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ABSTRACT

Depression is a mental disorder of high prevalence, leading to a negative effect on
individuals, family members, society, and the economy. Traditional clinical diagnosis
methods are subjective, complicated, and require extensive participation of experts.
Furthermore, the severe shortage in psychiatrists’ ratio per population in Malaysia
imposes patients’ delay in seeking treatment and poor compliance to follow-up. On the
other side, the social stigma of visiting psychiatric clinics also prevents patients from
seeking early treatment. Automatic depression detection using speech signals is a
promising depression biometric because it is fast, convenient, and non-invasive.
However, current machine learning algorithms could not achieve high accuracy and
robust results yet. Moreover, the existing researches and approaches have minimal
support to Bahasa Malaysia. This research attempts to develop an end-to-end deep
learning model to classify depression from Bahasa Malaysia speech using our dataset
collected from clinically depressed and healthy Bahasa Malaysia speakers. The dataset
was collected via an online platform using participants’ mobile phones to record their
read and spontaneous speech and depression status. Depression status is identified by
the Patient Health Questionnaire (PHQ-9), the Malay Beck Depression Inventory-II
(Malay BDI-II), and subjects’ declaration of Major Depressive Disorder diagnosis by a
trained clinician. The dataset consists of 42 and 11 depressed female and male
participants, respectively, and 68 and 9 healthy female and male participants. However,
this research study focuses on female data only due to data insufficient. We provided a
detailed implementation of the deep learning model using two approaches: raw audio
input and acoustic features input. Muiltiple combinations of speech types were analyzed
using various deep neural network models. Additionally, an analysis of robust feature
selection was carried out on the acoustic features input before proceeding to the deep
learning models. After performing hyperparameters tuning, raw audio input from
female read and female spontaneous speech combination using AttCRNN model
achieved an accuracy of 91%. In comparison, robust acoustic features input from female
spontaneous speech using RNN model achieved an accuracy of 85%. These results
could be improved by providing a larger dataset. Besides, male and gender-independent
models could be further studied.



) add

Sle Ll s aianall 5 3 uV1 5 80 o b 580 ) (s cqal 5 JLETH 5D e il jlanal sa ESY)
350l ol ol (e Al 5 AS jliie allai g Bane 5 A g s e Ll (5 0 puall Gl (3,k ALY
Jliial 4 gmam 5 Ml AL KAl 8 o b e 8 OISl il L) s b alall il d el e
i madil) lall il 35k 5 Jga -AlA) Laaiaall 3Ll d s )AT 4als e Ankall dagliall o jal)
s Aglle 38y gaia (pe Agilall V) aleill il ) s (S Al Bl aa s jSaall g Dladl allal (e aa yall
ey A pllall Lol Aall Jiium ey (aat AGlall o)y Glag¥) ol el e 3 0e oY) i 4y 48
el dasill callaty W e las 5 e Y 2l G gen Wilia 2DISN 850 aladiinly LY Caliss)
4 el gl ey lalal) (33 5k (e QESY) Caiail Jald ¢Brae alali 3 gai s () Canll 18 Caagy
Gl de gane pan o QLESYL (ulian (9 3T 5 slanal (fianie (e Ciren UL (0 A sana aladinly
GV da ) (s sie 55 5 e (g lad Jamast] Al ganall (S Uikl (g aladinly Ay 5 3] duaie e
Ald Glind JMA ey ((PHQ-9) i sall dais il il JAA (e LY Alla aad oy LSY)
b J8 e (S iball QUSY) Gandldil mua 6 o o5 ¢(Malay BDI-1) 55l das jiall QSO el
Llae Ma ) V) ) dla) el 1 el TA clESYL Alias 31 jal Y e bl fe gana oS5 il
Caalll 5 a8 5 i) 8 5 sy Jatd Y1 iy e Adad) A jall eda 38 53 dlld pay slanal Jla ) 4
A g plA) G gaall AN 1 Hha Al ATl (aenl) alxill Jiade (o285 3 g Ll Leale dlaie V) e
Lpan) GISAL AL 38 alaaiuly S Cadll (g Baasia Cile sane Jilad 2 435 gaaal) Ciland) /el
A DY) J Aal I Glend) LY A seall ciland) Jlil e Jalad o) ja) &3 eelld L)) 28leaYl Aageal)
;J)ﬁ.d\} LS}"J\ Uasll e QAe\';“ G geall JIR0) ELEN Aaldl) cilalad) Jasa e a) any é.\.ud\ (’L‘ﬂ\ C.JLA.}
oo i) 4 ) A peall colend) s Loy A5 )aal 8 7)) 280 AHCRNN z25ai alaiuly &l
:\swﬁjﬁd)‘aw@uﬂ\ o34 Cpaat (Say /A0 A8 RNN Ciwe\aﬁuhubvuj&jsﬂ\ e)\SS\ @)L

A Guin e Baaine e zalaiy ) oSAl 3l Al o oSy eelld caila ) ST ey



APPROVAL PAGE

| certify that | have supervised and read this study and that, in my opinion, it conforms
to acceptable standards of scholarly presentation and is fully adequate, in scope and
quality, as a thesis for the degree of Master of Science in Engineering

Nik Nur Wahidah Nik Hashim
Supervisor

Hasan Firdaus bin Mohd Zaki
Co-Supervisor

| certify that | have read this study and that, in my opinion, it conforms to acceptable
standards of scholarly presentation and is fully adequate, in scope and quality, as a thesis
for the degree of Master of Science in Engineering

Azhar Mohd Ibrahim
Internal Examiner

Norashikin Yahya
External Examiner

This thesis was submitted to the Department of Mechatronics Engineering and is

accepted as a fulfillment of the requirement for the degree of Master of Science in
Engineering

Ali Sophian
Head, Department of
Mechatronics Engineering

This thesis was submitted to the Kulliyyah of Engineering and is accepted as a
fulfillment of the requirement for the degree of Master of Science in Engineering

Sany lzan lhsan
Dean, Kulliyyah of Engineering



DECLARATION

| hereby declare that this thesis is the result of my own investigations, except where
otherwise stated. | also declare that it has not been previously or concurrently submitted
as a whole for any other degrees at IIUM or other institutions.

Mugahed Al Ezzi Ahmed Ezzi

SIGNALUIE .o Date ........20 0040 ...



INTERNATIONAL ISLAMIC UNIVERSITY MALAYSIA

DECLARATION OF COPYRIGHT AND AFFIRMATION OF
FAIR USE OF UNPUBLISHED RESEARCH

SPEECH-BASED DEPRESSION RECOGNITION FOR BAHASA
MALAYSIA SPEAKERS USING DEEP LEARNING MODELS

| declare that the copyright holders of this thesis are jointly owned by the student
and HUM.

Copyright © 2021 Mugahed Al Ezzi Ahmed Ezzi and International Islamic University Malaysia. All
rights reserved.

No part of this unpublished research may be reproduced, stored in a retrieval system,
or transmitted, in any form or by any means, electronic, mechanical, photocopying,
recording, or otherwise without prior written permission of the copyright holder
except as provided below

1. Any material contained in or derived from this unpublished research
may be used by others in their writing with due acknowledgment.

2. UM or its library will have the right to make and transmit copies (print
or electronic) for institutional and academic purposes.

3. The UM library will have the right to make, store in a retrieved system
and supply copies of this unpublished research if requested by other
universities and research libraries.

By signing this form, | acknowledged that | have read and understood the UM
Intellectual Property Right and Commercialization policy.

Affirmed by Mugahed Al Ezzi Ahmed Ezzi

28/10/2021

Signature Date

Vi




ACKNOWLEDGMENTS

It is my utmost pleasure to dedicate this work to my dear parents and my family, who
granted me the gift of their unwavering belief in my ability to accomplish this goal:
thank you for your support and patience.

| wish to express my appreciation and thanks to those who provided their time,
effort, and support for this project. Special thanks to Asst. Prof Dr. Nik Nur Wahidah
Nik Hashim as a supervisor for her continuous support, encouragement, and leadership,
and for that, I will be forever grateful.

vii



TABLE OF CONTENTS

ADSTIFACT ...t i
ADSIIACE 1N AFADIC ... e ii
APPIOVAI PAGE..... oottt v
DECIATALION ... bbb %
(@00 o)/ o] 018 o= To TSP vi
ACKNOWIBAGMENTS ... vii
Table OF CONTENLS .....oviiiiiiciiie e viii
LISt OF TADIES ... X
LIST OF FIQUIES ...ttt Xi
LiSt Of ADDIEVIALIONS ......oviieiiiiiiee s Xiii
LiSt OF SYMDOIS ... XV
CHAPTER ONE: INTRODUCTION ..ottt 1
1.1 OVEIVIEW ..ottt sttt sbe bbbttt b e nns 1
1.2 Statement of The Problem ... 2
1.3 ReSEArch ODJECTIVES .....coueiiiieie it 3
1.4 Significance 0f RESEAICH .......cccociiiiiiiiiie e 4
1.5 Research Scope and Limitation ......ccoccooieiiiiiniin i 4
1.6 Research Methodology ........coereiiriiiiiiieie s 4
1.7 ThesiS OrganiZatiOn ........cc.ecveieiiieiieerieeieseeseeesreeseeae e sreesreseesreeneens 7
CHAPTER TWO: LITERATURE REVIEW. ...t 8
2.1 INTFOTUCTION .ttt 8
2.2 Depression ASSESSIMENT .........civeiieeiii et ae s 9
2.2.1 Gold-Standard QUESLIONNAITES .........ccereervieeireerineeeseeneeseeseeenees 9
2.3 Depression and SPEECH .......civerie i 11
2.3.1 How Speech iS Produced...........cccevveiiiiiieiii e 12
2.3.2 How Depression Affects Speech Production ............cccccevceniinnins 13
2.4 Speech-Based Depression DeteCtion ..........cccccvevvvreevveresieesieese e 15
2.5 SUMMAIY ...ttt e e e b e e e e e e naa e e e sres 18
CHAPTER THREE: METHODOLOGY ....ccocoiiiiiiece e 19
B L OVEIVIBW ..ttt bbbttt 19
3.2 Dataset COIECHION. .......cc.oieeiiee e s 19
3.2. 1 DAASEL-A ..o 19
3.2.2 DAaSEL-B......ccoiiiiieeee e 20
3.3 Audio Data Pre-ProCeSSING......cccuueiiereaieneesieeie et neesree e ee e 22
3.3.1 Raw Audio INpUt Pre-proCessing ........cceeerereriresieereeneniesesieniens 23
3.3.2 Audio Feature Input Pre-proCessing ........cccevvevvereeieeseerieaseeseennns 23
3.4 FAtUre EXIraCION. ......ccoviiiee ettt 24
3.4.1 Robust Features EXIraCtion ...........ccoeeeviveresiieneeneeieseese e e 27
3.5 Deep Neural Network Models ... 29
3.5.1 Fully Connected Neural Network Model.............ccccovviiieiieinnns 29
3.5.2 Convolutional Neural Network Model ............ccocvvvviieiiiiniene. 30
3.5.3 Recurrent Neural Network (RNN) Model .........ccccooevvevviiieinenne. 33

viii



3.5.4 Attention Convolutional Recurrent Neural Network

(ATCRNN) ..o 35

3.6 OVErall PrOCEAUIES ......cveiveerieeieeie e eie et 37

3.7 SUMMAIY ..ttt e e e e nb e e st e e nnb e e e nnbe e e nnneeeneees 38
CHAPTER FOUR: RESULT AND DISCUSSION ......cccoceiiiiieiieir e siesieeiens 39
4.1 OVEIVIBW ..ottt sttt bbbt sttt bt 39

4.2 Dataset-A ReSUlt ANAIYSIS ..o s 39

4.2.1 Raw Audio Input Result ANalysisS..........ccovriiiiiniiiencieneseniens 39

4.3 Dataset-B Result ANalysiS........ccccoveieiiiiiiii e 42

4.3.1 Raw Audio Input Result Analysis..........ccoooveveiirieniiiieiiee e 42

4.3.2 Acoustic Features Input Result Analysis .........cccccevereneniiiennninns 44

4.3.3 Robust Features Selection ...........coocvveveveniniiniieee e 47

4.3.4 Robust Features Result Analysis.........cocvvvevieiieeiiee e, 50

4.4 Hyperparameter TUNING ........coeiireiineeieienie st 52

4.4.1 Raw Input AttCRNN Model Hyperparameter Tuning.................. 52

4.4.2 Feature Input RNN Model Hyperparameter Tuning..................... 55

4.5 Cross Validation ........c.ccoueruiiieiieie et 57

4.0 SUMIMEAIY ¢ttt ettt et e e bt e e e e st e e e bt e e e nbb e e e s e e ennes 58
CHAPTER FIVE: CONCLUSION AND RECOMMENDATION.........ccccu.. 59
5.1 CONCIUSION ..t te e e e eneennee e 59

5.2 LIMITALIONS ...viviiiieiieiesies ettt sbesre e 61

5.3 RECOMMENAALIONS .....veeveieieiieeiisieesiee et e s s ie b seaesree e 62
REFERENGCES ..ottt 64
APPENDIX | oottt a e ae e neeneenean 70
APPENDIX Tttt ettt neens 75
APPENDIX T oottt nne s 81



LIST OF TABLES

Table 2.1: Summary of recent works on speech depression detection using deep
learning 18

Table 3.1: Number of subjects according to depression severity level in Dataset-A 20

Table 3.2: Summary of Dataset-B characteristics 22
Table 3.3: The List of The Extracted Acoustics Features 27
Table 4.1: Accuracy Result Summary for Dataset-A Raw Input Data 40
Table 4.2: Number of subjects in AVEC 2017 Speech Depression Dataset 41
Table 4.3: Accuracy Result Summary for Dataset-B Raw Input Data 43
Table 4.4: Accuracy Result Summary for Dataset-B Features Input Data 46
Table 4.5:List of Acoustic Features Having CV Less Than 20% 50

Table 4.6: Accuracy Result Summary for Dataset-B Robust Features Input Data 51

Table 4.7: AttCRNN Model Hyperparameters Combination Results for FR and FS
Data Combined 53

Table 4.8: RNN Model Hyperparameters Combination Results for FS Dataset 55

Table 4.9: 5-Fold Cross Validation Accuracy for AttRCNN_3 64 0 Model 58



LIST OF FIGURES

Figure 1.1: Research methodology flow chart 6

Figure 2.1: Schematic diagram of speech production (Cummins et al., 2015) 13

Figure 3.1: Experiment process flow for identifying robust features 29
Figure 3.2: Fully connected neural network model architecture 30
Figure 3.3: CNN model architecture 32
Figure 3.4: A recurrent network cell 33
Figure 3.5: RNN model architecture 34
Figure 3.6: AttCRNN model architecture 36
Figure 3.7: Overall training and classification procedures 37
Figure 4.1: Accuracy and Loss graphs for CNN training on FR+FS dataset 40

Figure 4.2: Accuracy and loss graph results from training CNN model using AVEC
dataset 42

Figure 4.3: AttCRNN training graph using FR and FS data from Dataset-B 43
Figure 4.4: CNN training graph using FR and FS data from Dataset-B 44

Figure 4.5: Data visualization for the extracted features from depressed and healthy
(neutral) subjects 45

Figure 4.6: RNN training graph using Contrast feature from FR and FS data 47

Figure 4.7: Speech signal waveform for the simultaneous recording of one of the
participants reciting the Rainbow Passage using seven devices 48

Figure 4.8: CV between seven devices graph for MFCC, Chroma, Contrast, and

Tonnetz 49
Figure 4.9: CV between seven devices graph for Mel 49
Figure 4.10: RNN training graph using robust features from FR data 51

Figure 4.11: AttCRNN_3_64 0 training graphs using raw audio input from FS and FR
data 54

Figure 4.12: RNN_3 265 0.4 training graphs using robust features from FS data 56

Xi


/Users/mac/Desktop/MSc/Writings/Final%20Submission/210907_Ezzi_Thesis_correction.docx#_Toc83580794

Figure 4.13: RNN_4 265 0.2 training graphs using robust features from FS data 57

xii



AttCRNN

AGC

ANS

BN

BDI

CVv

CONV

CNN

DCNN

DFT

DNN

ECG

EEG

FFT

FR

FS

FC

GMM

GPU

HAMD

KNN

LSTM

LLD

LIST OF ABBREVIATIONS

Attention Convolutional Recurrent Neural Network
Automatic Gain Control

Automatic Nervous System

Batch Normalization

Beck Depression Index

Coefficient of Variance
Convolutional

Convolutional Neural Network
Deep Convolutional Neural Network
Discrete Fourier Transform

Deep Neural Network
Electrocardiogram
Electroencephalogram

Fast Fourier Transform

Female Read

Female Spontaneous

Fully Connected

Gaussian mixture model

Graphical Processing Unit

Hamilton Rating Scale for Depression
K-Nearest Neighbors

Long Short-Term Memory

Low-Level Descriptors

Xiii



MDD
MAE
MFCCs
MADRS
MIDI
QIDS
RNN
SNS
STFT
SVM
AVEC
Tonnetz
VQal

WHO

Major Depressive Disorder

Mean Absolute Error

Mel-Frequency Cepstral Coefficients
Montgomery Asberg Depression Rating Scale
Musical Instrument Digital Interface

Quick Inventory of Depressive Symptomology
Recurrent Neural Network

Somatic Nervous System

Short-Time Fourier Transform

Support Vector Machine

The Audio/Visual Emotion Challenge

Tonal centroid features

Voice Quality

World Health Organization

Xiv



LIST OF SYMBOLS

Audio Signal

Mean

Standard Deviation
Tonal Centroid Vector
Time Frame

Chroma Vector

Transformation Matrix

XV



CHAPTER ONE
INTRODUCTION

1.1 OVERVIEW

Depression is one of the most common mental disorders. Globally, it is
estimated that more than 300 million people of all ages suffer from depression (World
Health Organization, 2017). Consequently, it can cause the affected person to function
poorly at work, school, and within the family. At its worst, depression can lead to
suicide. The case of Malaysia is no exception; in fact, depression is the most common
mental illness reported in Malaysia (Mukhtar & P. S. Oei, 2011). In 2015, it was
reported that 29.2% of Malaysians had suffered from mental illnesses, including
depression and anxiety disorder (Institute for Public Health, 2015). An early
intervention aimed at preventing the onset of clinical depression can provide an

effective means for reducing the disease’ s burden. However, currently, the range of

diagnostic tools for identifying depression is quite limited. Assessment methods rely
almost exclusively on patient self-reporting and clinical opinion, risking a variety of
subjective biases. Consequently, it is essential to look for new objective measures that
help clinicians diagnose and monitor clinical depression (H. Jiang et al., 2017).
Non-verbal information processing of speech for creating various IT tools is an
important area for cognitive info-communication (Baranyi, Csapo, & Sallai, 2015). The
fascinating field of using speech as a bio-signal and developing different non-invasive

diagnostic tools makes an automatic assessment of the people’ s cognitive and

psychological state possible. Automatic depression detection based on speech

processing belongs to this research field



1.2 STATEMENT OF THE PROBLEM

Nowadays, the number of people who have a mental illness is increasing
dramatically all over the world. In regions with a relatively large population, such as
Western-Pacific and South-East Asia, around half of the people suffer from depressing
live (World Health Organization, 2017). In Malaysia, the prevalence of mental health
issues has been steadily increasing from 10.7% in 1996, to 11.2% in 2006, to 29.2% in
2015 (Institute for Public Health, 2015). World Health Organization (WHO) ’s Global
Health Observatory data repository reported that there were only 1.05 psychiatrists per
100,000 population for Malaysia in 2016 (World Health Organization, 2019). As of the
year 2018, a more recent study showed 410 registered psychiatrists in Malaysia,
representing 1.27 psychiatrists per 100,000 population. WHO has recommended a ratio
of psychiatrists to the Malaysian population of 1:10,000. However, the current ratio is
only 1:80,000 (Guan, Lee, Francis, & Yen, 2018). This severe shortage of psychiatrists
in the country may pose several problems for those facing mental health issues. These
problems include delay in seeking treatment, long waiting time for psychiatric
consultation, low-quality outpatient mental health care, poor compliance to follow-up
and treatment, increased drug abuse and addiction cases, a surge in suicide rates,
unemployment, and homelessness.

Another contributing factor to preventing people with mental health issues from
seeking clinical treatment is the social stigma, especially in Malaysia. People are afraid
to be called crazy or psycho; hence, they will not attempt to see a psychiatrist once they
feel they have a mental issue during the early stage.

Early detection and treatment of depression can provide effective means for

minimizing the negative impacts of the illness. However, the available techniques and



tools for depression diagnosis are pretty limited. In psychiatric clinics, diagnosis
procedures need extensive participation of experts, and it can be subjective. Other
techniques such as electroencephalogram (EEG) and electrocardiogram (ECG) signals
are time-consuming, complicated, and expensive. They require a skilled and
experienced clinician to perform the device setup and proper wire connection to get
correct data, then analyze them and draw a diagnosis. Additionally, it restricts body
movement during the test, causing lots of inconvenience to the patient.

The utilization of speech as a bio-marker tool to assess the state of depression is
non-invasive, fast, and easy to access by a broader range of people. Speech-based
detection of depression has attracted increasing attention from researchers in
psychology, computer science, linguistics, and related disciplines. However, current
machine learning algorithms could not achieve high accuracy and robust results yet.
Moreover, the existing researches and approaches have minimal support to Bahasa

Malaysia.

1.3 RESEARCH OBJECTIVES

The research aims to achieve the following objectives:

1. To develop a speech depression dataset from Bahasa Malaysia female speakers.

2. To develop an end-to-end deep learning models that classifies the depression
state from Bahasa Malaysia female speech using raw audio input and acoustic
feature input and compare between read and spontaneous speech.

3. To analyze microphone independent features for robust speech depression

detection and evaluate the performance of the developed models.



1.4 SIGNIFICANCE OF RESEARCH

The significance of contributing to depression detection research study is not
providing better or safer treatment to the illness. Further, it does not mean dispensing
with the psychiatrist role altogether but rather providing an alternative. Nevertheless,
the study’s goal is to provide a convenient and accessible tool to predict depression.
Thus, encouraging them to seek treatment at an early stage to prevent the disorder’s

consequences before it worsens, including suicide as its worst-case scenario.

1.5 RESEARCH SCOPE AND LIMITATION

The research aims to focus on developing a speech-based depression detection.
The scope of the research covers the Bahasa Malaysia language. Detection of depression
consists of classifying the input audio signal as depressed or healthy (not depressed).

Collecting speech dataset is one of the biggest challenges in this research.
Reaching out to people diagnosed with depression, recording their voices, and
collecting their data are not easy tasks. Ideally, on-site recording by collaborating with
a psychiatric clinic should be performed. However, due to the COVID-19 pandemic,
this was totally out of the question. Alternatively, we performed online data collection
utilizing social media to find our targeted participants. Due to the limited access to
speech dataset in general, and male data in particular, we have decided to focus in this

study on female participants’ data only.

1.6 RESEARCH METHODOLOGY

The following methodology will be adopted to achieve the objectives of the research.
1. Extensive literature review on speech-based depression detection.

2. Data collection



3. Dataset pre-processing and filtering
4. Acoustic feature extraction and analysis
5. Raw audio pre-processing and normalizing
6. Develop and train different DNNs models for classification
7. Model testing, validation, and analysis
Figure 1.1 shows the flowchart of the research methodology to be adopted in this

research.
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Figure 1.1: Research methodology flow chart




1.7 THESIS ORGANIZATION

This research thesis is divided into several chapters.

Chapter 1: Introduction

This chapter discusses the research overview, including research objectives, problem
statements, research scope, research significance, and research workflow.

Chapter 2: Literature Review

This chapter reviews the literature on speech-based depression detection. The review
covers an overview of depression, some of its assessment tools, and how it is related to
speech signals. Furthermore, it reviews the previous works and researches on speech
depression detection. This review will help us extract the important concepts and get
the general concept to finally develop our model.

Chapter 3: Methodology

This chapter discusses the process of data collection and its pre-processing, DNNs
model design and architecture, and audio features extraction.

Chapter 4: Results and Discussion

Results of different input formats such as raw input and feature input are compared
and discussed in this chapter. This includes all training performance and classification
results.

Chapter 5: Conclusion

This chapter summarizes what was achieved in this research study. Moreover, this

chapter discusses the limitations and recommendations.



CHAPTER TWO
LITERATURE REVIEW

2.1 INTRODUCTION

Professionals across numerous fields are trying to develop helpful tools for
depression assessment. Each subfield tends to approach the job from a unique point of
view, with somewhat different objectives and totally different database sources. Due to
these observed distinctions, it is difficult to compare approaches (Morales, Scherer, &
Levitan, 2017).

Despite the existing differences, every system and research study shares the
typical goal of discovering a method to utilize innovation to assist evaluate depression
(Morales et al., 2017). This chapter aims to serve as a bridge between the subfields by
providing a comprehensive review of depression detection systems throughout
subfields. In this chapter, we will address how depression has been defined and
annotated in depression detection systems, what are the conventional assessment tools,
how are speech signals affected by the mental state of depression, what are the existing
detection systems available, and how well do they perform.

Major depressive disorder (MDD) is a common and serious medical illness that
negatively affects how you feel, think, and act. It can lead to various emotional and
physical problems and decrease a person’s ability to function at work and home
(American Psychiatric Association, 2013).

Depression symptoms can differ from moderate to serious and can consist of the
feeling of unhappiness, loss of interest, weight gained or loss unassociated to dieting,
changes in appetite, insomnia or hypersomnia, increased fatigue or loss of energy,

increase in purposeless physical activity, for example, hand-wringing or pacing or



slowed movements and speech (actions observable by others), feeling blameworthy or
worthless, bradyphrenia, difficulty concentrating or making decisions, thoughts of death
or suicide. Symptoms must last for at least two weeks for a medical diagnosis of

depression (American Psychiatric Association, 2013)

2.2 DEPRESSION ASSESSMENT
2.2.1 Gold-Standard Questionnaires

Frequently used assessment tools consist of meeting style assessments such as
the Hamilton Score Scale for Depression (HAMD) (Hamilton, 1960) or self-
assessments such as the Beck Depression Index (BDI) originally published in 1961 as
well as changed in 1996 (Beck, Steer, & Brown, 1996). Both analysis methodologies
rate the extent of 21 signs and symptoms observed in anxiety to offer a client a score
related to their level of anxiety. The significant distinctions in between both scores are
that HAMD is a clinician-rated survey that can be finished in 20 to 30 minuets, while
BDI is a self-reported questionnaire that can be completed in just 5 to 10 minutes. Both
ranges utilize different things; the HAMD prefers neuro-vegetative signs (signs and
symptoms that affect an individual's everyday functioning such as weight, sleep,
psychomotor retardation, and tiredness), while the BDI favors negative self-evaluation
symptoms and also various weighting systems when generating their total score. Both
evaluations have actually been revealed to have anticipating legitimacy as well as
uniformity when setting apart dispirited from non-depressed individuals (Cummins et
al., 2015).

The HAMD has actually long been considered as the gold standard assessment
tool for depression for both diagnosis and research functions, although this status

constantly comes into question (Maust et al., 2012). The HAMD evaluation rates the



