
 

 

저 시-비 리- 경 지 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

비 리. 하는  저 물  리 목적  할 수 없습니다. 

경 지. 하는  저 물  개 , 형 또는 가공할 수 없습니다. 

http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/














i

Abstract
Eun Young Kim

Medical Science (Psychiatry)

The Graduate School

Seoul National University

Introduction: Major depressive disorder (MDD) is a systemic and

multifactorial disorder involving complex interactions between genetic

predisposition and disturbances of various molecular pathways. Its underlying

molecular pathophysiology remains unclear, and no valid and objective

diagnostic tools for the condition are available. This study performed a

quantitative proteomic analysis using serum samples and heart rate variability

(HRV) analysis for the identification of novel peripheral markers for

depression. Additionally, we attempted to improve classification accuracy by

combining proteomic and HRV markers using machine learning methods.

Methods: The study subjects consisted of 25 drug-free female MDD patients

and 25 age- and sex- matched healthy controls. First, quantitative serum

proteome profiles were obtained and analyzed by liquid chromatography-

tandem mass spectrometry using serum samples from 10 MDD patients and

10 healthy controls. Next, candidate biomarker sets were verified using

multiple-reaction monitoring in 25 patients and 25 healthy controls. The panel

of potential protein biomarkers was selected using logistic regression with

lasso regularization. We also analyzed 22 linear and nonlinear HRV

parameters and selected important features for discriminating patients with

MDD from healthy controls using a support vector machine with recursive

feature eliminations. Finally, we identified combined biomarker panels

consisting of proteins and HRV indexes with maximum classification
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accuracy.

Results: Among several linear and nonlinear HRV parameters, seven indexes,

including RMSSD, SDNN, pNN10, LF, ApEn, SampEn, and CSE20, were

able to classify patients with MDD versus normal controls with 64%

diagnostic accuracy. The proteomic analysis identified a serum biomarker

panel consisting of six proteins, including apolipoprotein D, apolipoprotein B,

group-specific component, ceruloplasmin, hormerin, and profilin1, with 67%

classification accuracy. In the combined classification analysis, a separation

between MDD and normal controls could be achieved using five parameters,

apolipoprotein D, group-specific component, ceruloplasmin, RMSSD, and

SampEn, with 80% classification accuracy.

Conclusions: In this study, we were able to find peripheral biomarker

candidates that changed quantitatively in patients with MDD. The HRV

analysis identified several classifiers that were associated with sympathetic

dominance and reduced complexity of heart rate dynamics. The proteomic

analysis revealed altered serum proteins that were related to the modulation of

the immune and inflammatory systems, oxidative system, and lipid

metabolism in MDD. Better classification accuracy can be achieved by

combining HRV and proteomic data compared with using either alone.

Further studies using larger, independent cohorts are needed to verify the role

of these candidate biomarkers for the diagnosis of MDD.

______________________________________________________________
Keywords: Major depressive disorder, Proteomics, Heart rate variability,

Biomarker, Machine learning

Student Number: 2011-30541
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1. Introduction

Major depressive disorder (MDD) is a serious brain disorder characterized by

symptoms including low mood, low self-esteem, inappropriate guilt, thoughts

of death and suicide, diminished concentration, loss of interest or pleasure in

normally enjoyable activities, and disturbance of sleep and appetite. The

prevalence has typically been cited as being approximately 10% of the

population worldwide with a lifetime prevalence of 17% (1). Prospective

studies of MDD have described frequent relapses and chronicity of major

depressive episodes during the course of MDD; 20% of patients with at least 2

years follow-up were never free of depressive symptoms for even 1 week (2).

Furthermore, the lifetime risk among patients with depressive disorders for

suicide attempts is estimated to be 8 17% (3-7) and the lifetime risk of

completed suicide is approximately 4 15% for patients with depressive

disorders (8-10). The effects of MDD are wide-ranging, including a negative

impact on families, work, and relationships, and have been associated with

debilitating co-morbidities such as general ill health and substance abuse. A

recent analysis of the Global Burden of Disease Study 2010 indicated that

depressive disorder was the second-leading cause of global disability (11) and

accounted for 40% of all disabilities caused by mental and substance use

disorders (12). By 2030, unipolar depressive disorder is predicted to be the

leading cause of lost disability adjusted life years (DALYs) in high-income

countries (13). Furthermore, MDD is a risk factor for non-compliance with

medical treatment (14). Increased symptom burdens of depressive disorders

are aggravated by a lack of accurate diagnostic tools, which cause long delays
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between the onset of symptoms and clinical intervention, and result in a more

severe illness that is consequently more difficult to treat. This most likely due

to current practices where diagnosis and treatment of psychiatric diseases are

dependent on the outcome of psychiatric interviews based on clusters of

symptoms and other clinical features. In this regard, the development of

biomarkers for diagnosis and classification of MDD subtypes are a necessary

step in the development of sensitive, specific, and reliable diagnostic tests.

However, diagnostic tests based on biomarkers for MDD studied to date

appear to have limitations in terms of diagnostic accuracy (15). The

development of biomarkers for MDD is complicated by the fact that the

diagnostic procedures for depression are themselves phenomenological in

nature and difficult to quantify. Moreover, depression is a polygenic, systemic,

and multifactorial disorder involving complex interactions between genetic

predisposition (16), and the disturbance of key molecular pathways, including

neurotransmitter systems, synaptic plasticity, and neuroendocrinological

systems (17), along with the impact of environmental factors such as stressful

life events (18). Multiple biological processes are known to be involved in the

pathophysiology of MDD, including deficiencies in monoamine transmitters

and their metabolites, a reduction in the production of neurotrophins, mainly

brain-derived neurotrophic factor (BDNF) (19, 20), and altered neuronal

synaptic plasticity (20). Recently, several studies have suggested that chronic

systemic inflammation (i.e., increased pro-inflammatory cytokines) (21)

involving oxidative stress and neuroinflammation (22) as a key mechanism in

depression. There are also robust findings of altered endocrine factors (e.g.,

hypothalamic-pituitary-adrenal [HPA], thyroid, sex steroids) and metabolic
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dysregulation (e.g., insulin resistance) in depression (23). In addition to

biochemical factors, sleeping and waking electroencephalography (EEG)

architecture (24), several specific structural and functional neuroimaging

patterns (25) as well as genetic factors, such as common variants of the

promoter of the serotonin transporter (26) have been studied as biological

markers of depression. Although a large number of biomarkers for MDD have

been suggested, a clinically applicable test has not yet been developed, as

each biomarker individually contributes a very modest proportion of the

variance in depression risk, and the tests are limited by a lack of sensitivity

and specificity (15).

Although most previous studies have been conducted using single

biochemical measures, several recent studies have developed composite

biomarker panels to increase the predictive power of these measures using an

aggregate score or predictive algorithm to diagnose and classify MDD

subtypes, as well as measure treatment responses (27). These approaches

could be advantageous in the development of biomarkers by profiling a

diverse array of peripheral/serum growth factors, cytokines, hormones, and

metabolic markers to provide coverage of multiple biological abnormalities

that contribute to the heterogeneity of MDD. Domenici et al. (2010)

performed multi-analyte profiling that allowed for the evaluation of up to 79

proteins, including a series of cytokines, chemokines, and neurotrophins

previously suggested to be involved in the pathophysiology of depression;

they identified several proteins with high discriminant power, such as insulin

and matrix metalloproteinase 9 (MMP-9) (28). Similarly, Papakostas et al.

(2013) presented a multi-assay, serum-based test by selecting nine serum-
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based markers from biochemical domains previously associated with MDD

(e.g., inflammation, neurotrophin, HPA axis, and metabolism) and combined

these mathematically into a single measure that yielded maximum overall

sensitivity and specificity (15). In that study, application of a test using an

MDD score involving nine molecules resulted in an overall sensitivity and

specificity of 91% and 81%, respectively, for MDD. However, these studies

were limited in discovering novel biomarkers because they used a restricted

number of candidate molecules from the known hypothetical pathophysiology

of depression.

On the other hand, the study of biomarkers and the implementation of

-

metabolomics, is considered to be powerful for discovering novel biomarker

molecules involved in the pathophysiology of disease. A key advantage to

these approaches is the analysis of potential biomarkers in an unbiased

manner without a required hypothesis to guide and restrict the study. These

global approaches may develop more robust and objective assessment criteria

in disease diagnosis (29, 30), improve understanding of the

etiology/pathology of disorders, and develop better observation of treatment

responses through biomarker profiles (31). These have been employed in a

wide variety of disorders, including cancer, cardiovascular disease (CVD),

and psychiatric illness (29, 32, 33). Although genomic and transcriptomic

approaches can provide information about genetic factors and a wide range of

gene products influencing depression pathophysiology, proteomics is required

to demonstrate functional abnormalities, given the heterogeneous

manifestation and multifactorial, complex nature of depression (34).
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Proteomics takes our understanding of the brain closer to a functional level,

and therefore, disease-determining endpoint. Taken together, proteomic

analysis enables the detection of protein biomarkers related to functional

abnormalities involved in the pathophysiology of MDD in an unbiased

manner without the need for a hypothesis to guide and/or restrict the analysis

(34).

Biomarker studies of psychiatric disorders including depression present

particular hurdles, such as the inherent difficulties in accessing relevant

biological materials, since the main pathophysiology appears to be in the brain.

Sampling of brain tissue or cerebrospinal fluid (CSF) would be the most

-

identify disease biomarkers. However, these samples are not practically

accessible in living humans due to the high costs and invasiveness of brain

biopsy and lumbar puncture.

Other options include structural and/or functional neuroimaging and EEG,

which can directly measure brain function, but there are limitations in

practical clinical use due to the high facility cost and time-consuming nature

of these modalities. Moreover, the heterogeneity of brain tissue may present

challenges, considering, for example, that decreases in synaptic proteins could

result from cell-specific mechanisms or a functional change, such as lack of

input to a particular brain region. On the other hand, peripheral blood samples

can be easily obtained with minimal invasiveness. Moreover, approximately

500 mL of CSF is absorbed into the blood every day (35) and blood-brain

barrier (BBB) hyperpermeability related to oxidative stress and

neuroinflammation has been reported in MDD (22, 36, 37), which implies that
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protein exchange may occur between the brain and the peripheral circulation.

Therefore, peripheral blood may be a promising source for identifying

depression-related biomarkers (38)

Although several proteomic tools have been applied to MDD, most prior

studies have used post-mortem brain tissue or animal models (29, 34). A few

proteomic studies exist that have used clinically accessible samples from

patients with MDD. Xu, et al. (2012) analyzed plasma samples from 21

depressed patients and 21 healthy controls using a quantitative proteomic

approach based on isobaric tags for relative and absolute quantitation (iTRAQ)

and multi-dimensional liquid chromatography-tandem mass spectrometry

(LC-MS/MS) (38). They found that the functions of the altered proteins are

primarily involved in lipid metabolism and immunoregulation, suggesting that

early perturbation of lipid metabolism and immunoregulation may be

involved in the pathophysiology of MDD. Another study by AlAwam et al.

(2012) performed serum protein and peptide profiling in 39 male patients and

30 male controls with ages ranging from 35 to 50 years using a Matrix-

assisted laser desorption/ionization mass spectrometry (MALDI-MS) (39).

Although they found no protein signals that differentiated the patients from

the controls, and principle component analysis of the entire peptide profile did

not allow for distinct clustering of the two groups, further analysis of

individual peptides identified three peptide signals whose intensities were

significantly different between the patients and the control subjects. However,

the serum proteome affected by MDD requires further investigation and the

results should be validated using advanced techniques. In addition,

multiparametric data analyses are necessary to account for the complexity of
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disease mechanisms in psychiatric disorders (40, 41).

In the context of polygenic diseases, a valid biomarker may turn out to be a

combination of different observations, possibly different methodologies,

rather than a single one. Convincing evidence indicates that depression affects

entire organ systems, including the endocrinological, immunological, and

autonomic nervous systems, through interactions between the brain and the

body (42). Previous research has provided a plethora of evidence for an

autonomic imbalance in patients suffering from MDD (43). In this regard,

heart rate variability (HRV) could be one plausible and complimentary

biomarker for depression. HRV is defined as the amount of fluctuation from

the mean heart rate in an electrocardiogram (ECG), and the beat-to-beat

variation in heart rate is dependent on the balance between sympathetic

activation mediated by cardiac noradrenergic receptors and tonic inhibition

mediated by cholinergic vagal input. As a reliable and sensitive measure to

quantify cardiac autonomic control, HRV has been applied as a research and

monitoring tool to assess various medical conditions. Because

parasympathetic vagal inputs enable biological systems to respond flexibly to

environmental changes, decreased HRV, which is characterized by

sympathetic dominance, indicates a maladaptive response to physical or

psychological demands in the environment (44). Reduced HRV is associated

with diverse cardiovascular and endocrine abnormalities, and increased risk of

the development of diabetes and metabolic syndrome in adults (45-50).

Abnormal values of several linear and non-linear HRV indexes are important

predictors of mortality in elderly people (51) as well as in diverse clinical

populations (52, 53). Impaired HRV is also related to psychiatric disorders.



8

Recent meta-analyses suggested that depression and anxiety disorders are

associated with reduced HRV and that HRV is inversely related to the severity

of depression (43, 54). The central autonomic network (CAN), a network

including the prefrontal cortex (PFC), cingulate, insula, amygdala, and

brainstem structures, has been suggested to be a key player in psychiatric

symptoms and reduced HRV. Depressive symptoms can be indicated by a

failure of inhibition in affective, cognitive, physiological, and behavioral

responses implicated in the CAN, which results in decreased vagal outflow

and reduced HRV (54). This implicates a possible use of HRV parameters as a

diagnostic marker of depressive symptoms in clinical populations. Although

the linear parameters of the time and frequency domains are currently used as

standard HRV measures, HRV is a high-dimensional dynamic system with

multiple time scales, as it is generated from complex interactions between

hemodynamic, electrophysiological, and humeral variables, as well as by

autonomic regulation via the CAN (55). It was also documented that different

components of HRV decline at different rates with age, indicating a shift in

the balance between sympathetic and parasympathetic components (56).

Previous studies suggest significant sex differences and age-sex interactions

(57, 58). For example, female subjects tended to have lower low-frequency

(LF) but higher high-frequency (HF) outputs than males, suggesting that men

were more sympathetic-dominant than women, although these sex differences

in some linear HRV measures weakened with age. These findings highlight

the need for age- and sex-stratified reference values of HRV.

In this study, serum samples from patients with MDD and healthy controls

were analyzed using a quantitative proteomic approach for the identification
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of novel peripheral markers for depression. In addition to molecular

biomarkers, this study investigated linear and nonlinear HRV parameters as

potential electrophysiological biomarkers for depression. Finally, we

attempted to improve the classification accuracy by combining proteomic and

HRV markers using a machine learning algorithm and to provide preliminary

data regarding combinational biomarkers.

2. Materials and methods

2.1. Study subjects

The study subjects consisted of 25 female MDD patients with current

major depressive episode, and 25 age- and sex-matched healthy controls from

Seoul National University Hospital. Patients who met the criteria for MDD

according to the Fourth Edition of the Diagnostic and Statistical Manual for

Mental Disorders, as diagnosed using the Mini International Neuropsychiatric

Interview, were considered for inclusion. MDD patients diagnosed with other

comorbid psychiatric diseases or who had taken psychotropic medications

(including anxiolytics, antidepressants, antipsychotic medications, and

anticonvulsants) during the past 8 weeks were excluded from the study.

Healthy controls had no current or past diagnosis of MDD and no family

history of any psychiatric disorder. None of the subjects were taking

medication that could affect variation in cardiac rhythm or alter the blood

levels of relevant factors (such as nonsteroidal anti-inflammatory agents and

steroids), and none had suffered from chronic or acute diseases, such as

cardiovascular disease, pulmonary disease, hypertension, endocrine

abnormalities, rheumatic diseases, or cerebrovascular disease. Subjects who
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were pregnant, nursing, or menstruating were also excluded.

The protocol was approved by the Ethics Committee of Seoul National

University Hospital, and this study was conducted in accordance with the

latest version of the Declaration of Helsinki. Written informed consent was

obtained from each patient prior to enrollment.

2.2. Clinical assessment of affective symptoms

2.2.1. Depressive symptoms

The objective severity of depression was measured using the 17-item

Hamilton Rating Scale for Depression (HAMD) (59). The item response

options are on a 3-point scale, ranging from 0 2 for insomnia, gastrointestinal

somatic symptoms, general somatic symptoms, genital symptoms, loss of

weight, and insight, and on a 5-point scale ranging from 0 4 for other

symptoms. The total score ranges from 0 to 52 and higher scores reflect

severe depressive symptoms. We divided the items on the HAMD into

somatic and psychological domains (60, 61). The somatic domain of the

HAMD included questions addressing somatic-gastrointestinal issues, weight

loss, insomnia (early, middle, late), retardation, agitation, anxiety-somatic,

and somatic-general symptoms. The psychological domain included questions

measuring depressed mood, insight, guilt, suicide, loss of interest,

hypochondriasis, anxiety-psychic issues, and genital symptoms.

The Inventory of Depressive Symptomatology-Self Report (IDS-SR) was

used as a self-rating instrument for depressive symptoms (62). The IDS is

composed of 30 items with a total score ranging from 0 to 84. All items are

rated on a scale from 0 (symptom is not present) to 3 (strongest impairment).
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Twenty-eight of the 30 items are summed to a standard total score, ranging

from 0 to 84 (as only appetite and weight increase or decrease is scored).

Previous studies demonstrated that a 3-factor model consisting of

across different groups of MDD patients, including current MDD, remitted

MDD, and healthy controls (62, 63).

factor including 11 items (i.e., feeling sad, reactivity of mood, quality of mood,

appetite disturbance, concentration/decision making, self-criticism and blame,

future pessimism, suicidal thoughts, energy/fatigability, interest in sex, and

(i.e., feeling irritable, psychomotor agitation, psychomotor retardation, aches

and pains, sympathetic arousal, panic/phobic symptoms, constipation/diarrhea,

and leaden paralysis) can be adapted for use as specific subscales in both

clinical practice and scientific research (63). Therefore, we adopted these two

reliable subscales as well as total scores for association analysis.

2.2.2 Anxiety

The severity of self-reported anxiety symptoms was measured using the

Beck Anxiety Inventory (BAI) (64). The item response options are on a 4-

point scale ranging from absence of that symptom (0) to severe or persistent

expression of that symptom (3) in the past week. This scale is a 21-item

instrument and the total score ranges from 0 to 63, with higher scores

reflecting severe anxiety symptoms. Beck et al. suggested three subscales of

the BAI representing subjective, somatic, and panic symptoms through cluster

analysis in psychiatric outpatients with anxiety disorders (65).
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2.2.3 Hopelessness

The Beck Hopelessness Scale (BHS) is a self-report instrument designed

to measure three aspects of hopelessness (66): feelings about the future, loss

of motivation, and expectations during the past week. Each of the 20

statements is scored as 0 or 1. The scale also has good reliability (test-retest, r

= 0.81) (67).

2.2.4 Suicidal ideation

The Beck Scale for Suicide Ideation (BSI) was used to measure suicidal

ideation (68). The BSI is a 19-item self-report instrument for detecting and

s, and the

Respondents rate the intensity of suicidality (wish to die, desire to attempt or

commit suicide, duration and frequency of thoughts, deterrents) using a 3-

point Likert-type scale ranging from 0 to 2. The responses are then summed to

yield a total score of 0 38 and higher scores on the scale indicate greater

0.87 0.97) and moderate test-retest reliability (r = 0.54) (69).

2.2.5. Impulsivity

Impulsivity is significantly correlated with the severity of hopelessness and

anhedonia in depression (70, 71). Subjects completed the Barratt

Impulsiveness Scale (BIS) (72), a 30-item self-report measure designed to

assess impulsivity with regard to attention, motor activity, and planning.
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Individual items are rated on scales ranging from 1 to 4, yielding total scores

from 30 to 120, with higher scores indicating greater impulsivity. The internal

consistency coefficient for the BIS total score is reportedly 0.83 for general

psychiatric patients (72).

2.3. HRV analysis

2.3.1. Data acquisition and preprocessing of ECG recordings

Before ECG recording, all participants fasted and refrained from smoking

and caffeine for more than 2 hours and alcohol for more than 12 hours. ECGs

were obtained in a quiet, dim room maintained at a comfortable temperature.

Testing times were from 9:30 to 11:30 in the morning, and 1:00 to 4:30 in the

afternoon. Subjects were instructed to minimize their movement and breathe

regularly with eyes closed in a recumbent position using a two-channel ECG

monitor. After a test session of approximately 5 minutes to stabilize the signal,

a 10-minute ECG was acquired for 50 subjects with a sampling frequency of

1,000 Hz, and a 7-minute ECG was acquired for another group of 5 subjects

with a sampling frequency of 300 Hz at complete rest. To reduce the non-

stationary effect, the artifact-free 5-minute ECG data were chosen for the

HRV analysis. This analysis window is standard for short-term HRV (73).

Normal RR intervals ((where R is a point corresponding to the peak of the

QRS complex of the ECG wave; and RR is the interval between successive Rs)

were extracted using a standard procedure (74). RR intervals were filtered

using an adaptive filter algorithm to replace and interpolate ventricular

premature beats and artifacts (75). Both linear and non-linear measures were

estimated as indices of HRV.
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2.3.2. Time and frequency domain parameters of HRV

Several linear measures of HRV were computed according to current

guidelines (73). As the time domain measures, the mean length of all RR

intervals (Mean RR), the standard deviation of all RR intervals (SDNN), the

square root of the mean squared differences of successive normal sinus

intervals (RMSSD), and the percentage of successive RR interval differences

whose absolute value x exceeded 10, 20, 30, 50 ms (pNNx) were calculated

(76). The SDNN shows parasympathetic activity as well as the sympathetic

activity of heart function, while RMSSD and pNNx reflect predominantly

vagal function. In the frequency domain, spectral analysis was performed

using a standard autoregressive algorithm, after detrending and resampling the

irregularly time-sampled recording of consecutive RR intervals. The power

spectrum density was conventionally estimated for two major frequency

ranges: the LF band (0.04 0.15 Hz) and the HF band (0.15 0.4 Hz). The LF

normalized unit (LFnu) and HF normalized unit (HFnu) were also calculated

as relative spectrum density. The LF is considered to be an index of

sympathetic and parasympathetic modulation and the HF reflects

parasympathetic modulation. The ratio of LF to HF power (LF/HF) was

computed to evaluate sympathovagal balance (73).

2.3.3. Nonlinear measures of HRV

As a nonlinear measure to quantify the randomness or degree of self-

similarity of heart rate patterns at different time scales, detrended fluctuation

analysis (DFA) was used to derive alpha 1 or alpha 2 as the short-term or
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long-term quantification of the fractal scaling properties of RR intervals (77).

Alpha 1 reflects the scaling rate of short-term temporal fluctuations in the

heart rate time series; a DFA1 of 0.5 would indicate a totally random signal

and a DFA1 of 1.5 would indicate one that is totally correlated. A DFA1 of 1

indicates a healthy subject. As a measure of the nonlinear correlation or

and sample entropy (SampEn) were also calculated. SampEn is free from the

bias induced by the finite length of physiological data and self-matches in

calculating the ApEn (78). Lastly, the corrected Shannon entropy (CSEx) was

calculated using binary symbols generated from a coarse-graining process

(79), based on a threshold x, which is the absolute difference of successive

RR intervals (80). A higher CSEx value reflects a higher degree of short-term

complexity of symbolic patterns generated from the binary sequences (81).

2.3.4. Statistical analysis

The normality of the distributions of each HRV parameter was tested using

the one-sample Shapiro-Wilk normality test. HRV parameters that did not pass

the normality test were log-transformed. Independent t-tests for each of the

autonomic variables were conducted to ascertain whether a univariate

difference was present between the groups. The partial correlation analyses,

adjusted for age and body mass index (BMI), performed between each HRV

parameter and each scale score for affective symptoms were employed for

assessing whether specific autonomic variables were associated with specific

symptomatology in MDD subjects.

In addition, we performed support vector machines (SVM) with recursive
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feature elimination (RFE) to select HRV parameters for the classification

between MDD and normal controls. SVM classifiers have been used as

popular and powerful tools for classification, due to their strong theoretical

origin in statistical learning theory as well as their good performance in

practical applications (82). To address the problem of selection of a small

subset of features from broad patterns of gene expression data, Guyon et al.

proposed an RFE approach utilizing SVM [reference]. We used linear SVM,

generalized to non-separable training data. The optimal hyperplane was

identified using L1-regularization. Optimal parameters were determined using

a sequential minimal optimization (SMO) algorithm. For unbiased

classification and feature selection, we performed 5-fold cross-validation

(CV). In each fold of the CV, the individuals were grouped into disjoint

training and testing sets such that there were no subjects used for both training

and testing in a single fold. The 5-fold CV experiment was repeated 10,000

times and the number of selection times for each HRV parameter was

calculated to determine the relative importance of each feature to the

discrimination between the MDD and control groups. The average

classification accuracy was then calculated. The optimal number of features

was determined at the maximum classification accuracy of the test data. All p-

values were two-tailed, and a value of p < 0.05 was taken to indicate

statistical significance. Statistical analyses were performed using the

Statistical Package for the Social Sciences v. 20.0 for Windows (SPSS, Inc.,

Chicago, IL, USA) and R software.
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2.4. Proteomics analysis

2.4.1. Sample collection

Upon meeting all of the inclusion and none of the exclusion criteria, blood

samples were obtained from subjects after an overnight fast (at least 12 h).

Sampling times were from 9:30 to 11:30 AM. Venipuncture was performed on

site to obtain serum for biological tests, from which plasma was separated

within 1 h of collection. The aliquoted serum samples were stored at -78°C

until analysis.

2.4.2. Immunodepletion of high-abundance serum proteins

0

healthy controls were pooled. Six high-abundance proteins (albumin, IgG,

antitrypsin, IgA, transferrin, and haptoglobin) in the pooled samples were

depleted using an Agilent Multiple Affinity Removal Spin Cartridge (Agilent

Technologies Inc., USA). Desalting, buffer exchange and concentration were

performed using Amicon® Ultra-0.5 Centrifugal Filter Devices (3K NMWL;

EMD Millipore, Germany). The protein concentration was determined using a

BCA Protein Assay Kit (Thermo Fisher Scientific Inc., USA).

2.4.3. Protein digestion, Tandem mass tags (TMT)-labeling and peptide

fractionation

Serum proteins were digested using the filter-aided sample preparation

method (82)

0.1 M DTT, and 0.1 M Tris/HCl; pH 7.6) and reduced at 37°C for 45 min,

followed by 7 min at 100°C. The buffer was changed to 8 M urea in 0.1 M
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Tris/HCl (pH 8.5) and the proteins were alkylated with 50 mM iodoacetamide

at room temperature for 20 min. Then trypsin was added (trypsin: protein = 1:

50 [w/w]) and the samples were incubated at 37°C for 12 h. The digested

peptides of the MDD and control groups were labeled with compounds

TMT6-128 and TMT6- -

Reagents (Thermo Fisher Scientific Inc., USA), respectively. The labeled

peptides were divided into 12 fractions using a 3100 OFFGEL fractionator

with a low-resolution kit, pH 3 10 (Agilent Technologies Inc., USA) (83).

The peptides in each fraction were collected and desalted using a C18 spin

column (Pierce® C18 Spin Column; Thermo Fisher Scientific Inc., USA). The

desalted peptides were dried using a SpeedVac system for 3 h (Thermo Fisher

Scientific Inc., USA) and resuspended in aqueous 0.1% formic acid prior to

LC-MS/MS analysis.

2.4.4. LC-MS/MS analysis

spectrometer (Thermo Fisher Scientific Inc., Germany) coupled with an Easy-

nLC UPLC system (Easy-nLC 1000; Thermo Fisher Scientific Inc., Denmark)

and EASY-Spray column (C18, 2 µm particle size, 100 Å pore size, 75 µm id

× 50 cm length; Thermo Fisher Scientific Inc., USA) in duplicate. The column

temperature was maintained at 60°C. The peptide samples were eluted using a

linear gradient of solvent A (0.1% formic acid in water) and solvent B (0.1%

formic acid in acetonitrile), where the percentage of the latter mobile phase

was increased from 3% to 50% for 151 min, then to 65% for 14 min at a flow

rate of 270 nL/min. The separated peptide ions eluted from the analytic
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column were entered into the mass spectrometer at an electrospray voltage of

2 kV. MS precursor ion scans were acquired in profile mode with an AGC

target value of 1 105, a mass resolution of 70,000 at 200 m/z, a maximum

ion accumulation time of 60 ms, and a mass range of 400 1600 m/z. The mass

spectrometer was operated in the data-dependent tandem MS mode. The 10

most abundant ions detected in a precursor MS scan were selected for MS/MS

experiments. To prevent repetitive acquisition of the same peptides, the

dynamic exclusion option was applied with an exclusion duration of 20 s. The

selected precursor ions were isolated using an isolation mass width of 2 Da

and fragmented in an HCD cell with 30% normalized collision energy.

2.4.5. Protein identification

All tandem mass spectra were searched against the Universal Protein

Resource human protein database (UniProt release 2013_03, 89,430 entries)

using SEQUEST® in Proteome Discoverer 1.4 (Thermo Fisher Scientific Inc.,

Germany). The tolerance was set to 10 ppm for precursor ions and 0.8 Da for

fragment ions. Only fully tryptic ends were considered and two missed

cleavage sites were allowed. Fixed modification options were used for

carbamidomethylation (+57.021460 Da) on cysteine and TMT tag

(+229.162932 Da) on lysine and the N-terminus. The oxidation (+15.994920

Da) of methionine was set as a variable modification. The search result files

were imported into Scaffold Q+ (version 4.3.2, Proteome Software Inc., USA)

(84). To validate peptide and protein identifications, the Peptide Prophet and

Protein Prophet algorithms were applied (85, 86). The thresholds of peptide

probability > 95% and protein probability > 99% were used and protein
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identifications with at least two distinct peptides were considered correct. The

identified protein accessions were then mapped to Entrez Gene information to

obtain non-redundant Gene IDs.

2.4.6. Protein quantification and identification of differentially expressed

proteins

The quantification of protein abundances was performed using the

Scaffold Q+ and isobar R packages (84, 87). The overall procedure using

Scaffold Q+ was as follows. First, the tag intensities from two tags were

normalized to an equal median. Then the intensity of each protein was

estimated using kernel density estimation with normalized tag intensities from

spectra of the corresponding protein. Finally, proteins whose intensities were

altered more than 1.5-fold between the two groups were selected as DEPs.

The overall procedure using the isobar R package involved normalizing each

tag to equal the median intensity, and then estimating the protein ratio based

on the weighted average of the ratios of normalized tag intensities and the

reported as a signal p-value. DEPs with signal p-

from the profiling data analysis. In addition, 37 proteins were included from

the LC/MS experiments using serum samples from patients with MDD (38, 88)

and from the literature via PubMed searches. In total, 87 protein targets were

selected.

2.4.7. Selection of MRM transitions for target proteins
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The MRM methods were developed using Skyline 2.5 (89). For each

protein, the target peptides were selected based on the following criteria: fully

tryptic peptides, with no missed cleavages, unique to a particular protein, with

a length between 6 and 20 amino acids, and with no cysteine or methionine

residues. For each peptide, the three most intense fragment y-ions were

selected. The peptides were ranked based on the sum of selected fragment ion

intensities in the spectrum for a given peptide and the top three peptides for

each protein were selected. The National Institute of Standards and

Technology (NIST) Library of Peptide Ion Fragmentation Spectra was

obtained from PeptideAtlas and was used as the reference spectral library (90).

For the proteins not included in the NIST spectral library, the MRM

transitions were selected from the SRMAtlas database (91). For each protein,

the fragment y-ions with an m/z larger than the precursor m/z was determined

for each peptide. Collision energies (CEs) were determined according to the

following equations: CE = 0.031 × (m/z) + 1 and CE = 0.036 × (m/z) 4.8

(m/z) for doubly and triply charged precursor ions. The list of transitions of

Q1 and Q3 m/z at unit resolution (FWHM 0.7 Da) with CE was exported.

Protein samples from pooled serum of each group were prepared using the

method described above. MRM experiments were performed on a 6490 triple-

quadrupole mass spectrometer (Agilent Technologies Inc., USA) coupled with

a 1290 Infinity LC system (Agilent Technologies Inc., USA). The digested

peptides (8 µg) were separated on a Zorbax Rapid Resolution High Definition

Eclipse Plus C18 column (150 × 2.1 mm, 1.8 µm particles; P/N. 959759-902;

Agilent Technologies Inc., USA) at 0.4 mL/min over 30 min. The mobile
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phases of solvent A (0.1% formic acid in water) and solvent B (0.1% formic

acid in acetonitrile) were used and the latter mobile phase was increased from

3% to 39% over 25 min. The spray voltage was set at 2.5 kV, and the

temperature of the nitrogen drying gas was set at 250°C. The temperature of

the column and the autosampler of 1290 Infinity system (Agilent

Technologies Inc., USA) were maintained at 50°C and 4°C, respectively. A

post-run isocratic step was used for column re-equilibration for 5 min. By

performing triplicate experiments, the most intense and reproducibly detected

transitions were selected as the final set of MRM results.

2.4.8. LC-MRM/MS analysis

The serum samples of 50 subjects were depleted using the method

described above, and protein from each sample (50 µg) was spiked with 0.5

pmol LFTGHPETL*EK (synthetic Bos taurus myoglobin peptide) as a

standard peptide for normalization. The leucine residue indicated by an

asterisk (*) was labeled with 13C6 isotope. The protein samples were digested

using the methods described above and then 8 µg digested peptide was

analyzed using the abovementioned LC-MRM/MS method. A total of 108

transitions, including 105 transitions for 35 target proteins and 3 transitions

for the spiked standard peptide, were measured simultaneously using dynamic

MRM mode (500 ms cycle time and 1.5 min retention time window) in a

single LC/MS run. Triplicate samples were run in a randomized manner.

2.4.9. Statistical analysis for the identification of candidate serum

biomarker panel from MRM assay
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Raw data were processed using Skyline 2.5 to quantify peak areas of

fragment ions from target peptides (89). The intensities of fragment ions from

150 runs (triplicates of 50 samples) were normalized to the spiked standard

peptide and were summarized as protein levels using the MSStats R package

(92). To select important proteins for distinguishing between MDD and

controls, we applied logistic regression with lasso regularization (93). For

unbiased classification and feature selection, we performed fivefold cross-

validation (CV), which was repeated 1000 times; the number of times selected

for each protein was computed to determine the relative importance of each

protein to the discrimination of MDD patients and controls. Then the average

classification accuracy was computed. Receiver operating characteristic (ROC)

curves and the areas under the curves (AUC) were calculated by logistic

regression to evaluate the discriminatory performance of the selected proteins

(94).

2.5. Combined classification using HRV indexes and

proteomic data

2.5.1. Statistical analysis

To select important serum proteins and the HRV indexes for classification

of MDD and healthy controls, we performed SVM with RFE. The

contribution of each feature was evaluated using 5-fold CV. The cross-

validation approach was repeated 1,000 times and the number of selection

times for each feature was calculated. The optimal number of features was

determined at the maximum classification accuracy of test the data. Finally,
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with the selected features, the 5-fold CV experiment was repeated 10,000

times and the average classification accuracy was calculated.

3. Results

3.1. HRV analysis

3.1.1. Demographic and clinical characteristics of study subjects

The baseline characteristics of study participants are summarized in Table

1.1. The mean (SD) age of subjects was 38.6 (13.0) years in patients with

MDD and 37.5 (11.1) years in normal controls; this difference was not

significant. No BMI difference was observed. There were significant

differences between the MDD and normal control groups regarding several

affective symptoms scales, including the HAMD, IDS-SR, BAI, BHS, and

SSI, but excluding the mean scores of the BIS motor and nonplanning

subscales.

3.1.2. Independent t-tests

Table 1.2 presents the relationship between mood state and several HRV

parameters. No significant differences in the univariate analyses were

observed for the HRV parameters.

3.1.3. Partial correlation analysis between the HRV parameters and the

affective symptom scales in patients with MDD

In MDD patients, the HAMD somatic subscale scores showed a significant

positive correlation with lnApEn (r = 458, p-value = 0.032), and the IDS-SR
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anxiety/arousal subscale scores showed a significant negative correlation with

Sa -value = 0.044) (Tables 1.3 and 1.4). BAI total score

was significantly correlated with several linear and nonlinear parameters (r =

0.602, p- -value = 0.018 for Pnn20;

r = 0.582, p-value = 0.007 f -value = 0.007 for HFnu; r

= 0.593, p- -value = 0.007 for

-value = 0.048 for lnCSE30; r = 0.552, p-value = 0.012

-value = 0.036 for lnDFA crossover).

Attention in impulsivity was significantly positively correlated with lnLF/HF

(r = 0.448, p-value = 0.042), while nonplanning was significantly correlated

-value = 0.006 for

lnpNN10; r = 0.544, p- -value = 0.011 for

HFnu; r = 0.558, p- -value = 0.034 for

SampEn).

3.1.4. Selection parameters of HRV using SVM

To select the important HRV indexes for classification of MDD and

healthy controls, we performed SVM with recursive feature elimination

(Figure 1.1). The contribution of each HRV index was evaluated by 5-fold

CV (Table 1.5). The CV approach was repeated 10,000 times and the number

of selection times of each HRV index was calculated. Based on 5-fold CV and

the 10,000 randomization experiment, a separation between MDD and normal

conditions could be achieved by 7 parameters: RMSSD, CSE20, LF, pNN10,

SDNN, ApEn, and SampEn (Figure 1.2 and Table 1.5). An average

classification accuracy of 63.8% was achieved by these features. The
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sensitivity, specificity, and positive predictive value were 55.3%, 72.8%, and

67.9%, respectively.

3.2. Proteomic analysis

3.2.1. Serum proteome profiling

We first selected 10 samples from each group and pooled equal volumes of

sera. For each pooled sample, TMT-tag was labeled and then LC-MS/MS

analysis was performed in duplicate. The peptides sequences were identified

using the SEQUEST search algorithm, and the search results were further

validated using the PeptideProphet and ProteinProphet algorithms. Figure 2.1.

was a schematic of the approach used. In each experiment, 703 and 653

proteins with 6,507 and 6,065 peptides were identified; a total of 905 proteins

were thus identified. Of the 905 proteins, 852 were mapped to Gene IDs. To

identify DEPs between the MDD and normal groups, we applied two methods:

Scaffold Q+ and isobar R. Among the 852 proteins, 50 were identified as

DEPs using the two methods (Figure 2.2A and Table 2.1). To investigate the

different expression patterns of the 50 selected DEPs, we applied an

enrichment analysis using the functional annotation tool of the Database for

Annotation, Visualization and Integrated Discovery (95). The Gene Ontology

Biological Processes (GOBPs) represented by the DEPs with p < 0.1 (default

cutoff) were selected and are depicted in Figure 2.2B. The DEPs were mainly

involved in acute inflammatory responses (p = 0.03) and lipid transport (p =

0.05).

3.2.2. MDD-associated proteins (MAPs) reported previously
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In addition to the 50 DEPs identified in the profiling experiment, we

compiled a list of proteins whose changes in abundance in MDD patients were

reported in previous studies. We identified 38 proteins whose abundance

differed in the serum of MDD patients from two large-scale LC/MS studies

and previous reports in PubMed (38, 88). In total, 87 MAPs were selected for

MRM assay.

3.2.3. Monitoring candidate biomarkers by MRM in a large patient

cohort

We developed an MRM assay for the 87 MAPs using peptides and

empirical evidence from the NIST spectral library and computationally

predicted peptides from SRMAtlas. Based on the NIST spectral library and

SRMAtlas, we developed MRM assays for 55 and 24 proteins (in total, 79 of

the 87 MAPs). Following triplicate evaluations involving LC-MRM/MS and

manual inspection, MRM assays that resulted in low-quality results were

removed. Then, an optimized MRM assay was determined for 35 target

proteins (40% of the MAPs), and we applied it to 50 serum samples. Sixteen

proteins were quantified in at least 70% of the samples

3.2.4. Multiparametric serum biomarker panel

To develop a multiparametric serum biomarker panel for MDD, it is

important to evaluate the relative contributions of the 16 DEPs to the

discrimination of MDD patients and normal individuals. Individual proteins

could not be used to classify samples correctly due to the marginal differences

in their abundances between the MDD and normal groups (Table 2.2).
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Therefore, their collective contribution was evaluated. To this end, we applied

logistic regression with lasso regularization to the intensities of the 16

proteins (93) (Figure 2.3A). According to a fivefold CV and 1000

randomizations experiment, discrimination between MDD patients and

normal individuals was achieved using six proteins (APOB, APOD, CP, GC,

HRNR, and PFN1) (Figure 2.3B). Then a logistic regression model was

generated using the intensities of the six selected biomarkers. An average

classification accuracy of 68% was achieved by the final model, and the

sensitivity and specificity were 67% and 69%, respectively. ROC curves for

classification using the six selected candidate proteins are shown in Fig. 3c.

The minimum, median, and maximum of AUC out of 1000 times were 0.6080,

0.7376, and 0.8080. Taken together, these results indicate that the six selected

biomarkers are predictive for MDD.

3.3. Combined classification with HRV and protein

Based on the 5-fold cross-validation and the 10,000 randomization

experiment, a separation between MDD and normal conditions could be

achieved using 5 parameters (Figure 3.1 and Table 3.1): APOB, GC, CP,

RMSSD, and SampEn. An average classification accuracy of 80.1% could be

achieved by these features. The sensitivity, specificity, and positive predictive

value were 70.2%, 89.9%, and 89.4%, respectively.
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Table 1.1. Baseline demographic and clinical characteristics

Major depressive
disorder (N=25)

Normal control
(N=25)

Variables Mean SD Mean SD P
Value*

Age, years 38.6 13 37.5 11.1 1.000

BMI, kg/m2 21.5 2.2 21.2 1.9 1.000

Clinical characteristics

HAMD total 16.6 2.9 4.5 3.5 <0.001

Somatic 8.8 2 2.5 1.8 <0.001

Psychological 7.7 1.8 2 2.1 <0.001

IDS-SR total 31.8 9.3 8.6 8.6 <0.001

Mood/cognition 13.8 4.8 3 4.1 <0.001

Anxiety/arousal 7.5 3.1 2 2 <0.001

Beck Anxiety Inventory 16.1 10.6 5.3 6.5 <0.001

Beck Hopelessness Scale 6.4 5.6 1.4 1.8 <0.001

Scale for Suicide Ideation 9.5 7.2 2.4 3.2 <0.001

Barratt Impulsivity Scale

Attention 16 3 13.2 3.1 0.012

Motor 20 4.1 19.3 2.7 1.000

Nonplan 26 5.5 24.3 3.5 0.610

* P-value for ANOVA
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Table 1.2. Difference of heart rate variability parameters among groups

Major depressive
disorder (N=25)

Normal control
(N=25)

Variables Mean SD Mean SD P Value*

Linear parameters
ln Mean RR interval
(ms) 6.745 0.125 6.723 0.113 0.349

lnSDNN (ms) 3.822 0.409 3.59 0.283 0.064

lnRMSSD (ms) 3.457 0.601 3.21 0.369 0.301

lnpNN10 (%) 4.134 0.323 4.158 0.234 1.000

pNN20 (%) 43.838 20.451 41.185 17.786 1.000

pNN30 (%) 29.248 20.492 23.989 16.624 1.000

pNN50 (%) 14.526 3.229 7.297 3.102 0.332

lnLF (ms2) 6.229 0.982 5.661 0.813 0.074

LFnu (v) 0.565 0.213 0.522 0.192 1.000

lnHF (ms2) 5.902 1.19 5.526 0.922 0.660

HFn 0.435 0.213 0.478 0.192 1.000

lnLF/HF 0.327 0.983 0.135 0.94 1.000

Non-linear parameters

lnApEn 0.037 0.137 0.103 0.082 0.074

SampEn 1.434 0.347 1.545 0.204 0.493

CSE10 2.039 0.673 2.205 0.551 1.000

lnCSE20 0.791 0.309 0.906 0.195 0.367

lnCSE30 0.635 0.534 0.626 0.655 1.000

CSE50 1.367 0.813 1.117 0.784 0.829

DFA alpha1 1.098 0.316 1.056 0.258 1.000

DFA alpha2 0.864 0.133 0.914 0.157 0.648

lnDFAcrossover -0.198 0.354 -0.128 0.359 1.000

* P-value for ANOVA
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Table 1.3. Correlation affective symptoms scale with linear measures in heart

rate variability in patients with major depressive disorder

lnMea
n

lnSD
NN

lnRM
SSD

lnpNN
10

pNN
20

pNN
30

pNN
50 lnLF Lfnu lnHF Hfnu lnLF/

HF

HAMD total -0.276 -0.132 -0.070 0.054 -0.135 -0.144 -0.110 -0.091 -0.001 -0.051 0.001 -0.023

Somatic -0.298 -0.217 -0.133 0.141 -0.195 -0.256 -0.267 -0.220 0.012 -0.151 -0.012 -0.021

Psychological -0.118 0.025 0.032 -0.066 -0.003 0.048 0.115 0.094 -0.015 0.084 0.015 -0.015

IDS-SR total -0.202 0.040 -0.051 -0.320 -0.170 -0.082 -0.010 0.137 0.270 -0.112 -0.270 0.279

Mood/cognition 0.137 0.246 0.224 -0.031 0.162 0.209 0.270 0.301 0.066 0.184 -0.066 0.079

Anxiety/arousal -0.307 -0.037 -0.184 -0.399 -0.324 -0.248 -0.173 0.086 0.349 -0.216 -0.349 0.352

Beck Anxiety
Inventory -0.385 -0.048 -0.406 0.602 0.524 -0.375 -0.263 0.120 0.582 -0.424 -0.582 0.593

Beck
Hopelessness
Scale

-0.054 0.099 -0.062 -0.309 -0.123 0.007 0.023 0.341 0.401 -0.077 -0.401 0.395

Scale for
Suicide Ideation -0.381 -0.186 -0.267 -0.418 -0.301 -0.190 -0.126 0.008 0.220 -0.170 -0.220 0.228

Barratt
Impulsivity
Scale

-0.038 0.095 -0.121 -0.367 -0.133 -0.007 0.133 0.286 0.430 -0.143 -0.430 0.448

Attention -0.269 -0.210 -0.252 -0.477 -0.382 -0.303 -0.182 -0.181 0.236 -0.357 -0.236 0.258

Motor -0.068 -0.049 -0.207 -0.582 -0.377 -0.236 -0.055 0.112 0.544 -0.362 -0.544 0.558

Text in Bold means p-value <0.05
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Table 1.4. Correlation affective symptoms scale with non-linear measures in

heart rate variability in patients with major depressive disorder

lnApEn SampEn CSE10 lnCSE
20

lnCSE
30 CSE50 DFA

alpha1
DFA
alpha2

lnDFA
crossov

er
HAMD total 0.302 0.050 0.212 0.215 -0.001 -0.032 -0.023 0.163 0.055

Somatic 0.458 0.132 0.293 0.255 -0.017 -0.164 -0.025 0.247 0.093

Psychological -0.014 -0.063 0.020 0.066 0.018 0.128 -0.010 -0.007 -0.013

IDS-SR total 0.201 -0.389 0.246 0.235 0.083 0.030 0.183 0.114 -0.093

Mood/cognition 0.074 -0.095 -0.094 0.041 0.142 0.245 -0.013 -0.103 0.023

Anxiety/arousal 0.323 -0.444 0.321 0.303 0.065 -0.069 0.294 0.188 -0.181

Beck Anxiety Inventory 0.019 -0.585 0.415 0.115 -0.446 -0.275 0.552 0.137 -0.471

Beck Hopelessness Scale 0.050 -0.314 0.103 -0.021 -0.137 0.050 0.338 -0.152 -0.396

Scale for Suicide Ideation 0.279 -0.157 0.023 -0.013 -0.040 -0.100 0.264 0.047 -0.267

Barratt Impulsivity Scale -0.082 -0.066 -0.112 -0.354 -0.253 -0.060 0.334 -0.207 -0.409

Attention -0.053 -0.261 0.077 -0.156 -0.279 -0.297 0.127 0.326 0.061

Motor -0.152 -0.464 0.284 -0.165 -0.389 -0.303 0.371 0.093 -0.259

Text in Bold means p-value <0.05
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Table 1.5. Selection frequency of each heart rate variability index computed in

fivefold cross-validation experiments 1000 times of support vector machine

with recursive feature elimination

Features Selection frequency (%) 7 selected features

RMSSD 70.12% O

CSE20 41.06% O

LF 37.88% O

pNN10 37.70% O

STD 34.84% O

ApEn 33.78% O

SampEn 29.90% O

VLF 24.96%

CSE30 23.86%

HF 23.46%

pNN50 22.02%

pNN30 19.30%

pNN20 19.08%

CSE50 17.30%

DFAcrossover 15.60%

Mean 15.46%

HFnu 14.76%

DFAalpha1 13.76%

LFHF 12.12%

CSE10 12.06%

DFAalpha2 11.96%
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Table 2.1. List of differentially expressed proteins (DEPs).

Gene Symbol Fold-change
from Scaffold Q+

Fold-change
from isobar

AKD1 UP ----

BPIFB1 UP ----

CA2 DOWN DOWN

CRELD1 DOWN ----

CRP DOWN DOWN

DDR2 UP ----

DDX10 DOWN ----

DNAH14 UP ----

ENKUR DOWN ----

F8 UP ----

FAM53B DOWN ----

GC ---- UP

H2AFJ UP ----

H2BFS UP ----

HHIPL1 UP ----

HIST1H2AD UP UP

HIST1H4A UP ----

HIST2H2BF UP ----

HPR DOWN DOWN

HRNR DOWN DOWN

KAT6A DOWN ----

KCP DOWN ----

LBP ---- DOWN

LPA UP UP

LRP4 ---- UP
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UP and DOWN denote up- and downregulation in MDD patients, respectively.

MAN2B1 ---- UP

MYL6 UP ----

MYOM3 DOWN ----

PF4 DOWN DOWN

PFN1 DOWN ----

PLCE1 DOWN ----

POF1B DOWN ----

PPBP ---- DOWN

PRUNE2 ---- DOWN

PTPN5 DOWN ----

PVRL3 UP ----

PXDNL DOWN ----

S100A14 DOWN ----

SBSN DOWN ----

SGOL2 DOWN ----

SLC26A6 DOWN ----

SOGA2 UP ----

SPRR1A DOWN ----

SRGAP1 UP UP

TACC2 DOWN ----

TGM3 ---- DOWN

TIE1 UP ----

TUBGCP5 UP ----

VLDLR UP ----

YWHAB UP UP
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Table 2.2. Selection of a multiparametric serum biomarker panel using

Multiple Reaction Monitoring. The sources of candidate proteins are denoted

as follows: DEP, MS, and Others indicate DEPs from the profiling experiment,

two previous LC/MS studies, and manually curated from previous reports by

searching PubMed, respectively. Log2-transformed fold-change (log2FC), p-

value (p-value), and adjusted p-value (adj.p-value) were obtained from

MSStats. The Benjamini-Hochberg procedure was used for multiple

hypothesis correction. The six selected proteins are denoted by O.

ProteinID Gene
Symbol

Gene
ID

Cate
gory

Fold-change
from

profiling
expreriment

log2F
C

p-
valu
e

adj.p-
value

6
biomarke
r panel

P02774 GC 2638 DEP UP 0.17 0.00 0.00 O

Q86YZ3 HRNR 38869
7

DEP DOWN 0.02 0.42 0.49 O

P07737 PFN1 5216 DEP DOWN -0.26 0.00 0.00 O

P04114 APOB 338 MS ---- 0.17 0.00 0.00 O

P05090 APOD 347 MS ---- 0.36 0.00 0.00 O

P00450 CP 1356 MS ---- -0.05 0.20 0.27 O

Q9NQS3 PVRL3 25945 DEP UP 0.19 0.00 0.00 ----

Q8WVV4 POF1B 79983 DEP DOWN -0.03 0.71 0.71 ----

P02775 PPBP 5473 DEP DOWN -0.13 0.00 0.00 ----

P04217 A1BG 1 MS ---- 0.03 0.02 0.03 ----

P01023 A2M 2 MS ---- -0.02 0.43 0.49 ----

P43652 AFM 173 MS ---- 0.13 0.00 0.00 ----

P04196 HRG 3273 MS ---- -0.07 0.00 0.00 ----

P02656 APOC3 345 Others ---- 0.24 0.00 0.00 ----

P23560 BDNF 627 Others ---- -0.03 0.62 0.66 ----

P14780 MMP9 4318 Others ---- 0.04 0.16 0.23 ----
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Table 3.1. Selection frequency of each heart rate variability index and

Multiple Reaction Monitoring data computed in fivefold cross-validation

experiments 1000 times of support vector machine with recursive feature

elimination.

Features Selection frequency (%) 5 selected features

CP 75.00% O

APOB 74.20% O

GC 73.60% O

SampEn 59.80% O

RMSSD 59.60% O

HRNR 54.00%

CSE20 37.80%

ApEn 37.60%

STD 35.40%

MMP9 35.00%

APOD 34.40%

LF 28.20%

HRG 26.00%

AFM 25.20%

A2M 24.80%

Mean 24.40%

POF1B 22.40%

PFN1 21.20%

pNN10 19.00%

VLF 17.20%

pNN50 16.00%

PVRL3 16.00%

APOC3 15.60%

DFA crossover 14.60%
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A1BG 14.40%

CSE10 13.40%

CSE30 13.00%

BDNF 12.60%

PPBP 12.00%

LFHF 10.80%

DFA alpha2 10.60%

CSE50 10.20%

HFnu 10.00%

pNN30 8.40%

pNN20 7.60%

HF 7.40%

LFnu 5.80%

DFA alpha1 5.80%
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Figure 1.1. Overview of the Support vector machine with recursive feature

elimination procedure.
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Figure 1.2. Classification accuracy achieved by the specified number of

candidate heart rate variability indexes in order of selection frequency

computed in fivefold cross-validation experiments 1000 times.
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Figure 2.1. Procedure for the development of a serum biomarker panel for

diagnosis of major depressive disorder.
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Figure 2.2. Differentially expressed proteins (DEPs) identified in the profiling

experiment. a. Venn diagram depicting the DEPs identified by Scaffold Q+

and isobar. b. GOBPs in which DEPs were involved. The black dashed line

denotes a p-value of 0.1.
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Figure 2.3. Selection of a multiparametric serum biomarker panel. a.

Overview of the Multiple Reaction Monitoring data analysis procedure. b.

Classification accuracy achieved by the specified number of candidate

proteins in order of selection frequency computed in fivefold cross-validation

experiments 1000 times. Dots and vertical bars denote the calculated medians

and standard deviations of the accuracy, respectively. Lines with circles

denote smoothed accuracy curves calculated by moving-average smoothing. c.

ROC curves for classification using the six selected candidate proteins. The

minimum, median, and maximum of AUCs of 1000 times were 0.6080,

0.7376, and 0.8080, respectively.
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Figure 3.1. Classification accuracy achieved by the specified number of

candidate heart rate variability indexes and proteomic data in order of

selection frequency computed in fivefold cross-validation experiments 1000

times.
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4. Discussion

In this study, we investigated multidimensional peripheral biomarkers for

MDD using electrophysiological and molecular approaches including

proteomics, which have an advantage of minimal invasiveness. Among

several linear and nonlinear HRV parameters, five indexes, including SDNN,

LF, ApEn, SampEn, and CSE20, can discriminate MDD subjects from normal

controls with 64% overall diagnostic accuracy using a machine learning

algorithm, suggesting low complexity of heart rate dynamics and decreased

parasympathetic activity over the cardiovascular system in MDD subjects. In

proteomic analysis by quantitative serum proteome profiling using LC-

MS/MS and verification using MRM, we identified a serum biomarker panel

consisting of six proteins, including Apo-D, Apo-B, VDP, ceruloplasmin,

hormerin, and profilin1, with a 67% classification accuracy. These proteins

were associated with modulation of the immune, inflammatory, and oxidative

systems, as well as lipid metabolism. Finally, the combined classification

analysis suggested that five parameters (APOB, GC, CP, RMSSD, and

SampEn) could discriminate MDD patients from normal controls with an 80.1%

overall classification accuracy. Our analyses included only female patients

and age-, sex-, and BMI-matched controls to maximize sample homogeneity,

and all subjects were drug-naïve to avoid confounding factors due to

psychotropic medications.

4.1. HRV analysis

The present study assessed differences in several linear and nonlinear HRV
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parameters and identified seven important features for the diagnosis of MDD:

RMSSD, SDNN, pNN10, LF, ApEn, SampEn, and CSE20. Despite no

significance in the univariate analysis, the severity of anxiety symptoms was

found to be significantly correlated with several HRV parameters, indicating

reduced parasympathetic activities (pNNx, LFnu, HFnu, and lnLF/HF) and

complexity of heart rate dynamics (SampEn). Overall, our findings suggest

that low complexity of heart rate dynamics and decreased parasympathetic

activity over the cardiovascular system may be involved in the

pathophysiology of MDD.

A primary strength of the present study was the inclusion of several

clinically valuable non-linear HRV parameters. The irregular variability of the

normal heartbeat in the present study suggests that complex nonlinear

dynamics, including neural and non-neural mechanisms, are involved in the

genesis of HRV. Although the linear measures reflect the magnitude of the RR

interval fluctuation as an index of sympathovagal activity, the nonlinear

indices reveal the complexity and correlational properties of the RR interval

that are dependent upon the functional integrity of autonomic control

mechanisms (96, 97). Several studies demonstrated that altered short-term

ApEn, SampEn, and fractal components of heart rate fluctuations, such as

DFA alpha1, are useful measures for the prediction of pathological states and

mortality in diverse clinical and normal populations (98-101).

In this study, although we found no index to separate patients with MDD

from healthy controls in the univariate analysis, the multivariate analysis

using SVM showed that the collective contribution of seven variables could

act as a possible biomarker set for classification. Since the pattern of cardiac
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dynamics is the result of interactions among autonomic, humeral, and intrinsic

influences on heart rate (102), proper use of multivariate statistical techniques

may be necessary to integrate the HRV measures of multiple domains (103).

In this study, SampEn and ApEn were important features for

discriminating patients with MDD from normal controls. These findings

suggest that these symptoms are associated with lower adaptability and

flexibility during neurocardiac regulation. A low level of entropy implies a

high degree of regularity and predictability in heart rate dynamics, and a

reduction in the flexibility of autonomic control over heart rate responses to

external and internal stimuli (104, 105); this is indicative of a maladaptive

regulatory system. Low ApEn and SampEn values are associated with

mortality in trauma patients (98) and with postoperative cardiac complications

in cardiac patients (106), which may be linked to greater cardiovascular risk

and mortality levels in MDD patients. In our correlation analysis of patients

with MDD, ApEn was also negatively associated with the somatic domains of

clinician-rated depressive symptoms. These findings are partially in

accordance with previous findings that somatic symptoms of MDD (i.e.,

sleeping difficulties, changes in appetite, fatigue) tend to be associated with

lower HRV to a greater extent than cognitive symptoms of depression (i.e.,

anhedonia, poor concentration, feelings of worthlessness, suicidal ideation)

(107). This study also found that reduced SampEn was associated with the

severity of anxiety/arousal domain of self-reported depressive symptoms.

Overall, our findings suggest that the distinct complexity index of HRV could

be related to specific domains of depressive symptoms. Although the specific

origin of the influence of depressive symptoms on the complexity and
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symbolic measures has yet to be fully characterized, given the heterogeneity

of depressive phenomenology, integration of several meaningful parameters

should be considered for the discovery of biomarkers in MDD.

RMSSD, pNN10, LF, and SDNN were also consistently selected as

important classifiers for MDD. This suggests sympathetic dominance and

decreased parasympathetic outflow, in accordance with previous studies (43).

A body of research has demonstrated that depression is associated with an

for parasympathetic inhibition of autonomic arousal in emotional expression

and regulation (108). A recent study reported that young adults with higher

resting state HRV showed more adaptive self-regulation and more social

engagement than those with lower resting state HRV (58), supporting the role

-regulation and

psychological flexibility (46). The key component for understanding the

association between reduced HRV and depression is the CAN. The CAN

regulates and integrates autonomic, endocrine, emotional, and behavioral

responses in adaptation to environmental influences (109) HRV reflects the

function of the CAN, particularly the inhibitory role of the prefrontal cortex

for vagally mediated cardiovascular function. Depressive symptoms can be

indicated by a failure of inhibition in affective, cognitive, physiological, and

behavioral responses implicated in the CAN, which results in decreased vagal

outflow and reduced HRV (54).

Interestingly, the severity of anxiety symptoms in patients with MDD was

significantly correlated with several linear and nonlinear parameters, which

revealed decreased vagal control and sympathetic dominance indicated by
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increased LFnu, decreased HFnu, and increased LF/HF ratio, along with

reduced entropy such as SampEn, short-term fractal scaling exponents, such

as DFA alpha1 and lnDFA crossover, and complexity, such as CSE30. Anxiety

symptoms have been repeatedly found to be related to reductions in HRV,

particularly in the HF band (54), Patients with generalized anxiety states

exhibit greater threat-related attention biases that are likely associated with a

failure of inhibitory function due to the vagally mediated PFC pathway in the

CAN, which leads to activation of the sympathetic nervous system due to

withdrawal of parasympathetic activity, which, in turn, results in diminished

HRV (54). Chronic worriers display poor autonomic cardiac regulation in

response to nonthreatening cues (110), and high levels of worry result in a 2-

to 3-fold increase in the risk of future myocardial infarctions (111), which

may be another linking mechanism between cardiovascular risk and mortality

levels in patients with MDD. Given that both depressive and anxiety

symptoms and abnormal HRV function can predict adverse cardiovascular

outcomes and mortality, future prospective studies should confirm the

observed associations between the autonomic correlates of depression or

anxiety (i.e., reduced vagal tone and alterations in complexity measures) and

cardiovascular risk.

4.2. Proteomic analysis

To the best of our knowledge, our study is the first to use an MRM assay

and serum proteome profiling to quantify a multiparametric biomarker panel

for MDD. Of the DEPs identified in the profiling experiment and the

literature-curated proteins, 16 proteins were quantified using MRM. We
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identified a serum biomarker set comprising six proteins that could be used to

differentiate MDD patients from controls with 67% sensitivity, 69%

specificity, and 68% overall classification accuracy. The results suggested that

modulation of the immune and inflammatory systems and lipid metabolism

were involved in the pathophysiology of MDD.

To date, two previous proteomics analyses have been performed in MDD

subjects (38, 88). The primary strength of our study was the comprehensive

protein coverage and multiparametric data analysis using an MRM assay. The

proteome coverage values of previous studies were relatively low. Xu et al.

identified 94 proteins, of which 9 were differentially expressed in the profiling

experiment. Stelzhammer et al. reported the identification of an average of

419 proteins from two cohorts; of these, 169 proteins were detected in both

cohorts. Among 169 overlapping proteins, 2 were consistently different in

both cohorts. The low proteome coverage in those profiling experiments could

have been responsible for their identification of a small number of DEPs. In

addition, to verify the discovered DEPs, Xu et al. (2012) reused the samples

used in the profiling experiment, which resulted in the verification of only two

proteins (A2M and APOB) using ELISA . Stelzhammer et al. (2014) reported

two DEPs consistently detected in both cohorts using a single LC-MSE

method; the changes were not validated using another method. In contrast, we

expanded our biomarker candidate proteins by including those suggested in

previous studies, and thus performed the first and largest quantitative targeted

proteomics investigation of serum samples from MDD patients. The six

proteins that we identified for classification were APOD, APOB, GC, CP,

HRNR, and PFN1.
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APOD levels were altered in patients with MDD. APOD was initially

isolated from human plasma high-density lipoproteins as a multifunctional

transporter for small hydrophobic ligands (112). APOD is highly expressed in

the nervous system, including peripheral nerves and the brain (113), and is the

major protein in a variety of body fluids, such as cerebrospinal fluid and urine

(114). These characteristics are in contrast to those of other apolipoproteins,

which are produced in the liver and intestinal epithelium. Increasing evidence

suggests that APOD exerts neuroprotective effects by attenuating oxidative

stress-induced lipid peroxidation associated with aging, injury, and

neurodegenerative processes (113, 115) and by regulating inflammatory

cascades in an anti-inflammatory manner, with a focus on eicosanoid and

phospholipid metabolism (116). Increased APOD expression in the brain has

been reported in neurodegenerative diseases, such as (117)

and multiple sclerosis (118), and in aging individuals (113). Furthermore,

APOD is significantly upregulated in the brains of schizophrenic and bipolar

patients (116) and increased in the plasma of first-episode schizophrenic

patients, in whom its increase presumably occurs prior to the first clinical

symptoms (119). Thus, elevated serum APOD levels in drug-free depressed

patients may reflect a neuroprotective response to oxidative stress and

systemic inflammation together with neurovascular dysfunction and blood-

brain barrier hyperpermeability, which are implicated in the pathophysiology

of MDD (22).

CP is a copper-containing protein with ferroxidase activity (120) that is

synthesized mainly by hepatocytes, and to a lesser extent, in the testis, spleen,

lungs, and central nervous system. CP plays an important role in iron
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metabolism. The protein is an acute-phase reactant that increases in response

to inflammation and, as part of the innate immune system (121), CP

antagonizes oxidative damage in the central nervous system (122). Its

deficiency in neuronal cells may lead to damage secondary to decreased

mitochondrial energy production, increased lipid peroxidation, and an

increase in oxygen free radicals associated with iron accumulation (123). Our

findings are consistent with a recent proteomic study that found decreased CP

levels in patients with MDD (88). These results may reflect high levels of

oxidative stress in depressed patients, as has been reported previously (22).

However, increased CP levels have been observed in patients with

schizophrenia (124) and MDD (125), suggesting that oxidative damage may

trigger a neurodegenerative process.

GC is a multi-functional plasma protein and a member of the albumin

- -

fetoprotein, and it is synthesized predominantly in the liver and secreted into

the bloodstream (126). In the present study, GC levels were increased in

subjects with MDD, consistent with a prior proteomic profiling study (38).

GC plays a role in the transport and storage of vitamin D metabolites and

control of bone development, but also is implicated in many important

biological functions, most importantly, modulation of immune and

inflammatory responses such as extracellular actin scavenging, leukocyte

C5a-mediated chemotaxis, macrophage activation, and stimulation of

osteoclasts (127, 128). Preclinical microarray studies of brain and blood have

suggested that the gene encoding vitamin D-binding protein is a potential

candidate for involvement in bipolar disorder and psychosis (129, 130).
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Increased GC levels have been reported in schizophrenia, suggesting that GC

is an acute-phase response linked with the pathophysiology of schizophrenia

(131). Similarly, increased GC levels may be associated with abnormalities of

the immune and inflammatory responses and the serum lipid profile of MDD

patients (38).

APOB levels were increased in MDD patients, in accordance with

previous reports (38, 132) APOB is present in very-low-density lipoprotein

(VLDL), intermediate-density lipoprotein, and low-density lipoprotein (LDL),

and has important roles in peripheral lipid regulation. In particular,

lipoproteins that contain APOB is associated with the formation of

atherogenic plaque and the development of atherosclerosis (133). APOB

levels are considered to be a predictor of cardiocerebrovascular events (134).

Furthermore, in a previous study, it was superior to LDL-C and non-high-

density lipoprotein cholesterol for predicting cardiovascular events (135) and

was a more informative marker of the adequacy of statin therapy than

cholesterol markers (136). Elevated APOB levels may underlie the link

between depression and increased morbidity and premature mortality,

especially from CVD, among depressive patients (137). A previous study

reported no significant relationships between ApoB levels and depressive

symptoms; however, that study included only male subjects (138).

We observed altered PFN1 levels in MDD subjects. PFN1 is a ubiquitously

expressed actin monomer-binding protein associated with mRNA splicing,

gene transcription, and multiple cellular functions, including proliferation,

survival, motility, endocytosis, and membrane trafficking (139). PFN1 plays a

prominent effector role in cardiovascular disease and has been suggested to
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link the actin cytoskeleton and its dynamics directly to vascular inflammation

(140, 141). Although the mechanism underlying the association with

depression remains unclear, a preclinical study proposed the actin-associated

molecular pathway as an underlying mechanism of mood disorders,

suggesting that the balance of actin dynamics might be altered towards actin

depolymerization in mood disorders, with upregulation of the PFN1 gene in

the frontal cortex of mice prone to depression (142).

In addition to the aforementioned proteins, HRNR levels were altered in

MDD patients in this MRM analysis. HRNR is an intermediate filament-

associated protein. Although it was slightly downregulated in the initial

profiling analysis using pooled samples, its levels were not significantly

different between the two groups. This could have been due to the intrinsic

variability of proteomic analyses. In addition, as MDD is a complex mental

disorder with a poorly understood multifactorial etiology, the possibility of

inter-individual variability cannot be excluded.

A limitation of our study is the small sample size, as is often the case with

proteomics studies of depression; generally, 10 to 50 samples are used given

the large number of variables in the analysis and short period between the

preclinical discovery and verification phases (143). Thus, our results should

be considered exploratory. Although our study is the most comprehensive

investigation of protein profiling to date, we were not able to quantify proteins

with low serum levels, such as cytokines, because the MRM limits of

quantif (144, 145). Nonetheless, changes in pro-

inflammatory cytokine levels have been consistently linked with depression.
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4.3. Combined classification

We performed a machine learning analysis on HRV data and proteomic

data to separate individuals with MDD from healthy controls. We identified

five important classifiers for MDD, APOB, GC, CP, RMSSD and SampEn,

which could be used to differentiate patients with MDD from controls with

70.2% sensitivity, 89.9% specificity, and 80.1 % overall classification

accuracy.

Better classification accuracy can be achieved by combining HRV and

proteomic data compared with using either alone. Protein markers, including

APOB, GC, and CP, suggested that modulation of the immune and

inflammatory systems and lipid metabolism were primarily involved in the

pathophysiology of MDD. HRV markers, including RMSSD and SampEn,

reflect the involvement of parasympathetic vagal activity and the complexity

of heart rate dynamics in MDD pathology. The results suggest that even

though abnormal cardiac autonomic control mechanisms and specific

biochemical pathway dysfunction are both related to a clinical diagnosis of

depression, they reflect different aspects of MDD pathophysiology, and

cannot replace each other in terms of reflecting the disease. Overall, 80%

accuracy was achieved, suggesting that combining heart rate dynamics and

proteomic information best represents the majority of symptomatic

information used currently to arrive at a clinical diagnosis.

Further investigation on larger, independent cohorts will be necessary to

verify the potential role of these five candidates as complimentary biomarkers

applicable to diagnosis. Along with this validation, it should be evaluated

whether these markers represent state markers or trait markers for MDD. Trait
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markers are related to the susceptibility or prediction of MDD. On the other

hand, state markers can be used to monitor disease progression and early

treatment responses to drugs in a patient. For this reason, a prospective study

in a homogenous population is necessary.

One of the major issues in discovering biomarkers for psychiatric disorders

is the heterogeneity of the current diagnostic category (e.g., DSM). The

current diagnostic system allows for several combinations of symptoms to be

included in one diagnosis. This heterogeneity results in a debate about

subtypes within MDD (e.g., melancholia, atypical depression). Other issues

include the delimitation from other disorders (e.g., MDD vs. bipolar disorder;

MDD vs. schizophrenia) and diagnostic transition among disorders (e.g., from

diagnosis of MDD to bipolar disorder). As DSM constructs do not necessarily

reflect underlying pathophysiological pathways, there is the possibility of

common pathologic alterations among different psychiatric disorders.

Therefore, candidate biomarkers in this study need to be validated via better

design of clinical trials focused on the sub-classification of MDD and a

differential diagnosis from bipolar disorder or schizophrenia.

5. Conclusion

In this study, we were able to identify peripheral biomarker candidates that

changed quantitatively in MDD through HRV analysis and a serum proteomic

approach. HRV analysis identified several classifiers that were associated with

sympathetic dominance and reduced complexity of heart rate dynamics. In the

proteomic analysis, several altered serum proteins related to modulation of the
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immune, inflammatory, and oxidative system were found in patients with

MDD using LC-MS/MS and MRM proteomic approaches, demonstrating the

utility of this method for blood-based biomarker discovery in MDD.

Furthermore, better classification accuracy can be achieved by combining

HRV and proteomic data than using either alone, suggesting that they reflect

different aspects of MDD pathophysiology.

- -free insight into the

pathophysiologic underpinnings of MDD. However, the application of high-

throughput proteome profiling to MDD in humans has mostly been restricted

to postmortem brain tissue and animal studies (34). Circulating blood

comprises a highly complex system that communicates with every tissue and

organ in the body. In addition, collection of peripheral blood samples, as well

as HRV analysis is a minimally invasive procedure as compared with

collection of tissue samples by biopsy.

This was a preliminary study with a small sample size and a limited

number of proteomic and HRV data aimed at demonstrating the power of

combining biochemical function with cardiac autonomic dynamics applied in

the classification framework. For full validation, the proposed model will

need to be applied to a much larger group of subjects, including other age

groups and males. Future work will also focus on differentiation of sub-

groups in MDD, prediction of treatment response, and early diagnosis at the

time of first presentation.
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