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Abstract: In this paper, we have focused to improve the performance of a speech-based uni-modal depression detection 
system, which is non-invasive, involves low cost and computation time in comparison to multi-modal systems. The 
performance of a decision system mainly depends on the choice of feature selection method and the classifier. We 
have investigated the combination of four well-known multivariate filter methods (minimum Redundancy Maximum 
Relevance, Scatter Ratio, Mahalanobis Distance, Fast Correlation Based feature selection) and four well-known 
classifiers (k-Nearest Neighbour, Linear Discriminant classifier, Decision Tree, Support Vector Machine) to obtain a 
minimal set of relevant and non-redundant features to improve the performance. This will speed up the acquisition of 
features from speech and build the decision system with low cost and complexity. Experimental results on the high and 
low-level features of recent work on the DAICWOZ dataset demonstrate the superior performance of the combination 
of Scatter Ratio and LDC as well as that of Mahalanobis Distance and LDC, in comparison to other combinations 
and existing speech-based depression results, for both gender independent and gender-based studies. Further, these 
combinations have also outperformed a few multimodal systems. It was noted that low-level features are more 
discriminatory and provide a better f1 score.

Keywords: speech-based features, multivariate  filter feature selection, classification, f1-score

1. Introduction
Depression has emerged as the most challenging health concern of society worldwide. The enormity of the concern 

is stressed by the alarming rate of suicides worldwide [1]. The pressing need of the hour is to provide a simple, yet 
highly accurate and easy-to-use decision system, that supports the clinicians and the family. The aim is to aid in the 
early diagnosis of depression and consistent monitoring of the individual’s mental health and to raise an alarm in time so 
that appropriate measures may be taken.

The research community has suggested many techniques over the past that have aimed to give an objective measure 
of depression. Many features have been extracted and studied and their relevance established for depression detection.  
Based on the review of the literature for depression detection, the techniques suggested can be categorized as uni-
modal and multi-modal. Uni-modal techniques are the ones that involve judgement/analysis based on a single modality: 
only video [2-4], only text [5-7], or only speech [8-10]. Multi-modal techniques, which are a hybrid of two or more 
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modalities (videos, speech, and text) together [11-13] have been proposed to improve the performance further. These 
hybrid models take the advantage of individual modalities. The improved results obtained are based on the tedious 
process of video recording in a controlled environment, that needs the full cooperation of the person involved. In reality, 
patients are un-cooperative and often in a state of denial. Also, the multi-modal decision systems are more complex and 
incur more computation time and cost than the uni-modal approach. Hence, there is a need to strengthen the uni-modal 
model, which has the advantage due to its low cost of acquiring data and the low complexity of building the decision 
model. Among the various modalities, we have focused on speech-based depression detection, which is non-invasive, 
involves low cost, and does not require the active cooperation of the patient.

After going through various research works of speech-based depression detection systems, it was noted that 
most of the research work mainly focused only on the feature extraction techniques [11, 14-18]. It is well-known that 
if an appropriate combination of features selection method and classifier is not used to build the decision system, the 
performance may degrade. In one of the recent works by Pampouchidou et al. [11], a large set of both low and high-level 
features from speech has been explored. The importance of individual features was noted by removing each feature or 
set of features based on the f1 score using a decision tree classifier. However, this wrapper approach is computationally 
intensive. In literature, filter feature selection methods in combination with a classifier are found to be more successful 
to find a smaller set of relevant features to improve the performance in many domains such as microarray-based cancer 
classification, object recognition, and text analysis [19]. This combination of filter feature selection and the classifier 
is computationally less intensive. But, in speech-based depression detection, filter methods have not been investigated 
much to improve the performance of the depression detection system, to the best of our knowledge.

Motivated by this, we have investigated combinations of four multivariate filter methods (minimum Redundancy 
Maximum Relevance [20], Scatter Ratio [21], Mahalanobis Distance [22], Fast Correlation Based feature selection 
[23], and four well-known classifiers (k-Nearest Neighbour, Linear Discriminant, Tree-based classifier, Support Vector 
Machine) to obtain a minimal set of relevant and non-redundant features to improve the performance of depression 
detection system. For our experiments, we have used the high and low-level features [11] individually as well as in 
combination. This will make the process to acquire the features from speech fast and build the decision system with 
low cost and complexity. The DAICWOZ [24] repository is used with features based on the COVAREP feature set [25]. 
Experiments for both gender independent and gender-based features are performed. Experimental results demonstrate 
the superior performance of the combination of Scatter Ratio and LDC as well as that of Mahalanobis Distance and 
LDC, in comparison to other combinations and existing speech-based depression results for both gender independent 
and gender-based studies. Further, these combinations have also performed better than a few multimodal systems.

The next section discusses related work. Section 3 briefly introduces feature selection techniques used in our paper. 
Experiment set up and results are included in section 5 and conclusion in section 6.

2. Related work
Speech is a piece of natural, non-invasive evidence that has been investigated for depression over the years and 

has been found indicative in classifying depressed people from the control group. The tenseness of the vocal tract 
and the vocal cords in depressed people translates to a set of features that are well known and researchers have been 
investigating them over the years.

France et al. [14] worked with the Fundamental Frequency (Fo), Amplitude Modulation (AM), formants, and Power 
Spectral Density (PSD) for discriminating control, dysthymic and major depressed persons. Formant frequencies and 
PSD were successful with 0.94 accuracies to distinguish between the control and depressed female patients and 0.82 
between the male patients. Ozdes et al. [16] explored the significance of vocal jitter and spectral slope as indicators of 
suicidal tendencies. The pairwise classification accuracies among control/depressed, depressed/suicide, control/suicide 
using jitter was 0.65, 0.60, 0.80 respectively and using spectral slope was 0.90, 0.75, 0.60 respectively. Using both jitter 
and spectral slope, the accuracies reported were 0.90, 0.75, and 0.85 respectively for the three pairs. The experiments 
were conducted using a maximum likelihood classifier and no feature selection technique was employed. Sethu et al. 
[15] evaluated emotions based on pitch, energy slope, and formants for speaker-dependent and speaker-independent 
studies. Mel Frequency Cepstral Coefficients (MFCCs) and Linear Prediction Coefficients (LPCs) based group delay 
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performed well in speaker-dependent system, while the first three formants performed well in the speaker-independent 
system. The Gaussian Mixture Model was used as a classifier and no feature selection technique was used. The study 
by Scherer et al. [17] involved the analysis of Normalized Amplitude Quotient (NAQ), Quasi-open-Quotient (QoQ), 
peak slope, and Open Quotient Neural Network (OQNN). It was observed that these features are independent of gender. 
0.75 accuracy was obtained with a Support Vector Machine (SVM) as the classifier. Scherer et al. had also not used any 
feature selection. Alghowinem et al. [18] evaluated linear features: Fundamental Frequency (Fo), intensity, loudness, 
voice probability, quality, jitter, shimmer, Harmonics to Noise Ratio (HNR), log energy, root mean square energy, and 
the non-linear teager energy to understand the difference in voiced/unvoiced and mixed speech on depression detection. 
They suggested the suitability of Teager Energy Operator (TEO) based features for depression detection using voiced 
and unvoiced speech. Voicing probability and log energy were found to be more suited for mixed speech. The SVM 
classifier was used for evaluation.

In 2016, Pampouchidou et al. [11] used a fusion of low-level features and Discrete Cosine Transform (DCT) based 
features and high-level features. They analyzed two sets of sizes 494 and 1,278 respectively using the DAICWOZ 
dataset and the COVAREP feature repository. The gender-based results using low-level descriptors are reported in terms 
of f1 (depressed/non-depressed) as 0.45 (0.85) (Leave-One-Out Cross-Validation (LOOCV)) and 0.59 (0.87) (testing 
using development set). The DCT based features for gender independent data gave 0.19 (0.71) and 0.47 (0.83) in terms 
of f1 measure respectively. The decision tree was used as a classifier and the importance of each feature was calculated 
by removing each feature. In 2017, Pampouchidou et al. [26] evaluated the AVEC dataset [27] using the COVAREP 
based audio features and reported the precision of 0.948 while using visual OR (ed) with audio gender-based features. 
Audio alone gave the f1 score of 0.641. A nearest neighbor classifier was used and no feature selection was used for 
evaluating the performance.

 
3. Feature selection

Once a set of low-level descriptors and/or the discrete cosine transform coefficients of the acoustic features are 
obtained to build the decision system for depression detection, it is imperative to reduce the dimensionality of the 
feature set to handle the curse of dimensionality [28]. Feature selection methods to reduce dimensionality are known 
to be categorized into two major approaches: Filter and Wrapper [29, 30]. Wrapper methods are computationally 
intensive due to the repeated training of each candidate subset. On the other hand, filter methods do not involve any 
learning algorithm to measure the importance of features, hence are simple and computationally less intensive. They 
are further subdivided into univariate and multivariate methods [29]. Univariate filter methods measure the relevance 
of the individual features based on the statistical characteristics of the feature and ultimately collect the top-ranked 
relevant features. Though the univariate method is simple, the set so obtained does not consider the correlation among 
features and hence suffers from redundancy. Also, features so obtained have a low capacity to discriminate among 
classes. In literature, multivariate feature selection methods [31] have found success in determining a set of relevant and 
non-redundant features, which provides better performance. In multivariate feature selection, we have first applied the 
Fisher’s discriminant ratio [21] to select the top 100 relevant features. These top 100 relevant features have been passed 
to multivariate feature selection methods to select the top 50 non-redundant features.

To the best of our knowledge, multivariate filter feature selection techniques have not been explored in speech-
based depression detection systems. This has motivated us to investigate some popular multivariate methods. They 
overcome the limitations of the univariate filter methods as well as wrapper methods.

 
3.1 The ratio of Scatter Matrices (SR)

Based on the scatter-ness of the feature vectors [21], a trace of the ratio of the scatter matrices is suggested as a 
popular criterion. Those features are selected that are well separated across classes while being clustered around their 
class mean. The criterion JSR = trace(Sw

-1Sb) is used where within-class scatter matrix (Sw) and between-class scatter 
matrix (Sb) are given as:
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where Pi, μi are the prior probability and mean vector of the ith class. N is the total number of data samples.

3.2 Mahalanobis distance (Maha)

Given two classes, Ci, i = 1, 2, where μi is the mean vector and ∑ is the covariance matrix, Mahalanobis distance [22] 
is given by

t1
M 1 2 1 2J (μ μ ) (μ μ )-
= - -∑

A higher value of JM corresponds to more separability between data of two classes.

3.3 Fast Correlation Based Feature selection (FCBF)

This is a correlation measure based on the information-theoretic concept of entropy of the random variable. The 
entropy of variable X is defined as:

i 2 ii
H(X) p(x ) log p(x )= -∑

Information gain of X given Y is given by: 

IG(X | Y) = H(X) - H(X|Y)

FCBF is based on the principle of symmetrical uncertainty defined as [23]:

2 IG(X | Y)SU(X,Y)
H(X) H(Y)
∗

=
+

The feature belongs to a set of chosen relevant features if its correlation with the class is more than its correlation 
with the features selected in the set.

3.4 minimum Redundancy Maximum Relevance (mRMR)

mRMR [20] measures the mutual information among two random variables to estimate their relevance. For two 
variables, xi and xj, with marginal probabilities, p(xi) and p(xj), and joint probabilities p(xi, xj), the mutual information 
is given by:

i j
i j i j

i j

p(x , x )
I(x , x ) p(x , x ) log

p(x )p(x )
= ∑

The objective is to attain minimum redundancy among selected features and maximum relevance among the 
features and the class variable, c, is which can be expressed as a single criterion, as either max(Rel-Red) or max(Rel/
Red), where

(1)

(2)

(3)

(4)

(5)

(6)

(7)
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4. Classifier used
4.1 K-nearest neighbour

K-nearest neighbour classifier [32] is a non-parametric classification that classifies the new test sample by 
comparing it against the training samples with a similarity function. It identifies the K-neighbours of the test sample 
in the pattern space. The closeness of the test sample is generally calculated with the Euclidean distance function. It 
requires no learning model to classify a new sample. It is the most simple algorithm with only one parameter K that 
denotes no of neighbours. K-nearest neighbour becomes computationally intensive as the size of the training sample 
increases.

4.2 Linear discriminant classifier

Linear discriminant classifier [21] assigns a feature vector x to class c with a set of discriminant functions. It 
generally uses the simplified linear discriminant function as given by

( ) In ( | ) In ( )i i iH x p x c p c= +

It uses the posterior conditional probability p(ci | x) for the selection of class labels for a given sample x. It is a 
simple, fast, and portable algorithm.

4.3 Support Vector Machine (SVM)

A support vector machine classifier [33] is based on supervised learning that classifies data points by defining a 
boundary that maximizes the distance between two classes. The equations for the two sides of the separating hyperplane 
can be written as follows

0t
iw x b+ ≥

for all i with ci = +1

and

0t
iw x b+ ≥

for all i with ci = -1

The two equations can be merged as

( ) 1  for 1, 2, ..., t
i ic w x b i n+ ≥ =

Standard SVM is a binary classifier. It is more useful when data is in high dimensions and the number of samples is 
comparatively small.

(8)

(9)
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4.4 Decision Tree Classifier (TreeC)

Decision Tree Classifier [21] is based on non-metric methods in which classification is done in a basic decision 
tree that proceeds from top to bottom. At each node, a question regarding a particular property of a node is asked 
which results in the splitting of the node. The terminal nodes or leaf nodes correspond to the category labels. The basic 
principle underlying tree creation is entropy impurity. Entropy is zero if all the patterns are of the same category and 
positive if different classes are equally likely. It does not require data to be normalized and scaled before preprocessing. 
It does not require effort in preprocessing of data.

5. Experiments and results
For our experiment, we have used the three sets of features [11] extracted from the DAICWOZ dataset using the 

COVAREP toolbox. The first set (set A) comprised of statistical descriptors (refer to Table 1 of [11]) of the following 
low-level descriptors: Fo (normalized, delta, and delta-delta), NAQ, QOQ, Amplitude difference of the first two 
harmonics (H1H2), Parabolic Spectral Parameter (PSP), Maximum Dispersion Quotient (MDQ), peak slope, shape 
parameter of the Liljencrants-Fant glottal model (Rd), Rd confidence measure (Rd_conf), Mel Cepstral Coefficients 
(MCEP0-24, delta, and delta-delta), Harmonic Model and Phase Distortion Mean (HMPDM 1-24), Harmonic Model 
and Phase Distortion Deviation (HMPDD 1-12) and 1-3 Formants. The second set (set B) is represented in terms of the 
DCT coefficients for each low-level descriptor. The third set (Set C) consists of the eight high-level features such as 
Pause Ratio, Voiced Segment Ratio, Speaking Ratio, Mean laughter Duration, Mean Delay in Response, Mean Duration 
of Pauses, Maximum Duration of Pauses and the Fraction of Pauses in Overall Time. The experiments were performed 
on: set A, set B, set C, set AC, set BC, and set ABC on voiced segments only.

Four multivariate methods such as minimum Redundancy Maximum Relevance (mRMR), Scatter Ratio (SR), 
Mahalanobis distance (Maha), and Fast Correlation Based Feature selection (FCBF) were used to obtain a minimal 
subset of features that are relevant and non-redundant from each of the six feature sets (set A, set B, set C, set AC, set 
BC, set ABC). Features so obtained from each set are included incrementally and the decision model is built using a 
classifier such as KNN [32], LD classifier [21], decision tree [21], and SVM [33]. Both the leave-one-out and hold-
out scheme is used to measure the performance of the model which is measured in terms of Classification Error, f1 
(Depressed), and f1 (Non-Depressed). The performance of each combination of feature selection and classifier using 
LOOCV scheme is reported for gender independent, female gender, and male gender in Table 1, Table 2, and Table 3 
respectively.

Based on Table 1, the following is observed for gender independent experiments:
i. The minimum classification error of 0.05 is obtained with the combination of SR and LDC with DCT coefficients 

of low-level descriptor, i.e., Set B.
ii. Among the feature selection methods, the performance of SR and Maha is comparable and better than mRMR 

and FCBF.
iii. Among the four classifiers, the performance of LDC is best.
iv. The performance with low-level features (Set A and Set B) is better than high-level features (Set C).
Based on Table 2, the following is observed for female gender experiments:
i. The minimum classification error of 0.02 is obtained with the combination of SR and LDC with statistical 

descriptors of low-level features, i.e., Set A. 
ii. Among the feature selection methods, the performance of SR is better than Maha, mRMR, and FCBF for all the 

sets except for Set C for which Maha gives better performance. 
iii. Among the four classifiers, the performance of LDC is best.
iv. The performance with low-level features (Set A and Set B) is better than that with high-level features (Set C).
Based on Table 3, the following is observed for male gender experiments:
i. The minimum classification error of 0.01 is obtained with the combination of Maha and LDC with DCT 

coefficients of low level descriptor, i.e., Set B.
ii. Among the feature selection methods, the performance of Maha is better than SR, mRMR, and FCBF for all the 

sets except for Set ABC for which SR gives the better performance.
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iii. Among the four classifiers, the performance of LDC is the best.
iv. The performance with low-level features (Set A and Set B) is better than that with high-level features (Set C).

Table 1. Comparative performance of gender independent experiments
 

Mahalanobis Scatter Ratio mRMR FCBF

Error (#) F1 D (ND) Error (#) F1 D (ND) Error (#) F1 D (ND) Error (#) F1 D (ND)

Set A KnnC 0.16 (11) 0.41 (0.9) 0.19 (12) 0.28 (0.89) 0.2 (1) 0 (0.89) 0.2 (1) 0 (0.89)

LDC 0.11 (33) 0.68 (0.93) 0.12 (11) 0.65 (0.93) 0.16 (18) 0.52 (0.91) 0.19 (4) 0.27 (0.89)

TreeC 0.2 (6) 0.46 (0.88) 0.18 (24) 0.55 (0.89) 0.19 (19) 0.55 (0.88) 0.21 (3) 0.38 (0.87)

SVC 0.14 (20) 0.56 (0.92) 0.14 (33) 0.54 (0.92) 0.16 (28) 0.42 (0.91) 0.2 (1) 0 (0.89)

Set B KnnC 0.16 (3) 0.3 (0.91) 0.16 (1) 0.3 (0.91) 0.18 (36) 0.29 (0.9) 0.23 (2) 0 (0.87)

LDC 0.09 (42) 0.78 (0.95) 0.05 (49) 0.88 (0.97) 0.15 (14) 0.51 (0.91) 0.2 (1) 0 (0.89)

TreeC 0.23 (24) 0.38 (0.86) 0.21 (1) 0.47 (0.87) 0.18 (9) 0.49 (0.89) 0.24 (1) 0.41 (0.85)

SVC 0.1 (39) 0.71 (0.94) 0.12 (7) 0.62 (0.93) 0.14 (19) 0.58 (0.91) 0.2 (1) 0 (0.89)

Set C KnnC 0.18 (2) 0.23 (0.89) 0.18 (2) 0.23 (0.89) 0.20 (6) 0.00 (0.88) 0.20 (1) 0.00 (0.88)

LDC 0.20 (1) 0.00 (0.88) 0.02 (1) 0.00 (0.88) 0.20 (1) 0.00 (0.88) 0.20 (1) 0.00 (0.88)

TreeC 0.26 (5) 0.00 (0.88) 0.26 (5) 0.00 (0.88) 0.25 (4) 0.00 (0.88) 0.28 (1) 0.00 (0.83)

SVC 0.20 (1) 0.00 (0.88) 0.20 (1) 0.00 (0.88) 0.20 (1) 0.00 (0.88) 0.20 (1) 0.00 (0.88)

Set AC KnnC 0.16 (11) 0.41 (0.9) 0.16 (11) 0.41 (0.9) 0.2 (1) 0 (0.89) 0.2 (1) 0 (0.89)

LDC 0.11 (33) 0.68 (0.93) 0.11 (33) 0.68 (0.93) 0.16 (21) 0.51 (0.9) 0.19 (2) 0.18 (0.89)

TreeC 0.2 (6) 0.46 (0.88) 0.2 (6) 0.46 (0.88) 0.17 (9) 0.57 (0.89) 0.29 (2) 0.23 (0.82)

SVC 0.14 (20) 0.56 (0.92) 0.14 (20) 0.56 (0.92) 0.16 (27) 0.42 (0.91) 0.2 (1) 0 (0.89)

Set BC KnnC 0.16 (3) 0.3 (0.91) 0.16 (1) 0.3 (0.91) 0.18 (40) 0.29 (0.9) 0.21 (1) 0 (0.88)

LDC 0.14 (31) 0.65 (0.92) 0.14 (31) 0.65 (0.92) 0.16 (26) 0.5 (0.91) 0.2 (1) 0 (0.88)

TreeC 0.2 (30) 0.52 (0.87) 0.2 (3) 0.44 (0.88) 0.21 (19) 0.43 (0.87) 0.25 (2) 0.31 (0.85)

SVC 0.18 (15) 0.55 (0.89) 0.17 (22) 0.57 (0.89) 0.16 (32) 0.56 (0.9) 0.2 (1) 0 (0.89)

Set ABC KnnC 0.16 (2) 0.3 (0.91) 0.16 (1) 0.3 (0.91) 0.16 (13) 0.38 (0.91) 0.21 (1) 0 (0.88)

LDC 0.12 (50) 0.7 (0.92) 0.12 (45) 0.69 (0.92) 0.16 (16) 0.54 (0.91) 0.19 (2) 0.13 (0.9)

TreeC 0.2 (6) 0.48 (0.88) 0.19 (6) 0.49 (0.88) 0.18 (20) 0.58 (0.89) 0.27 (3) 0.27 (0.83)

SVC 0.15 (4) 0.46 (0.91) 0.14 (26) 0.69 (0.91) 0.13 (49) 0.64 (0.92) 0.19 (1) 0.13 (0.89)
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Table 2. Comparative performance of female based experiments

Female
Mahalanobis Scatter Ratio mRMR FCBF

Error (#) F1 D (ND) Error (#) F1 D (ND) Error (#) F1 D (ND) Error (#) F1 D (ND)

Set A KnnC 0.16 (2) 0.58 (0.9) 0.1 (2) 0.8 (0.94) 0.13 (5) 0.67 (0.92) 0.21 (2) 0.32 (0.88)

LDC 0.05 (13) 0.9 (0.97) 0.02 (18) 0.97 (0.99) 0.13 (4) 0.67 (0.92) 0.15 (1) 0.64 (0.91)

TreeC 0.15 (18) 0.69 (0.91) 0.19 (14) 0.57 (0.88) 0.19 (9) 0.57 (0.88) 0.26 (1) 0.47 (0.83)

SVC 0.06 (35) 0.86 (0.96) 0.1 (6) 0.8 (0.94) 0.1 (26) 0.77 (0.94) 0.18 (1) 0.59 (0.89)

Set B KnnC 0.21 (28) 0.43 (0.87) 0.19 (1) 0.4 (0.88) 0.15 (1) 0.71 (0.9) 0.21 (1) 0.43 (0.87)

LDC 0.26 (1) 0 (0.85) 0.08 (15) 0.84 (0.95) 0.26 (1) 0 (0.85) 0.24 (1) 0.12 (0.86)

TreeC 0.34 (2) 0.28 (0.78) 0.24 (6) 0.44 (0.85) 0.18 (4) 0.67 (0.88) 0.24 (3) 0.44 (0.85)

SVC 0.26 (1) 0 (0.85) 0.13 (15) 0.73 (0.91) 0.24 (47) 0.48 (0.84) 0.26 (1) 0 (0.85)

Set C KnnC 0.24 (1) 0.28 (0.85) 0.24 (1) 0.28 (0.85) 0.24 (1) 0.28 (0.85) 0.24 (1) 0.28 (0.85)

LDC 0.20 (4) 0.38 (0.87) 0.20 (4) 0.38 (0.87) 0.24 (1) 0.28 (0.85) 0.24 (1) 0.28 (0.85)

TreeC 0.29 (4) 0.38 (0.87) 0.29 (4) 0.38 (0.87) 0.32 (1) 0.28 (0.85) 0.32 (1) 0.28 (0.85)

SVC 0.25 (1) 0.28 (0.85) 0.25 (1) 0.28 (0.85) 0.25 (1) 0.28 (0.85) 0.25 (1) 0.28 (0.85)

Set AC KnnC 0.16 (2) 0.58 (0.9) 0.1 (2) 0.8 (0.94) 0.13 (5) 0.67 (0.92) 0.23 (1) 0.53 (0.85)

LDC 0.05 (13) 0.9 (0.97) 0.02 (18) 0.97 (0.99) 0.13 (4) 0.67 (0.92) 0.15 (1) 0.64 (0.91)

TreeC 0.16 (18) 0.64 (0.9) 0.18 (14) 0.59 (0.89) 0.19 (19) 0.6 (0.87) 0.21 (3) 0.58 (0.86)

SVC 0.08 (10) 0.81 (0.95) 0.1 (6) 0.8 (0.94) 0.06 (43) 0.86 (0.96) 0.16 (2) 0.64 (0.9)

Set BC KnnC 0.24 (12) 0.29 (0.85) 0.24 (1) 0.29 (0.85) 0.15 (1) 0.71 (0.9) 0.21 (1) 0.43 (0.87)

LDC 0.26 (1) 0 (0.85) 0.1 (4) 0.8 (0.94) 0.23 (17) 0.56 (0.85) 0.24 (1) 0.12 (0.86)

TreeC 0.31 (25) 0.39 (0.8) 0.24 (2) 0.52 (0.84) 0.18 (4) 0.67 (0.88) 0.24 (3) 0.44 (0.85)

SVC 0.26 (1) 0 (0.85) 0.16 (3) 0.69 (0.89) 0.19 (27) 0.57 (0.88) 0.26 (1) 0 (0.85)

Set ABC KnnC 0.24 (17) 0.12 (0.86) 0.1 (2) 0.8 (0.94) 0.11 (7) 0.72 (0.93) 0.23 (1) 0.53 (0.85)

LDC 0.26 (1) 0 (0.85) 0.08 (5) 0.81 (0.95) 0.13 (9) 0.67 (0.92) 0.15 (1) 0.64 (0.91)

TreeC 0.29 (16) 0.44 (0.8) 0.16 (3) 0.67 (0.89) 0.19 (19) 0.6 (0.87) 0.26 (1) 0.47 (0.83)

SVC 0.26 (1) 0 (0.85) 0.11 (13) 0.74 (0.93) 0.1 (32) 0.77 (0.94) 0.16 (4) 0.64 (0.9)
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Table 3. Comparative performance of male based experiments

Male
Mahalanobis Scatter Ratio mRMR FCBF

Error (#) F1 D (ND) Error (#) F1 D (ND) Error (#) F1 D (ND) Error (#) F1 D (ND)

Set A KnnC 0.06 (2) 0.74 (0.96) 0.06 (1) 0.76 (0.96) 0.06 (9) 0.76 (0.96) 0.06 (1) 0.76 (0.96)

LDC 0.04 (1) 0.86 (0.98) 0.04 (22) 0.86 (0.98) 0.06 (4) 0.76 (0.96) 0.08 (2) 0.7 (0.96)

TreeC 0.06 (6) 0.76 (0.96) 0.08 (5) 0.73 (0.96) 0.06 (5) 0.78 (0.96) 0.1 (1) 0.67 (0.94)

SVC 0.06 (7) 0.76 (0.96) 0.05 (5) 0.82 (0.97) 0.05 (4) 0.82 (0.97) 0.08 (2) 0.7 (0.96)

Set B KnnC 0.13 (13) 0.5 (0.93) 0.09 (5) 0.59 (0.95) 0.18 (1) 0.22 (0.9) 0.19 (1) 0 (0.89)

LDC 0.01 (42) 0.96 (0.99) 0.01 (44) 0.96 (0.99) 0.12 (14) 0.47 (0.94) 0.15 (1) 0.25 (0.91)

TreeC 0.18 (24) 0.3 (0.9) 0.18 (14) 0.46 (0.89) 0.12 (11) 0.47 (0.94) 0.19 (2) 0.35 (0.89)

SVC 0.15 (1) 0 (0.92) 0.15 (1) 0 (0.92) 0.1 (11) 0.56 (0.94) 0.15 (1) 0 (0.92)

Set C KnnC 0.16 (1) 0.00 (0.90) 0.16 (1) 0.00 (0.90) 0.15 (1) 0.00 (0.90) 0.16 (1) 0.00 (0.90)

LDC 0.16 (1) 0.00 (0.90) 0.16 (1) 0.00 (0.90) 0.15 (1) 0.00 (0.91) 0.16 (1) 0.00 (0.90)

TreeC 0.15 (2) 0.00 (0.90) 0.15 (2) 0.80 (0.96) 0.16 (5) 0.00 (0.90) 0.21 (1) 0.00 (0.90)

SVC 0.15 (1) 0.00 (0.90) 0.15 (1) 0.00 (0.90) 0.15 (1) 0.00 (0.91) 0.15 (1) 0.00 (0.90)

Set AC KnnC 0.06 (2) 0.74 (0.96) 0.06 (1) 0.76 (0.96) 0.06 (9) 0.76 (0.96) 0.06 (1) 0.76 (0.96)

LDC 0.04 (1) 0.86 (0.98) 0.04 (27) 0.86 (0.98) 0.06 (4) 0.76 (0.96) 0.08 (2) 0.7 (0.96)

TreeC 0.08 (1) 0.75 (0.95) 0.09 (38) 0.67 (0.95) 0.06 (5) 0.78 (0.96) 0.1 (1) 0.67 (0.94)

SVC 0.06 (7) 0.76 (0.96) 0.05 (5) 0.82 (0.97) 0.05 (4) 0.82 (0.97) 0.08 (2) 0.7 (0.96)

Set BC KnnC 0.13 (13) 0.5 (0.93) 0.09 (5) 0.59 (0.95) 0.18 (1) 0.22 (0.9) 0.19 (1) 0 (0.89)

LDC 0.01 (42) 0.96 (0.99) 0.01 (44) 0.96 (0.99) 0.12 (14) 0.47 (0.94) 0.15 (1) 0.25 (0.91)

TreeC 0.18 (24) 0.3 (0.9) 0.18 (14) 0.46 (0.89) 0.12 (11) 0.47 (0.94) 0.19 (2) 0.35 (0.89)

SVC 0.15 (21) 0 (0.92) 0.15 (1) 0 (0.92) 0.1 (11) 0.56 (0.94) 0.15 (1) 0 (0.92)

Set ABC KnnC 0.06 (2) 0.74 (0.96) 0.06 (1) 0.76 (0.96) 0.06 (9) 0.76 (0.96) 0.06 (1) 0.76 (0.96)

LDC 0.03 (38) 0.91 (0.99) 0.01 (36) 0.96 (0.99) 0.05 (17) 0.82 (0.97) 0.06 (3) 0.76 (0.96)

TreeC 0.08 (1) 0.75 (0.95) 0.12 (9) 0.61 (0.93) 0.06 (5) 0.78 (0.96) 0.06 (2) 0.76 (0.96)

SVC 0.06 (10) 0.76 (0.96) 0.06 (4) 0.76 (0.96) 0.05 (4) 0.82 (0.97) 0.06 (3) 0.74 (0.96)
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Gender independent and Gender-based experiments were also performed with the hold out method while training 
on the train set and testing on the development set. A comparison of the performance of the proposed method with 
existing methods on the DAICWOZ dataset is shown in Table 4. It can be observed that the proposed combination of 
multivariate feature selection with classifier gives better performance than existing methods for both gender independent 
and gender-based for LOOCV and hold-out schemes except for one case. It outperformed a few ensemble methods also.

Table 4. Comparison of the proposed method with state of art on DAICWOZ dataset in terms of f1 Depressed (Non-Depressed) 

LOOCV/k-fold Holdout

GI 0.88 (0.97) (proposed) 0.60 (0.93) (proposed)

0.26 (0.41) [10] 0.52 (0.70) [34]

0.24 (0.75) [11] 0.46 (0.68) [27]

0.5 (0.9) [11] (Visual) 0.50 (0.89) [27] (Video)

0.35 (0.79) [11] (Ensemble) 0.50 (0.89) [27] (Ensemble)

0.63 [26] 0.57 (mean) [35]

0.586 [26] (Video) 0.81 (mean) [35] (Ensemble)

0.69 [26] (Ensemble) 0.55 (0.79) [36]

0.77 (0.73) [17] 0.57 (0.89) [37]

0.63 (0.89) [37] (Video)

0.63 (0.89) [37] (Ensemble)

GD Female 0.97 (0.99) (proposed) 0.80 (0.96) (proposed)

0.55 (0.80) [10] 1.0 (1.0) [36]

Male 0.96 (0.99) (proposed) 0.85 (0.96) (proposed)

0.49 (0.85) [10] 0.53 (0.71) [36]

GB 0.59 (0.87) [11] 0.62 (0.91) [11] (Ensemble)

0.36 (0.83) [11] (Ensemble)

0.641 [26]

0.58 [26] (Video)

0.73 [26] (Ensemble)

Relevant features selected for depression detection in the proposed work are given in Table 5.
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Table 5. Selected features for the best performance of the proposed method
 

Scheme GI Female Male

LOOCV Delta F0, Delta Delta F0, HMPDD,
HMPDM, MCEP, Peak Slope, Rd

MCEP, Delta MCEP, Delta Delta MCEP,
Formant, Peak Slope, HMPDD, HMPDM

MCEP, Delta MCEP,
Delta Delta MCEP, HMPDM, Peak Slope

Holdout
MCEP, Delta MCEP, 

Delta Delta MCEP, HMPDD, 
HMPDM, Norm F0, 
Delta Delta F0, MCQ

HMPDD, MCEP HMPDD

6. The main steps of the algorithm
1. Data Collection.
2. Data Cleaning.
3. Feature Extraction was done from the DAICWOZ Dataset.
4. Fisher Discriminate Ratio (FDR) was employed to select the top 100 features that are relevant to the class label.
5. Feature Selection was done using multivariate analysis.
6. Select the top 50 non-redundant features after multivariate analysis.
7. Features are used incrementally to make a Decision Model for each Classifier.
Both LOOCV and Hold out Scheme was used to analyze the model in terms of the classification error and in terms 

of the f1 depressed and f1 non-depressed. The low classification error was made the criteria to pick a corresponding 
number of features along with f1 depressed and f1 non-depressed.

The Combination of SR and LDC, and Maha and LDC provides comparable high performance for all the six sets 
and for both gender independent and gender-based studies.

Moreover, it was analyzed that the performance with low-level features was better than high-level features.
Step 1 and Step 2 have been performed in constant time.
Step 3 was having the worst time complexity of N * H, where N refers to the number of subjects in the dataset and 

H refers to the number of frames after speech processing of the patients.
Step 4 was having the time complexity of n * f , where n refers to the number of samples and f relates to the number 

of features.
Step 5 was having worst time complexity of O( f 2) where f refers to the number of features and Step 6 is having the 

time complexity of O( f log f ) because of sorting the features scores in descending order that are achieved after doing 
multivariate analysis.

In Step 7, the worst time complexity from all the classifiers used is O(n2f  + n 3) and the model was trained for 10 
cross-fold validation.

7. Conclusion
In this paper, we investigated a combination of four well-known multivariate filter feature selection methods 

(mRMR, Maha, SR, and FCBF) and four classifiers (kNN, LDC, Decision Tree, and SVM) to determine the 
performance of speech-based depression detection system. Experiments are performed on DAICWOZ dataset using 
both low and high-level descriptors extracted using the COVAREP toolbox. Results demonstrate that the combination 
of SR and LDC, and Maha and LDC provide comparable high performance for all the six sets and for both gender 
independent and gender-based studies. Among all classifiers, the performance of LDC is best on all sets and for both 
gender independent and gender-based studies. It was also noted that the performance with low-level descriptors is 
better than high-level descriptors. Further, the performance of the proposed work on speech-based depression detection 
considerably improves in comparison to existing unimodal and few multimodal depression detection systems. There 
is a need to develop/explore better combination of feature selection method and classifier, which can provide better or 
comparable performance than multimodal system to reduce the cost and complexity of the decision system.
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