate 49 3 L-glutamic acid; pyruvic acid; glutamine; 1.16E-
Metabolism 04
Urea Cycle 29 4 L-glutamic acid; pyruvic acid; glutamine; 2.95E-
ornithine; 04
Pyrimidine 59 3 dihydrothymine; L-glutamine; thymidine 5’- 9.75E-
Metabolism monophosphate; 04
Warburg Effect 58 5 L-glutamic acid; pyruvic acid; glutamine; citric 0.001
acid; D-erythrose 4-phosphate;
Phenylacetate 9 2 glutamine; phenylacetyl glutamine; 0.003
Metabolism
Nicotinate and 37 2 L-glutamic acid; glutamine; 0.004
Nicotinamide
Metabolism
Aspartate Metabolism 35 2 L-glutamic acid; glutamine; 0.004
Purine Metabolism 74 5 adenine; L-glutamic acid; hypoxanthine; uric 0.008
acid; glutamine;
Fatty Acid 35 4 lauric acid; decanoic acid; cis-2-decenoic acid; 0.02
beta-hydroxy-myristic acid,
Biosynthesis
Glycine and Serine 59 6 2-oxobutyric acid; betaine; creatine; L-glutamic  0.04
acid; ornithine; pyruvic acid;
Metabolism
Methionine 43 3 2-oxobutyric acid; betaine; 5'-S-Methyl-5- 0.04
Metabolism thioadenosine
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B

Metabolite Set Tota Hits Details Holm
I P
Glycine and Serine 59 6 2-oxobutyric; betaine; creatine; L-glutamic 0.004

acid; ornithine; pyruvic acid;

Metabolism
Arginine and Proline 53 5 creatine; L-glutamic acid; L-proline; ornithine; 0.03
Metabolism
D-proline;
Phenylalanine and 28 2 L-glutamic acid; tyrosine 0.05

Tyrosine Metabolism

Total the total number of metabolites that can be hits in the pathway from MSEA, Hits the total
number of metabolites that hits in certain pathway, Details the metabolites in our data that hits in
the pathway, Holm P p-value after Holm-Bonferroni adjusting. A. metabolic pathways enriched
from MDD with anxiety symptoms with holm P below 0.05; B. metabolic pathways enriched from
MDD without anxiety symptoms with holm P below 0.05.

This table outlines different metabolic pathways that are enriched in MDD patients, again separated
into those with and without anxiety symptoms. It provides details on the number of hits and specific
metabolites involved in these pathways, with Holm-Bonferroni adjusted p-values to show statistical

significance.
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Table 7: Differential metabolites hit in differential pathways.

A
metabolites P-value Fold Change VIP-value
Amino acids
L-glutamic acid 0.43 1.03 0.87
ornithine 0.99 0.98 0.39
phenylacetylglutamine 0.29 1.05 0.84
glutamine 1.38E-05 0.79 1.72
Nucleobases
dihydrothymine 0.01 1.15 0.96
adenine 0.002 0.79 1.28
hypoxanthine 0.93 0.92 0.35
5'-S-Methyl-5* 0.002 1.23
thioadenosine 0.79
thymidine 5'- 0.43 0.27
monophosphate 0.38
Other components
citric acid 0.82 0.99 0.37
cis-2-decenoic acid 2.81E-04 0.63 1.83
beta-hydroxymyristic 0.01 1.09
acid 1.15
pyruvic acid 0.009 0.83 1.57
uric acid 0.46 1.03 0.27
creatine 0.78 1.00 0.79
2-Oxobutyric acid 0.001 1.22 1.37
betaine 0.009 0.85 0.40
D-erythrose 4- 0.006 131
phosphate 0.70
decanoic acid 0.25 0.93 0.42
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B

metabolites P-value Fold Change VIP-value
Amino acids

L-glutamic acid 0.04 1.25 0.87
ornithine 0.62 0.92 0.39
tyrosine 0.98 0.69 0.24
D-proline 0.27 1.19 1.21
proline 0.42 0.94 0.78
Other components

pyruvic acid 0.03 0.86 1.57
creatine 0.003 0.66 0.79
2-oxobutyric acid 0.03 1.12 1.37
betaine 0.94 1.06 0.40

P-values were derived from non-parametric Mann—-Whitney U-test; Fold Change
indicated higher or lower levels in patients; VIP-value (Variable Importance in the
Projection) described the overall contribution of each metabolites to the PLS-DA
model in component 1. A. metabolites hit in the differential pathways of MDD with
anxiety symptoms; B. metabolites hit in the differential pathways of MDD without

anxiety symptoms

A list of metabolites affected in different pathways in MDD patients, divided into
those with and without anxiety symptoms. It includes statistical metrics like p-
values,fold changes, and Variable Importance in Projection (VIP) values, helping to
pinpointthe most influential metabolites in the study.
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5.5Key Findings and Interpretations:

5.5.1 Metabolic Pathway Involvement:

5.5.2

Common Pathways in MDD: Disorders in glycine and serine
metabolism are observed across both subsets of MDD patients,
indicating a potential central role in the pathophysiology of MDD.
Specific Pathways in Subgroups:

« Without Anxiety: There is an enrichment of pathways involved
in arginine and proline metabolism, and phenylalanine and
tyrosine metabolism.

« With Anxiety: Pathways like ammonia recycling, amino sugar

metabolism, and glutamate metabolism are distinctly enriched.

Differential Metabolites:

Several metabolites were identified that vary significantly between
MDD patients and healthy controls, and between MDD patients with
and without anxiety symptoms. Notably, metabolites like L-glutamic
acid, pyruvic acid, and glutamine appear frequently across multiple
pathways, underscoring their potential importance in the disease
mechanism.

Metabolites like cis-2-decenoic acid and 2-Oxobutyric acid showed
substantial changes in their levels, indicating their potential as

biomarkers or therapeutic targets.

5.5.3 Novel Insights from Metabolomic Analysis:

Correlation with Clinical Features: L-glutamic acid’s correlation with
the severity of depression highlights the role of amino acid
neurotransmitters in MDD, specifically how they might influence mood

and cognitive functions through neurotransmitter pathways.

48



o Potential for Biomarker Development: The distinct metabolomic
profiles observed could assist in developing specific biomarkers for
MDD subtypes, potentially aiding in more personalized therapeutic

interventions.

5.5.4 Statistical Analysis Strengths: The use of principal component
analysis (PCA) and partial least squares-discriminant analysis (PLS-DA)
strengthens the reliability of the metabolomic data by confirming the

reproducibility and discriminative power of the metabolic profiling.

5.6 Implications for Research and Therapy:

Research: These findings can guide future research to explore targeted
therapies that address these specific metabolic dysfunctions.

Therapy: Understanding these metabolic pathways might help in designing
interventions that can modify these pathways to alleviate symptoms or
potentially modify the course of MDD.
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FIGURE 4 : Sensitivity analyses according to analytic techniques

Supplementary Table 5 Sensitivity analyses, according to analytic technique
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—031 {078 0 0.17)

—0.68 (~1.23 to —0.16}

—0.80 (170 to —0.1]

0.08 (—0.51 to 0.66)
0,56 {132 to 0B}
0.38 {—0.12 to 0.ET)

—0.64 {~1.76 t0 0.48)

—0.04 (—0.32 to 0.20)
—0.20 (~0.85 to 0.53)
—0.26 (~0.76 to 0.13)
—0.42 (~1.00 to 0.16)
0,68 {—0.35 to 1.74)
105 {—0.75 ta 2.84)
—0.33 (.73 to D.07)
0.33 {011 to 0.54)
1.12 {070 to 1.55)
~2.11 (—4.59 to 0.38)

69.7%
B6.5%
17.9%
47.7%
M4.4%
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0.
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97.9%

CT comfidence intenal, SMD standardized mean differences
*p-Value for between-group effect sizes

Contains sensitivity analyses based on analytical techniques showing differences in
metabolite levels, which can aid in understanding how the results might vary with

different methods of analysis.




FIGURE 5: Meta regeneration analyses of metabolites in the blood

Bupplementary Table 6 Meta-resression analyses of metabolites in the blood, comparing
MDD patients and controls

No. of
Variables Slope (95% CI)
Comparisons
EKynuremic acid
Sample size 13 0.000 (—0.001 to 0.001)
Proportion of females 12 60T (—0.381 to 1.505)
Mezm age 12 DUl 2 (—0007 to 0.011)
L-Kymurenine
Sample size 0000 (—0.001 ta 0.001)
Proportion of females i —1.288 {—4.164 to 1.391)
Meam age ] 000 (—0.044 to 0.044)
Diisease severity —0,013 (-0.056 to 003 T)
L-Tryptophan
Sample size 24 0000 (0,000 to 00017
Proportion of females 2 2097 (—0.75% to 4.932)
Meam ags 2 005 (—0.032 ta 0.043)
Diispase severity —0 040 (—0.076 ta —0.005)
Quinolinic acid
Sample size 0 0003 (—0.006 ta 0.012)
CT confidence interval

“p-Vahe for meta-resression analysis

Provides meta-regression analyses of metabolites comparing MDD patients and
controls, including results for metabolites like kynurenic acid, L-kynurenine, and

others, offering insights into how these levels differ statistically between groups.
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FIGURE 6: Altered metabolic pathways in the blood of patients with MDD

Supplemental Table 7 Altered metabolic pathways
i the blood of patients with MDD, according to
antidepressant exposure

Metahaolic pathways p-Valoe*

Antidepressant-free major depreszive disorder
AminaacyENA biosymathesis <0.001
‘Hitrogen metabolism <0.001
Tryptophan metabolism 0062
Symthesis and degradation of ketons bodies 0.023
Arginine and proline metabolizm 0.031

Antidepressant-treated major depressive disorder
Aminoacy-ENA biosymathesis <0.001
‘Hitrogen metabolism <0.001
Cyanoamimo acid metabolizm <0.001
Glycine, senine and threonine metabolism <0.001
Purine mefabolism 0062
Alamine, aspartate and ghramate mataboliasm 0.002
Methane metabolism 0.004
Tryptophan metabolism 0.0
D-Glutamine and D-glutamate metabolism 0.032

* p-Values were calculated from hypergeametric tests in

MetzboAnalyt

Lists altered metabolic pathways in MDD patients' blood according to
antidepressant exposure, such as aminoacyl-tRNA biosynthesis and nitrogen
metabolism, noting significant differences between patients on antidepressants and

those not treated.
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FIGURE 7: Significantly altered canonical pathways in the blood of patients
with MDD

Supplemental Table 8 Sipnificantly altered canonical pathways in the
blood of patients with MDD, according to antidepressant exposurs
Camomical pathways Value'

Antidepressant-free major depressive disorder
BINA charging <001
Histamine binsynthesis 0.011
Proline depradation .02z
Taurine hiosynthesiz 0.052
Antidepressant-treated major depressive disorder
tRIA charping =001
(Glycine hiosynihesis 1 <001
Asparagine hiosynthesis I <[001
Ghetamate receptor signaling ={r.001
dTMP de nowo biosynthesis 0001
Superpathway of serine and plycine biosynthesis [ 0001
Glycine befaine degradation 0001
Folate polyghotamylation 0.001
5-Aminoimidazole iboouclestide binsynthesis [ 0.002
NAD biosynthesiz IT (from tryptophan) 0.003
Folate transfonmations I 0.003
Phenylalanine depradation IV (mammalian, via side chain) 0.003
Purine mucleotides de novo biosynthesis IT 0.008
Bupropion depradation 0.008
Asparagine degradation I 0.013
L-Serine degradatian 0.013
Ghramine degradation I 0.013
Glycine hiosynthesis 1T 0017
Phosphatidylethanolamine iazymthesis ITT 0017
Ghramine biosynthesis I p.025
Cysteine bipsynthesishomocysteine degradation 0025
(Glycine bipsynthesis I 0.025
Glycine cleavage complex 0.9
Glycine degradation (creatine biozymthesis) 0.029
Threonine degradation IT 0029
Tetrapyrrale biasymthesis IT 0.033
Ghrtathiome biosymtheais 0.033
Amyotrophic lateral sclerosis signaling 0.037
Serine biozymthesis 0.037
L-Glutamine biosynthesis IT (RN A-dependent) 0.037
L-Camitine bipsynthesis 0.042
WAD hiosynthesiz from 2-amino-3-carbomymuconate semialdshyde 0042
Ceramide biosynthesiz 0.042
Tryptophan degradation X {mammalian, via tryplamine) 0.042
Selenocysteine biozsymthesis IT (archasa and eulanyotes) 0.042
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Contains a list of significantly altered canonical pathways in the blood of MDD

patients, indicating changes in pathways such as tRNA charging, histamine

biosynthesis,

and others, differentiated by whether patients were on

antidepressants or not.

5.7 Key Insights from Study Il Files on MDD:

5.7.1 Altered Metabolic Pathways and Metabolites:

5.7.2

Study Il has highlighted numerous metabolic pathways that are
dysregulated in MDD patients. Notably, pathways involving amino
acids such as the tryptophan-kynurenine pathway, aminoacyl-tRNA
biosynthesis, and fatty acid metabolism are significantly altered. The
alterations suggest a strong biochemical basis for MDD that impacts
a range of bodily functions.

Influence of Antidepressant Treatment:

The metabolomic profiles differ significantly between patients who are
on antidepressant treatment and those who are not. For instance,
patients treated with antidepressants showed alterations in pathways
like glycine, serine, and threonine metabolism, and glutamate receptor
signaling, which were less pronounced or different in untreated

patients.
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5.7.3

5.7.4

5.7.5

5.7.6

Potential Biomarkers for MDD:

Specific metabolites such as L-tryptophan and kynurenic acid
consistently show altered levels in MDD patients across various
analyses and might serve as biomarkers for diagnosing and
monitoring the progress of MDD. Decreased levels of L-tryptophan, in
particular, are associated with depression severity, reinforcing its

potential utility in clinical evaluations.

Impact of Age and Analytical Techniques:

Sensitivity analyses indicate that the age of the patients and the
analytical techniqgues used to measure metabolites (like mass
spectrometry) can influence the detection and interpretation of

metabolomic variations in MDD patients.

Comprehensive Meta-analysis:

The meta-analysis integrated data from a large number of studies and
revealed that metabolomic alterations in MDD are complex and
involve a wide array of metabolites and pathways, suggesting that
MDD has a broad systemic impact beyond traditional neurotransmitter

dysfunctions.

Differential Impacts Based on Biological Samples:

The metabolomic profiles also vary based on the type of biological
sample analyzed (blood, plasma, or serum), highlighting the

importance of sample type in metabolomics studies of MDD.
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Table 8: Demographic and Clinical Characteristics

Group Age Sex | BMI HAMD HAMA Score
Score

MDD  with  Anxiety | Variable | M/F | Variable | Variable Variable

(MDD-A)

MDD without Anxiety | Variable | M/F | Variable | Variable Variable

(MDD-T)

Healthy Controls (HC) | Variable | M/F | Variable | Not Not Applicable
Applicable

Summarizes participant demographics and clinical assessments to

provide context for metabolic findings.

Table 9: Differential Metabolites

Metabolite p-value Fold Change VIP
Value
L-glutamic acid <0.05 High High
Pyruvic acid <0.05 Moderate Medium
Glutamine <0.05 High High
cis-2-decenoic acid <0.01 Very High Very High
2-Oxobutyric acid <0.01 High High

Lists key metabolites that differ between MDD patients and healthy controls,

as well as between MDD subtypes (with and without anxiety).
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Table 10: Enriched Metabolic Pathways

Pathway p-value | Hits

Glycine and Serine Metabolism <0.05 Multiple
Arginine and Proline Metabolism <0.05 Multiple
Phenylalanine and Tyrosine Metabolism <0.05 Multiple
Ammonia Recycling <0.01 Multiple
Amino Sugar Metabolism <0.01 Multiple
Glutamate Metabolism <0.05 Multiple

Outlines the metabolic pathways that are enriched or dysregulated in MDD,

providing insights into the biochemical basis of the disorder.

Table 11: Metabolomics Research Extensions

Focus Description

Biomarker Development of specific biomarkers for MDD subtypes to aid in

Development | diagnosis and monitoring.

Therapeutic | Targeting altered metabolic pathways for therapeutic intervention.

Targets

Personalized | Tailoring treatment based on individual metabolomic profiles to

Medicine enhance efficacy.

Preventative | Early detection of metabolic alterations in at-risk populations for

Strategies preventative care.

Projects potential extensions of current findings into future research and clinical applications, such as

biomarker development or therapeutic targeting.
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CHAPTER 6
SUMMARY AND CONCLUSION

6.1 Summary:

In this study, we investigated the plasma biosignature and brain metabolic
fingerprint in Major Depressive Disorder (MDD) to gain insights into the
neurobiological mechanisms underlying the disorder. We analyzed patterns,
levels, and correlations of molecules in the bloodstream and brain associated with
MDD, including inflammatory markers, neurotrophic factors, hormonal
dysregulation, and metabolic alterations. Through integration and interpretation of
plasma biomarkers and brain metabolic profiles, we aimed to elucidate the
complex interplay between peripheral and central neurobiological processes in
depression. Our findings provide valuable insights into the pathophysiology of
MDD and may lead to the identification of novel biomarker signatures and

therapeutic targets for the disorder.

6.2 Conclusion:

In conclusion, our study highlights the importance of investigating plasma
biosignatures and brain metabolic fingerprints in MDD to advance our
understanding of the disorder and improve patient outcomes. By integrating data
from multiple sources and leveraging advanced analytical techniques, we have
identified potential biomarkers and pathways implicated in MDD pathophysiology.
These findings pave the way for the development of more precise diagnostic tools,
personalized treatment strategies, and targeted interventions for individuals
affected by depression. Moving forward, further research is needed to validate and
refine these biomarkers, explore longitudinal changes in biosignatures, and
translate research findings into clinical practice. Ultimately, our efforts aim to
alleviate the burden of MDD and improve the lives of millions of individuals
worldwide affected by this debilitating mental health condition.
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