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Abstract---Over 322 million people worldwide are affected by
depression, the leading cause of disability. Major depressive disorder
(MDD) is the most frequent mental disorder and contributes
significantly to the global disease burden. Current depression
diagnoses, on the other hand, are beset by issues such as patient
denial, clinical experience, and self-report bias. Early detection of
depression can assist in lessening or even eliminating its detrimental
effects. To help the conventional diagnostic approaches in psychiatry,
there has been much research into automated depression prediction
in recent years. Automated depression identification based on
machine learning techniques can help disorder analysts diagnose
depression more effectively. The literature on depression has proven
that the acoustic features of a depressed individual vary from a
normal individual. This paper aims to identify the minimal acoustic
features that can be used to detect depression accurately and propose
a majority voting classifier for detecting depression (MVCDD). MVCDD
is designed with the base classifiers, including Random Forest
Classifier (RFC), Support Vector Classifier (SVC), and Logistic
Regression (LR). The experiments are performed on the data collected
from the students of Government Polytechnic, Masabtank, Hyderabad,
India. Results show that the proposed MVCDD model using the
feature selection technique of Recursive Feature Elimination with
Support Vector Machine (SVM-RFE) given the accuracy, specificity,
and balanced accuracy of 81%, 94%, and 77%, respectively. These
results comparatively outperform the existing state-of-the-art models
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for depression detection. To evaluate the work 10-fold cross-validation
technique is used.

Keywords---Acoustic features, Depression, Feature selection, Majority
voting, SVM-RFE.

Introduction

Since the last decade, the number of people affected by depression has risen.
Depression, according to the World Health Organization (WHO), is a common
mental condition that affects 322 million people worldwide [1]. Major Depressive
Disorder (MDD) is a medical disorder that involves emotion and mood, as well as
neurovegetative activities (such as hunger and sleep difficulties), cognition (such
as improper guilt and feelings of worthlessness), and psychomotor activity (such
as agitation or retardation) [2][3][4].

Machine learning techniques are being explored fast to provide technical
assistance to psychiatrists in diagnosing depression. There are good publications
on the most prevalent machine learning approaches for brain imaging
categorization and prediction. A review of research found that magnetic resonance
imaging data was utilized to differentiate MDD from other mood disorders and
look for treatment outcome predictors for individual patients [5][6]. Using
magnetic resonance imaging (MRI) and deep learning algorithms for diagnosis,
neuroscientists can predict a positive rate of 81% for autism [7].

The depressed person tends to differ in speaking from a normal person; therefore,
it can be an effective biomarker to identify depression [8][9]. In the last five years,
there have been several attempts to diagnose depression using speech signals
worldwide [10][11].

Feature Selection (FS) plays a crucial role in any predictive model of machine
learning to select the significant features in predicting the target [12][13]. FS
increases the model’s performance by eliminating the less-important features and
reducing the time complexity [14]. FS also helps avoid the curse of dimensionality
[15][16]. Numerous features were extracted in previous studies to enhance the
classification effect. Still, it is uncertain what acoustic features are optimal for
detecting depression [17]. In spite of the continuing research, accurate diagnosis
of depression using a limited number of speech features remains difficult. This
work extracted several acoustic features from the speech recordings of the
students of Government Polytechnic, Masabtank, Hyderabad, India, to ensure
diversity in the feature subspaces. To overcome the issue of higher
dimensionality, the highly correlated features among themselves are discarded.
The SVM-RFE FS technique has been employed for the selection of essential
features. Later, the classification performance of those features is examined
against different machine learning models.

Further, a majority voting classifier model for depression detection (MVCDD) was
proposed to achieve better classification performance. The classifiers used for this
task are Random Forest Classifier (RFC), Support Vector Classifier (SVC), and
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Logistic Regression (LR). These classifiers are chosen in this work as they are
extensively used in the healthcare domain for depression detection
[18][19]]20][21][17].

The remainder of this paper is structured as Section 2 provides the related work;
Section 3 describes the Participants used to experiment with the proposed work.
Section 4 explains the proposed methodology and subsections, including feature
extraction, and FS Section 5 describes how the classification is carried on to
identify whether a person is depressed or not. Section 6 furnishes the
experimentation outcomes and a discussion on that, and the last section offers
the conclusion of the proposed work.

Literature survey

A recent study has indicated that using voice as an investigative and monitoring
tool for depression holds promise [8][17][22][23]. As the human speech production
system is complicated, acoustic changes in speech can be caused by even slight
cognitive or physiological changes. Listeners can detect various distinct features
in a depressed voice, according to [24], who conducted an initial assessment of
patients with major depression.

Many speech characteristics have been investigated to identify depression. The
work [25] established that the duration of the speech pause for 60% of depressed
participants was extensively linked with their Hamilton Depression Rating Scale
(HAM-D) score. Research [26] conducted a sequence of hearing experiments
utilizing signals made of FO contours to examine if analysts, none of whom knew
anything about psychology, could discover if a particular contour is of a speaker
who was diagnosed as depressed or had completed therapy claiming accuracy of
80 percent.

A previous study [27] found considerable variations in the duration of speech
pauses between the spontaneous speech of their depressed group and the control
group. Previous studies have shown that FO is affected by variations in a person’s
agitation and anxiety [27], personality characteristics [28], and underlying mood
[29]. However, few studies [30][31] have identified no significant relationship
between FO and depression.

The work in [32] examined vocal prosody and discovered that differences in
fundamental frequency and delay of responses to interviewer questions could
differentiate people with moderate/severe depression from those who were not.
Research work of [33][34] worked with classification systems for spectral, glottal,
and prosodic features.

Some studies, such as [35], discovered that variations in the rate of speech are
more noticeable at the phoneme level and that employing phone-duration and
phone-specific measures rather than a global speech rate yielded more significant
associations between speech rate and depression severity.

Scherer’s research [36][37][38] found a strong link between voice quality
characteristics and depression levels. The works mentioned in [39][40][10]
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identified depression using low-level descriptors (LLDs) and statistical features.
Research [17][41][42][43][44] looked at the mel-frequency cepstrum coefficients
(MFCCs) and found that the depression categorization recognition performance
was statistically significant.

An investigation [31] discovered that depressed people have higher levels of energy
in the glottal spectra. The work [33] employed fundamental frequency and speak-
switch time as input components to a logistic regression classifier on 57
depressive patients. When it came to identifying participants who reacted or did
not respond to a depression diagnosis, they got an accuracy rate of 79%.

Explorative study [45] studied the speech of adolescent boys and girls who had
regular conversations with their parents (68 participants had depression, 71
participants were controls). They divided their acoustic characteristics into five
categories: spectral, cepstral, prosodic, glottal, and Teager Energy operators
(TEO), where the TEO is a non-linear energy operator. They obtained better
results with sex-dependent models than with sex-independent models. Within a
group of 20 depressive individuals, an investigation [46] discovered no significant
differences between fundamental, prosodic aspects of single-dimensional and
clinically identified subgroups. According to the authors, both the complexities of
speech and depression necessitate a multivariate approach to diagnosing
depression through speech features.

In [34], the authors have investigated 30 English-speaking participants and
provided an ensemble classification method based on GMM classifiers which
incorporated glottal and prosodic characteristics. They received a 74 percent
classifier result.

Data collection and
Preprocessing

’ Machine Learning Predictions

Speech elicitation from

Hard majority voting —
classifier with LR.SVM,RFC

Model Training —
(Predict whether Depressed
or not with the availabe
data)

Hyperpearameter
tuning 4 Classifiers: )

Government Polytechnic
Students

Record
1. Read speech
2. Free form speech

Data Filtering
(Students who completetd speech elicitation!
successfully)

Y

| Predicted model
Test models against test
ddta

Y

-LogisticRegression

-Random Forest
-AdaBoost
-Bagging classifier
-MVCDD classifier

datat preprocessing

Performance evaluation to
assess the classification model

-Accuracy
-Balanced Accuracy

T -Specificity

[Total 219 students' data Feature N\ / _Sensitivity

is eligible for Machine extraction Classifier an -]"I-Scﬂrel
Learning . Suboptimal featureset

Figure 1. The complete framework of the proposed work

To identify depression from spontaneous speech, [39] selected three classifiers
and a variety of feature sets. They discovered that loudness and intensity
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variables were the most discriminatory, and pitch and formant features would be
more relevant for intra-individual comparisons. They gathered 30 healthy people
and 30 people with depression who could communicate in English. They
concluded that GMM and SVM performed well in the classification.

Research [11] evaluated 35 people with Hamilton Depression Scale (HAMD) scores
of less than seven or more than seventeen. They observed that SVM showed better
performance than GMM for diagnosing depression severity, using related
dynamics and the first three formant trajectories as characteristics. Another work
[10] investigated 170 people and developed an SVM-based computational
technique. They recorded a 75.96% of accuracy rate.

Therefore, upon the kin observation of the literature, it is found that there is a
gap in research in achieving improved classification accuracy with a relatively
small feature subspace. Therefore the current work focuses on tackling this point
by attaining 81% classification accuracy only with the best ten features of the
EMOBASE feature subspace with the proposed MVCDD model, utilizing the best
available machine learning concepts.

Proposed method

The complete framework of the proposed work is presented in Figure 1. Various
features are extracted from the speech recordings as part of the data collection.
Data preprocessing is performed before moving on to the FS. Finally, classification
models are applied to the features that have been chosen. The following
subsections briefly explain these steps.

Participants

For this study, the data is collected from the students of Government Polytechnic
College, Masabtank, Hyderabad, India. The dataset consists of the recordings of
219 subjects (110 female) with a mean age of 18.5 years; the total duration of all
the recordings is 29.2 hours. The students were explained the purpose of the data
collection and taken their signatures on the written informed consent before
starting the process. Initially, each student was informed to fill out the PHQ-8
questionnaire. In major clinical investigations, the eight-item Patient Health
Questionnaire depression scale (PHQ-8) has been proven as a viable diagnostic
and severity assessment for depressive disorders. The total score (out of 24) of
each student is calculated, and the labeling is done as “Majorly Depressed” if the
score is >=10. Filling out the PHQ-8 questionnaire and labeling as “Majorly
Depressed” or “Normal” is carried out in a psychiatrist’s presence.

Recording set-up:

Once the labeling was completed, the students were asked to enter the recording
laboratory one after the other. The recording laboratory is set up in such a way
that it is a closed room with adequate lighting conditions and a negotiable
amount of noise. In order to reduce the channel-related effects and provide
consistency throughout the data collection, a similar microphone and the
recording equipment are used for all the students. A wearable microphone is
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supplied to avoid recording errors caused by the slumped body posture, increased
agitation, and psychomotor retardation.

Speech elicitation:

As part of the speech elicitation, the students were asked to read a phonetically
balanced paragraph called “The North wind and the Sun” from Aesop’s Fables. It
is frequently employed in acoustic analysis in international multilingual clinical
studies. The International Phonetic Association (IPA) recommends it for eliciting
all phonemic contrasts that occur in English when testing global users or regional
usage.

Read speech may not always accurately reflect the acoustic impacts of
depression. Using free speech eliminates practice effects and may enable a
broader range of induced emotional effects, such as asking participants to narrate
situations that have elicited strong emotions. Many AVEC 2014 participants
observed that free form speech performed better than reading speech in terms of
predictor performance. The students were given a choice to record a free form
speech, including the topics like their favorite holiday spot, whether advanced
technology is either a boon or bane, a role model for their life, etc. A mixture of
reading and free form speech is collected in this work, as each has its own set of
benefits.

Feature Extraction

The openSMILE tool is used to extract the acoustic features from the speech
recordings. The openSMILE (Munich open Speech and Music Interpretation by
Enormous Space Extraction) technology was created to extract large audio feature
spaces in real-time [48]. It is open-source software that provides different
configuration files (*.config) that can be executed against the speech recordings
depending on the required features. This paper uses eGeMAPS, EMOBASE, and
Is09-13 config files. These features were chosen for their ability to index affective
physiological changes in voice production, their relevance in previous research,
and their theoretical significance. These three sets of features include prosodic,
cepstral, and emotional characteristics of a speech.

Prosody is concerned with linguistic functions like intonation, stress, and rhythm,
which are not individual phonetic segments but rather properties of syllables and
larger units of an expression. The cepstrum is a metaphor used in homomorphic
signal processing to transform convolutionally combined signals (such as a source
and filter) into cepstra sums for linear separation. The power cepstrum, in
particular, is often used as a function vector for portraying the human voice and
musical signals. Emotion in speech can be thought of as a two-part
communication system: the speaker’s expression or representation of the emotion
(the encoding) and the auditory signals (e.g., sound intensity) that reflect the
perceived or expected emotion.
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eGeMAPS features

It stands for the extended Geneva Minimalistic Acoustic Parameter Set. This
feature set was inspired by an interdisciplinary gathering of voice and speech
scientists in Geneva and improved at the Technische Universitat Mtinchen (TUM)
[49]. All 18 Low-level descriptors (LLD) are given functionals of arithmetic mean
and coefficient of variation, generating 36 parameters. Loudness and pitch were
calculated using the 20th, 50th, and 80th percentiles, the range of the 20th to
80th percentiles, and the standard deviation and mean of the slope of the
rising/falling signal sections. As a result, there were a total of 52 parameters.

A total of 56 parameters are presented, including the arithmetic mean of the
Alpha Ratio, the Hammerberg Index, and the spectral slopes from 0-500 Hz and
500-1500 Hz overall unvoiced segments. The number of continuous voiced
regions per second, the rate of loudness peaks, the mean length and standard
deviation of continuously voiced areas, the mean length and standard deviation of
unvoiced regions, and the mean length and standard deviation of unvoiced
regions were all included as temporal features. An extended minimalistic set is
presented, which includes seven extra LLDs relating to MFCCs, spectrum flux,
and formants bandwidth in addition to the 18 LLDs of the minimalistic set. In
total, the eGeMAPS contains 88 parameters. Some of the prominent features and
their descriptions are given in Table 1.

Table 1
Description of eGeMAPS features

Name of feature Meaning
Pitch logarithmic FO on a semitone frequency scale
Jitter individual FO period length deviations
Formant 1,2,3 the centre frequency of the first, second, and third
frequency formant
Formant 1 the bandwidth of the first formant

. the difference between consecutive FO periods’ peak
Shimmer .

amplitudes

Loudness the estimate of perceived signal intensity from an auditory

Harmonics-to-Noise
Ratio

Alpha Ratio

Hammerberg Index

Spectral Slope 0-500
Hz and 500-1500 Hz

Formant 1,2,3
relative energy

Harmonic difference
H1-H2

spectrum

the relationship between harmonic component energy and
noise-like component energy

ratio of total energy between 50 and 1000 Hz and 1 to 5
kHz

the ratio of the 0-2 kHz region’s strongest energy peak to
the 2-5 kHz region’s strongest peak.

within the two bands, the linear regression slope of the
logarithmic power spectrum.

the ratio of the energy of the spectral harmonic peak at
the first, second, and third formants’ center frequencies to
the energy of the spectral harmonic peak at FO

the ratio of the first FO harmonic’s (H1) energy to the
second FO harmonic’s (H2) energy (H2)
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Harmonic difference the energy of the first FO harmonic (H1) to the energy of

H1-A3 the third formant range’s highest harmonic (A3)

MFCC 1-4 Mel-Frequency Cepstral Coefficients 1-4

Spectral flux the difference between two consecutive frames’ spectrum
Formant 2-3 Formant 1-3 parameters have been added for
bandwidth completeness.

Is09-13 features

The INTERSPEECH 2009 Emotion Challenge feature set is defined in this config
file. There are 384 statistical functionals applied to LLD contours in this study
[50]. The features are stored in .arff format (for WEKA), which allows adding
additional instances to a file that already exists (This is meant for batch
processing, in which the openSMILE is called repeatedly to extract the features
from numerous files and save them to a single feature file). The suffix _sma
added to the names of the low-level descriptors denotes that they were
smoothed using a moving average filter with a window length of three. The suffix
‘ de’ attached to the ‘ sma’ suffix indicates that the current feature is a
smoothed low-level descriptor’s 1st order delta coefficient (differential). Because
of the MFCCs’ performance in speech, based on previous research [51] and the
importance of prosodic features [52][53], the 16 LLDs are made up of 12
cepstral descriptors (MFCCs) and four prosodic descriptors [53]. The names of
the 16 LLDs, the 12 functionals, and how they are found in the Arff file are
given in Table2.

EMOBASE features

For emotion recognition, a total of 988 auditory features can be retrieved. The
following LLDs are part of the feature set defined by emobase.conf: Pitch(F0),
Probability of Voicing, FO envelope, 8 Line Spectral Frequencies(LSFs), Zero-
Crossing Rate, Intensity, Loudness, 12 MFCCs, 8 Line Spectral
Frequencies(LSFs), Probability of Voicing, Zero-Crossing Rate, Pitch(F0), FO
envelope. The LLD and delta coefficients are subjected to the following
functionals: max./min. value and relative location within the input, arithmetic
mean, range, two linear regression coefficients and linear and quadratic error,
skewness, kurtosis, quartile 1-3, standard deviation, and three inter-quartile
ranges. There are 988 features in total [54]. The essential features of EMOBASE
are listed in Table 3.

Table 2
Description of Is09-13 features

Name of feature = Meaning

pcm_RMSenergy The energy of the root-mean-square signal frame
mfcc MFCCs 1-12
pcm-zcr Zero-crossing rate of time signal (frame-based)
voicing probability calculated from the Auto Correlation
voiceProb Function
FO the fundamental frequency calculated from the cepstrum
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max
min
range
maxPos
minPos
amean

linregcl
linregc2
stddev

skewness

kurtosis

the contour’s highest value

the contour’s lowest value

max minus min

the largest value’s absolute position (in frames)

the smallest value’s absolute position (in frames)

the contour’s arithmetic

the contour’s slope (m) when approximated using a linear
approximation

the contour’s linear approximation’s offset (t)

the standard deviation of the contour’s values

3rd order moment: spectral tilt of the long-term average
spectrum

4th order moment: peakedness of the long-term average
spectrum

Table 3
Description of EMOBASE features

Name of feature

Meaning

pcm loudness
mfcc

the loudness as the normalized intensity raised to a power of
0.3

15 mel-frequency cepstral coefficients

log power of 8 mel-frequency bands distributed between 0 & 8

logMelFreqBand kHz

8 Line Spectrum Pair frequencies computed from 8 Linear
IspFreq Prediction Coefficients
Fy final the smoothed fundamental frequency contour
FOnenv the envelope of the fundamental frequency contour
jitterLocal the local frame-to-frame jitter (pitch period length deviations)
jitterDDP The differential frame-to-frame Jitter (the "Jitter of the Jitter’)
shimmerLocal the local (frame-to-frame) Shimmer
voicingFinal the final fundamental frequency candidate’s voicing probability
quartilel 1st quartile: 25 percentile
quartile2 2nd quartile: 50 percentile
quartile3 3rd quartile: 75 percentile
iqrl-2 quartile2-quartilel: The inter-quartile range
iqr2-3 quartile3-quartile2
iqrl-3 quartile3-quartilel

The summary of the features is shown in Table 4, where the total number of
features extracted is 1460. The feature subspaces are composed to experiment
with different features and the combinations of the features. Hence, the seven
unique feature subspaces are composed of three chosen feature sets, as shown in

Table 5.



7501

Table 4
Summary of acoustic features extracted for this work

Baseline feature # of
category features
eGeMAPS 88
Is09-13 384
EMOBASE 988
Total 1460

Data Preprocessing

There were no missing values for any feature that was extracted. The
normalization technique is used to convert the numeric columns to a standard
scale; in our case, as all the columns are of type numeric, the values are
transformed to be between O and 1. Normalization is performed using (1).

X—Xmi
Xnorm = 5w — (1)

Xmax— Xmin

All of the features will be transformed to have the properties of a standard normal
distribution with a mean (p) =0 and a standard deviation (o) = 1 with
standardization. The formula for standardization is given in (2).

X—p
z =2t @)

The Weka tool normalizes and standardizes the data [S5S5]. The University of

Waikato created WEKA, which stands for “Waikato Environment for Knowledge

Analysis,” a Java-based open-source Data Mining tool. It’s a mix of machine

learning algorithms and data preprocessing software. WEKA provides machine

learning algorithms that are simple to apply to the dataset.

After the preprocessing is completed, the machine learning models for
classification can be applied. The total number of features extracted for this work
is 1460, which, when used, machine learning models suffer from high
dimensionality. As this work aims to find out the minimal suboptimal feature set
that can classify the participants as depressed or not with increased accuracy, FS
is vital.

Table 5
Feature subspaces composed of the baseline features
Name of Subspace # Name of Subspace # Name of Subspace
eGeMAPS 2 1Is09-13 3 EMOBASE
4 eGeMAPS + [s09-13 5 eGeMAPS + EMOBASE 6 Is09-13 + EMOBASE

eGeMAPS + Is09-13 +
7 EMOBASE
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Feature selection

When creating a predictive model, the count of input variables is important. The
process of reducing the number of input variables is known as FS. The number of
input variables should be reduced to minimize the model’s computational cost
and, in some cases, to increase the model’s performance. FS can be made in
multiple ways, but three broad categories exist.

SVM-RFE wrapper method

A wrapper method uses the output of a single machine learning algorithm as an
evaluation criterion which means the features are supplied to the chosen machine
learning algorithm and then added/removed features based on the model’s
output. Backward Elimination, Forward Selection, Bidirectional Elimination, and
Recursive Feature Elimination (RFE) are some of the wrapper methods available.
The RFE method eliminates attributes recursively and constructs a model on the
remaining ones. The accuracy metric is used to rank the features in order of
significance. The RFE method takes two parameters into account: the model to be
used and the number of necessary features. It ranks all of the variables, with ‘1’
being the most significant. It also provides support by giving ‘True’ for important
and ‘False’ for irrelevant features. We need to determine the optimal number of
features for the best accuracy. This is accomplished by employing a loop that
begins with one function, progresses to the total number of features, and then
chooses the one with the highest accuracy. The optimal number of features, in
this case, is ten.

Later, ten is given as the number of features to RFE and obtained the final
collection of features from the RFE method. When the features from the three
subspaces are combined, it gave the feature subspace of 1046 features, out of
which the SVM RFE FS chose the best ten features. The SVM-RFE FS selects the
best ten features from three baseline feature subspaces and a feature subspace
with the three combined feature subspaces, as shown in tables from Table 6 to
Table 9.

Assume the training samples(x;,y;), X2, V2), -, X, V1); Xi € R%; y; € [—1,+1] with a
target label y;
The equation in (3) obtains the SVC discrimination function.

fx) =w™x+b (3)

where x is the input sample, b is a bias, and wT

vector calculated by (4).

represents the weight

W= Z{=1 LARS (4)

where, o; is the Lagrange multiplier or the support vector.
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Table 6

EMOBASE features extracted using SVM-RFE FS

Z
e

Feature

mfcc_smal4|_max
mfcc_sma[10]_linregcl
IspFreq_smal2]_max
IspFreq_sma[5]_linregerrQ
mfcc_sma_de[8]_minPos
mfcc_sma_de[9]_kurtosis
mfcc_sma_de[l1]_max
IspFreq_sma_de[3]_quartile2

O 0N O U H Wi~

IspFreq_sma_de[4|_amean
FO_sma_de_irq2-3

—
o

Table 7
Is09-13 features selected using SVM-RFE FS
S.No. Feature
1 pcm_fftMag mfcc_sma_de[9]_amean
2 pcem_fftMag mfcc_sma_de[4]_max
3 pcm_fftMag mfcc_sma([l1]_linregc2
4 pcm_fftMag mfcc_sma[9]_maxPos
S pcm_fftMag mfcc_sma|7]_kurtosis
6 pcm_fftMag mfcc_smal6]_min
7 pcm_fftMag mfcc_smal[5]_kurtosis
8 pcm_fftMag mfcc_smal4]_linregcl
9 pcm_fftMag mfcc_sma[4]|_amean
10 pcem_fftMag mfcc_sma[2]_linregc2
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Table 8
eGeMAPS features selected using SVM-RFE FS

Z
e

Feature

o

slopeUV0-500_sma3nz_amean
spectralFluxV_sma3nz_stddevNorm
hammarbergindexV_sma3nz_amean
F3amplitudeLogRelFO_sma3nz_stddevNorm
F3amplitudeLogRelFO_sma3nz_amean
F3bandwidth_sma3nz_stddevNorm
Flfrequency_sma3nz_stddevNorm

FOsemitoneFrom27.5Hz_sma3nz_stddevFallingSlope
FOsemitoneFrom27.5Hz-sma3nz_meanFallingSlope
FOsemitoneFrom27.5Hz_sma3nz_stddevRisingSlope

Table 9
Features selected from the combined
feature subspace eGeMAPS+Is09-
13+EMOBASE using SVM-RFE FS

S.No.  Feature

1 mfcc_sma_de[6]_maxPos

2 voiceProb_sma_quartilel

3 mfcc_sma[5]_iqrl-2

4 pcm_fftMag_mfcc_sma_de[3]_linregc2
5 FO_sma-linregcl

6 pcm_fftMag_mfcc_sma[9]_maxPos

7 pcm_fftMag_mfcc_sma[6]_skewness

8 pcm_fftMag_mfcc_sma[6]_min
9 pcm_fftMag_mfcc_sma[4]_linregcl

10 pcm_fftMag_mfcc_sma[2]_min
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Classification

The aimed problem is a binary classification to classify the participant as
depressed or non-depressed based on the chosen feature subspace. To find the
suboptimal features and improve the classification results, every feature subspace
is tested against the three selected classifiers and the proposed MVCDD ensemble
classifier. The proposed algorithm is given as Algorithm 1.

Random Forest Classifier (RFC)

It is a supervised machine learning algorithm that can solve classification and
regression problems. It consists of a large number of decision trees that are built
on the different subspaces of the dataset. Internally, it follows the technique of
ensemble learning to solve complex problems. Rather than depending on the
prediction of a single tree, it considers the predictions from every binary tree built
and follows majority voting to give the final prediction. The significance of the
nodes is calculated for each decision tree using the Gini index, which is
calculated by (5).

Algorithm 1: Majority Voting Classifier for Depression Detection (MVCDD)
Input: from students’ speech recordings, training speech recording {si,sz,...,Sn}
and their labels {l;,l2,...,ls} and testing speech features {ti,to,...,tm}.

Output: Whether a depressed participant or a healthy control, with the labels of
{ti,to,...,tm}.

/ / process of training

Begin
Step 1: extract eGeMAPS, 1S09-13, and EMOBASE features of every recorded
speech from {sj,sp,...,ss}, and figure the speech statistics as 88 features of

eGeMAPS, 384 features of Is09-13 , and 988 features of EMOBASE,
Step 2: feature subspaces are created as (X, X(?,.. X7} where {X(k)=xI1(,
x20,...,.xn®)}. Feature subspaces are formed as eGeMAPS, 1s09-13, EMOBASE,
eGeMAPS+I1s09-13, eGeMAPS+EMOBASE, [s09-13+EMOBASE, eGeMAPS+Is09-
13+EMOBASE.

Fora=1to 7
Step 3: reduce feature dimensionality for X(k) using Pearson correlation.
Step 4: perform SVM Recursive Feature Elimination (RFE) FS until the
suboptimal number of features with better accuracy occurs to get the classifier
model for training.
End
// process of Testing
Begin
Step 1: extract eGeMAPS, 1S09-13, and EMOBASE features of every recorded
speech from {t;,tz,...,tm} and figure out the feature statistics as Step 1.
Step 2: feature subspaces are created as {D?,DA,... D7},  where
{D(k)=di®,d2,...,dn"}. Subspaces are formed similar to the Step 2.

For a=1to 7
Step 3: reduce feature dimensionality for D(k) using Pearson correlation.
Step 4: perform SVM Recursive Feature Elimination (RFE) FS until the
suboptimal number of features with better accuracy is given for testing the model.
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Step 5: depending on the classifier model for training, calculate the probabilities
of whether the samples being tested belong to a depressed participant {pi,p2,...,
Pm} or a healthy participant {qi,q2,...,dm}, then output the category label depending
on greater probability.

End

Gini=1-Y5, (P)? (5)

where P denotes the class’s relative frequency, and c indicates the number of
classes.

Entropy can also be employed in a decision tree to branch the nodes. The entropy
can be determined using (6).

Entropy = Y¢_, —P; * log,(P;) (6)

where P denotes the class’s relative frequency, and c represents the number of
classes.

Support Vector Classifier (SVC)

SVC is a widely used machine learning algorithm that works in various
classification tasks. Using the distance margin or the distance between two
support vectors, it builds a hyperplane to partition the dataset into several
classes. Different kernel functions produce the optimal hyperplane, which
demands transferring the data to higher dimensions in most situations. The three
kernel functions used with SVC are radial basis functions (RBF), polynomial, and
linear kernel. The procedure for SVC is as presented below.

Transform the original dataset into a higher-dimensional space using the
Gaussian radial bias function kernel, as shown in (7).

i)

K(X,v)=¢ 22 (7)

The decision function is calculated as follows:
At first, construct the separating hyperplane using (8).
S=x+Xi,xy (8)
Where x is a scalar, y is the attribute value, | is the number of attributes, and S is a
separating hyperplane.

The data point is above the hyperplane S, if § > 0, and lies below the hyperplane S,
if $ <0.
Weights are adjusted to yield the hyperplane defining the sides of the margin.

My =xo+ Xy xy; = 1 for ;= +1 9)
M, =xo+ X5 xy; S1for §=-1 (10)

The support vectors are found if a data point satisfies (11).
S = (xo + Xty xjy;) = 1Vj (11)
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2

The maximum margin is calculated as Tl

where Euclidian norm||x|| = Loy x? (12)

The equation for §; is translated using the Lagrangian formulation and resolved
using Karush Tucker conditions, commonly known as first-order derivative tests,
to get the hyperplane with the most significant margin. The decision boundary
obtained as a result is shown (13).

Dec(YT) = X, Sib; YIYT + x4 (13)

where b, x, are the numeric parameters that are acquired from SVC optimization.
YT is a testing sample, S; is a class label of jt" sample.

If Dec(YT) > 0 is considered the sample as positive; otherwise, it is regarded as a
negative sample. At last, it predicts the class labels depending on the decision
boundary.

Logistic Regression (LR)

It’s a classification method that employs a sigmoid function to describe a
dichotomous dependent variable with a value between O and 1. In LR, the sigmoid
function is often an S-shaped curve that emits one when the value is less than
0.5 and zero otherwise. The input to a sigmoid function is computed using the
linear regression function. The gradient descent approach is used to approximate
the parameters of a linear function, such as weight and bias, using the cost
function. The outline of the LR principle is explained below.

Calculate the logistic regression function as

Z=ﬂo+2§'=1ﬁj3’j (14)

Where 1 is the number of attributes,f,, ; are scalar, weight vector, and y;
represents the data sample.
Compute the Predictive probabilities with (15).

P(pos) @ = Po(2) = — (15)

1+e~ %2

Using the cross-entropy, compute the cost function with (16).

K(Bo ;) = K(0) =23}_; [mylog (ps(y;)) + (1 = mpiog (1 = pe(3)))] (16)
Update the bias and weights using the gradient descent method.
Bj = Bj — adp; (17)
Bo = Bo — adBy (18)

The estimated values B,and f; are used for the prediction of the test data.
Then, compute the linear equation for the test data as (19).

z=Bp+ Z}=1 B;y; (19)



7508

Now, get the probabilities using the sigmoid function

1
1+e~2

p(Bo,Bj)(Z) =pe(z) = (20)
Finally, using the decision boundaries as a guide, translate the probabilities into
class labels (21).
= (L pe(y) = 0.5}
lab = { 21
0; pe(y) <05 1)
where lab is the predicted label or the class.
Majority voting classifier
This work uses hard/majority voting to sum up the predictions for each class
label and predict the final class label with the most votes. In hard majority voting,
it predicts the class label § using majority voting of each classifierC;:

¥ = mode {Cl(xycz(x)’ ""Cmm} (22)

Assuming that three classifiers considered for this work classify a training sample
as below:

Classifier 1 predicts label as 1

Classifier 2 predicts label as O

Classifier 3 predicts label as 1
The final predicted label using the majority voting classifier will be:

$ =mode{1,0,1} =1 (23)

Using a majority vote classifier would classify the participant with “label 1”7, which
is “Depressed”. To evaluate the classification performance of the proposed
method, balanced accuracy (Bal. Accu.), as the dataset is imbalanced, accuracy
(Accu.), specificity (Spec.), precision (Prec.), sensitivity (Sens.), and Fl-score
metrics are used. The performance metrics are defined below, denoting true
positive, true negative, false positive, and false negative as TP, TN, FP, and FN.

TP+TN

accuracy = ————— (24)
TP+TN+FP+FN

specificity = TNiFP (25)

sensitivity = TPiFN (26)

balanced accuracy = sensitivity-;specificity (27)

F1— score = ——22__ (28)

2xTP+FP+FN

where True Positives (TP): A participant is “depressed”, and the prediction is
“depressed” as well.

True Negatives (TN): A participant is “non-depressed”, and the prediction is “non-
depressed” as well.

False Positives (FP): A participant is ‘non-depressed,” but the classifier predicts
that he or she is depressed (this is referred to as a “Type I mistake”).

False Negatives (FN): A participant is genuinely depressed, although the classifier
predicted that he or she was not (this is known as a “Type II mistake”).



7509
Results and Discussion

Initially, the filter-based FS is performed using Pearson correlation to eliminate
the dimensionality curse. The features with 80% of correlation have been
removed, and checked the performance metrics. Features chosen based on the
Pearson correlation method did not give satisfactory classification results. It has
given the highest accuracy of 70% with RFC on eGeMAPS+EMOBASE features.
Therefore the SVM-RFE technique is used to select more significant features.

When the best ten features chosen using the SVM RFE FS method are supplied to
the classifiers, they give the classification results as shown in Tables, from Table
10 to Table 12. These results are acquired using default parameters, without any
hyperparameter tuning, of all the chosen classifiers.

Table 10
Performance of RFC on the features selected using SVM-RFE FS technique
Feature subspace Bal. Acc. Accu. Spec. Prec. Sens. F1- score
(%0) (%0) (7o) (%0) (7o) (%0)
eGeMAPS 50 66 90 40 10 64
[S09-13 57 71 92 53 23 78
EMOBASE 63 76 94 71 33 70
eGeMAPS+IS09-13 60 74 96 68 23 75
eGeMAPS+EMOBASE 59 72 91 59 28 72
[S09-13+EMOBASE 56 70 91 53 21 75
eGeMAPS+IS09-
13+EMOBASE 57 71 92 60 22 70
Table 11

Performance of SVC on the features selected using SVM-RFE FS technique

Feature subspace Bal. Acc. Accu. Spec. Prec. Sens. F1- score
(%) (%) (%) (%) (%0) (%)
eGeMAPS 51 70 99 1 36 72
IS09-13 57 72 96 79 17 75
EMOBASE 63 75 95 75 30 72
eGeMAPS+IS09-13 61 75 96 80 27 81
eGeMAPS+EMOBASE 65 77 96 81 34 72
[S09-13+EMOBASE 59 72 92 60 26 72
eGeMAPS+IS09-
13+EMOBASE 58 72 93 72 24 75
Table 12
Performance of LR on the features selected using SVM-RFE FS technique
Feature subspace Bal. Acc. Accu. Spec. Prec. Sens. F1- score
(%0) (%0) (%0) (%0) (%0) (%0)
eGeMAPS 52 70 99 1 5 72
[S09-13 54 71 98 1 10 72
EMOBASE 57 72 97 1 15 70
eGeMAPS+IS09-13 55 72 99 1 10 78
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eGeMAPS+EMOBASE 54 71 98 1 10 70
IS09-13+EMOBASE 61 72 89 59 33 70
eGeMAPS+IS09-

13+EMOBASE 53 70 96 75 10 75

SVM-RFE FS technique yielded relatively highest accuracy of 77% and the
balanced accuracy of 65% for the feature subspace of eGeMAPS+EMOBASE with
the SVC classifier, as depicted in Figure 2.

4

e — | |
o= 7

98

mBal Acc. (%)

Base classifier
“
2

I Accu.(%
———‘--n“- W Acen.(4)
REC e 91 B Spec.(%)
i | | ] BSen.(%)

0 10 20 30 40 30 60 70 80 90 100 110

Metric scale

Figure 2 Performance of the base classifiers on the eGeMAPS+EMOBASE feature
subspace

The hyperparameter tuning of the chosen classifiers is performed to improve the
classification performance. The “GridSearchCV” method is used for tuning each
classifier parameter with all the possible values, and the parameters are chosen
based on the performance. By looping through predefined hyperparameters, this
function assists in fitting the estimator (or model) to the training set. Finally,
among the hyperparameters provided, the optimal parameters are chosen. The
final hyperparameters for the three selected models are presented in Table 13 to
Table 15.

Table 13
RFC parameter values

RFC Parameter Value

n_estimators 1000
criterion gini
oob_score bool
bootstrap True

random_state 42

Table 14
SVC parameter values

SVC Parameter Value
kernel poly
C 1
degree 6
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coefO 4.001
gamma auto
Table 15
LR parameter values

LR Parameter Value
penalty 12
dual FALSE
tol 0.0001
C 51.79474679
solver liblinear

Cross-validation (cv) is a method of evaluating the classifiers on the limited
sample data. The stratified sampling method can deal with the imbalanced
classes in the dataset. If the classes are imbalanced, the classification results can
be misled or potentially fail in severe imbalanced classes. Hence, stratified
sampling is used to avoid this, provided with the Stratified K-fold cv technique.
With this technique, the distribution of the class in each split of the data will be
enforced to match the distribution in the entire training dataset. This work uses a
10-fold cv strategy to maintain the ratio between the classes in each fold. The
classification results after hyperparameter tuning are tabulated in tables from
Table 16 to Table 18.

The graph showing the performance metrics accuracy, specificity, and sensitivity
of the hyperparameters tuned classifiers on EMOBASE feature subspace of the
best ten features is shown in Figure 3. The SVC classifier gives the highest
accuracy of 79%.

The investigational outcomes show that the feature subspace of the ten best
features from the EMOBASE feature set gives promising results; hence, the
ensemble models are also tested on this feature subspace. AdaBoost and Bagging
classifiers are experimented with along with the proposed MVCDD model. The
proposed model’s performance metrics and the ensemble models are furnished in
Table 22.

LR mBal. Acc. (%)
e
g
2
w
83 SVM @ Accu.(%)
2
S s
80O RFC 95
g B Spec.(%)
f‘ 0 10 20 30 40 50 60 70 80 90 100

Metric scale
B Sen.(%)

Figure 3 Performance of hyperparameters tuned classifiers on EMOBASE feature
subspace
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Table 16
Performance of Hyperparameters tuned RFC on the features selected using SVM-
RFE FS technique and stratified 10-fold cv

Accu Spec Prec Sens

Bal. Acc. F1- score
Feature subspace (%) . . . . (%)
(%) () (%) (%)

eGeMAPS 51 66 89 41 14 65
IS09-13 56 70 92 52 19 78
EMOBASE 66 77 95 77 37 75
eGeMAPS+IS09-13 57 72 94 58 19 75
eGeMAPS+EMOBASE 60 73 93 66 28 75
IS09-13+EMOBASE 55 69 91 50 19 67
eGeMAPS+IS09-

13+EMOBASE 58 71 90 64 26 72

Table 17

Performance of Hyperparameters tuned SVC on the features selected using SVM-
RFE FS technique and stratified 10-fold cv

Accu Spec Prec Sens

Bal. Acc. F1- score
Feature subspace (%) . . . . (%)
()  (B)  (0) (%)

eGeMAPS 55 65 84 45 26 64
IS09-13 63 68 79 53 47 68
EMOBASE 74 79 89 73 58 79
eGeMAPS+IS09-13 68 74 84 62 52 74
eGeMAPS+EMOBASE 67 70 76 55 58 70
[S09-13+EMOBASE 46 56 76 25 15 56
eGeMAPS+IS09-

13+EMOBASE 60 65 74 47 47 65

Table 18

Performance of Hyperparameters tuned LR on the features selected using SVM-
RFE FS technique and stratified 10-fold cv

Bal. Spec Prec Sens Fl1-
Accu.

Feature subspace Acc. (%) . . . scor

(%) (o) (B) (%) e(%)
eGeMAPS 56 71 93 51 19 14
IS09-13 57 66 81 49 31 10
EMOBASE 54 69 92 20 10 12
eGeMAPS+IS09-13 62 69 79 49 46 14
eGeMAPS+EMOBASE 53 66 85 35 22 10
[S09-13+EMOBASE 53 65 83 37 24 12

eGeMAPS+IS09-13+EMOBASE 58 65 77 47 38 14
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Table 19
Recognition performance of ensemble classifiers on EMOBASE features selected
using SVM-RFE FS with hyperparameter tuning and stratified 10-fold cv

Sen. Spec. Accu. Bal. Accu. F1-score
Classifier (%) (%) (%) (%) (%)
Bagging decision tree 64 94 71 60 51
AdaBoost decision
tree 60 97 75 65 57
MVCDD 67 94 81 77 70

For each feature subspace, the table displays the results of the classification of
each classifier. It is worth noting that each classifier’s optimal features differed.
These findings show that each feature vector may provide the classifiers with
more information. Furthermore, each classifier could not use the same feature
subspace that other classifiers had found to be the most effective for better
classification results. It implies that classifiers must be built from multiple
feature subsets. The experimental results showed that the proposed MVCDD
model with EMOBASE feature subspace performed better than other classifiers.

The proposed model exhibits an accuracy of 81%, specificity of 94%, sensitivity of
67%, balanced accuracy of 77%, and an F1-score of 70%, which is comparatively
more than the existing models in depression predictive modeling using acoustic
aspects of speech. The graph containing the metrics of the ensemble classifiers
and the proposed model is shown in Figure 4.

MVCDD mF1-score (%)
mBal. Accu.
(%)

AdaBoost decision tr
daBoost decision tree 97 | @ Accu.(%)

Ensemble classifier

B Spec.(%)
Bagging decision tree 94

0 10 20 30 40 50 60 70 80 90 100 110
Metric scale

Figure 4. Proposed MVCDD model and other ensemble classifiers’ performance on
EMOBASE feature subspace with hyperparameter tuning and Stratified 10-fold
CVv

Conclusion

Depression, the most significant cause of disability globally, affects about 322
million people. MDD is the most common mental illness, accounting for a
considerable global disease burden. Depression is such a severe mental disorder,
the present diagnosis procedures still necessitate the involvement of a suitably
qualified psychiatrist or psychologist, who will use a scale and carefully observe
the conversation, depending on the Doctor’s experience. The research found that
around two-thirds of depression cases were missed from identification [56].
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Recently, there has been much research into automated depression prediction to
help psychiatrists automate and speed up the entire diagnosis process.

In this paper, the acoustic features of the speech recordings of the students of
Government Polytechnic, Masabtank, Hyderabad, India, have been extracted and
experimented with two FS methods and different machine learning classification
models. The eGeMAPS, 1s09-13, and EMOBASE features are extracted from the
dataset and formed seven different feature subspaces. To aid the curse of
dimensionality Pearson correlation method is used to eliminate the features with
high correlation from all the feature subspaces. This work proposed a Majority
Voting Classifier for Depression Detection (MVCDD) model. MVCDD has better
classification performance when executed on the feature subspace of the ten best
EMOBASE features selected by the Support Vector Machine Recursive Feature
Elimination (SVM-RFE) method. Classifiers considered for this work are Random
Forest Classifier (RFC), Support Vector Classifier (SVC), and Logistic Regression
classifier (LR). To deal with the imbalance of the class distribution in the data, the
Stratified 10-fold cross-validation technique is used. This work also used
GridSearchCV for hyperparameter tuning of the chosen classifiers to improve the
results. The ensemble models like Bagging with Decision Tree and AdaBoost with
Decision Tree are also experimented with different feature subspaces. Based on
the experiments performed, it is evident that the proposed MVCDD model gave
better classification results with 81% accuracy and 94% of specificity, which
comparatively outperforms the existing state-of-the-art models in this area. In the
future, we would like to experiment with multimodal analysis for depression
prediction, including audio, visual, and textual modalities.
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