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Abstract

Speech based depression classification has gained immense
popularity over the recent years. However, most of the clas-
sification studies have focused on binary classification to dis-
tinguish depressed subjects from non-depressed subjects. In
this paper, we formulate the depression classification task as
a severity level classification problem to provide more granu-
larity to the classification outcomes. We use articulatory coor-
dination features (ACFs) developed to capture the changes of
neuromotor coordination that happens as a result of psychomo-
tor slowing, a necessary feature of Major Depressive Disorder.
The ACFs derived from the vocal tract variables (T'Vs) are used
to train a dilated Convolutional Neural Network based depres-
sion classification model to obtain segment-level predictions.
Then, we propose a Recurrent Neural Network based approach
to obtain session-level predictions from segment-level predic-
tions. We show that strengths of the segment-wise classifier
are amplified when a session-wise classifier is trained on em-
beddings obtained from it. The model trained on ACFs derived
from TVs show relative improvement of 27.47% in Unweighted
Average Recall (UAR) at the session-level classification task,
compared to the ACFs derived from Mel Frequency Cepstral
Coefficients (MFCCs).

Index Terms: Depression, vocal tract variables, articulatory co-
ordination, dilated CNN, LSTM

1. Introduction

With more than 264 million people suffering worldwide [1],
Major Depressive Disorder (MDD) is one the most critical men-
tal health disorders that affects the quality of life. MDD can
even lead to suicidality and that urges the requirement of timely
diagnosis and prompt treatments. Previous studies have shown
that vocal biomarkers developed using prosodic, source, and
spectral features [2, 3, 4] can be very useful in depression de-
tection and severity prediction.

Articulatory Coordination Features (ACFs) have yielded
successful results in distinguishing depressed speech from non-
depressed speech by quantifying the changes in timing of
speech gestures [5, 6, 7, 8]. These changes in articulatory co-
ordination happens as a result of neurological condition called
psychomotor slowing, a necessary feature of MDD that is used
to evaluate the severity of MDD [9, 10, 11]. Previously, the
correlation structure of the formants or MFCCs were used as
a proxy for articulatory coordination to derive indirect ACFs
which showed promise in the depression detection task [6]. Au-
thors of this paper showed in their previous work, that by us-
ing Vocal Tract Variables (TVs) as a direct measure of articula-
tion to quantify changes in the way speech is produced by de-
pressed and non-depressed subjects can yield significantly bet-
ter results in depression detection task [7, 8]. In recent work,
the authors applied the time-delay embedded correlation matrix
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derived from TVs as ACFs to train a generalized deep learn-
ing based model for the first time with speech data sourced
from two depression databases with different characteristics .
It was shown that TV based ACFs show promise as a robust set
of features for depression by generalizing well across the two
databases [12].

While a lot of studies have looked into predicting the de-
pression severity scores using regression [13, 14], most pre-
vious studies on depression classification focused on detect-
ing whether a subject is depressed or not [15, 16] or detect-
ing high or low depression [3, 17]. A very few studies have
looked into performing classifications across more than just 2
classes [18, 19], but not using deep learning based models.
Hence we extend our work to perform a depression severity
level classification across 3 classes (normal, moderate and se-
vere) using TV based ACFs. This helps to identify those who
are at critical stages with severe depression, allowing to prior-
itize the allocation of limited resources. Then we propose a
multi-stage model to perform session-wise classifications using
segment-level classifications. We show that this technique can
result in significant improvements in final classifications than
training models using features extracted directly from full au-
dio recordings by helping to avoid overfitting issues due to high
dimensionality of the input features and low amount of training
samples. We perform experiments using multiple feature sets
(MFCCs, Formants, openSMILE features) for comparisons.

The paper is organized as follows: section 2 explains the
methodology involving feature extraction and model architec-
tures. Section 3 presents the experiments conducted and results
obtained. Section 4 analyses the results in detail with potential
future directions.

2. Method

2.1. Depression Databases

We use speech data from two depression databases [20, 21] (Ta-
ble 2). Two clinician (CL)-rated depression assessment scales:
the 17-item Hamilton Depression Rating Scale (HAMD) [22]
and the 16-item Quick Inventory of Depressive Symptomatol-
ogy (QIDS) [23] were provided which were used to define the
severity levels of depression (Table 1). For the 3-class severity
level classification task, data in levels 4-5 and 2-3 for was com-
bined for classes ‘severe’ and ‘moderate’ respectively. Data in
level 1 was used for ‘normal’ class.

Table 1: Severity level definitions of MDD assessment scales

Severity Level HAMD QIDS
1. Normal 0-7 0-5
2. Mild 8-13 6-10

3. Moderate 14-18 11-15

19-22
23-52

16 - 20
21-27

4. Severe
5. Very Severe

In this study, we used recordings of free speech (FS) where
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Table 2: Details of Depression Databases

Database MD-1 [20] MD-2 [21]
Longitudinal 6 Weeks 4 Weeks
Study Type Observational Clinical trial
# Subjects 20F, 15M 104F, 61 M
Demography 31 Caucasian 125 Caucasian
1 African American 26 African American
1 Bi-racial 4 Asian
1 Greek, 1 Hispanic 10 Other
Assessment HAMD-CL: Bi-weekly HAMD-CL, QIDS-CL: Weeks 1,2,4
FS Lengths Min: 2.5s, Max: 156.8s Min: 2.6s, Max: 181.2s

Recording Type Interactive Voice Response Technology (8kHz)

patients describe how they feel emotionally, physically and their
ability to function.In MD-2, depression assessment scores were
provided to only 105 subjects. Due to the availability of two
CL-rated scores in MD-2, only the speech samples where both
the scores belong to the same severity level were used.

2.2. Estimation of Vocal Tract Variables (TVs)

Acoustic-to-Articulatory Speech Inversion(SI): We use the
TVs estimated by a speaker independent, deep neural network
(DNN) based SI system to estimate the low-level feature vec-
tors used to compute ACFs. Articulatory Phonology (AP) [24]
views speech as a constellation of overlapping gestures. These
gestures are discrete action units whose activation results in
constriction formation or release by five distinct constrictors
along the vocal tract: lips, tongue tip, tongue body, velum, and
glottis). The vocal tract variables (TVs) are defined by the con-
striction degree and location of these five constrictors. The SI
system computes the trajectory of the TVs that represent con-
striction location and degree of articulators located along the
vocal tract [25]. The six TVs estimated by the SI system are —
Lip Aperture, Lip Protrusion, Tongue Body Constriction Loca-
tion, Tongue Body Constriction Degree, Tongue Tip Constric-
tion Location and Tongue Tip Constriction Degree. For detailed
information about the SI system, the reader is referred to [25].

Glottal TV Estimation: To achieve a complete represen-
tation of TVs described by the AP, TVs corresponding to the
glottal state should also be included. The same DNN based SI
system could not be trained due to unavailability of ground-truth
articulatory data as a result of difficulty in placing sensors near
the glottis. Therefore, we augment the previous 6 TVs with the
periodicity and aperiodicity measures obtained from the Ape-
riodicity, Periodicity and Pitch detector [26] which are used as
glottal TVs. In [8], these glottal parameters boosted the classifi-
cation accuracies for depressed and non-depressed speech clas-
sification by about 8%.

2.3. Other Feature Extraction

In order to compare the performance of the model trained using
TV based ‘direct’” ACFs, we also trained models with the same
architecture using widely used MFCCs and Formants based
ACFs which are considered as proxies for actual articulatory
coordination. 12 MFCC time series were extracted by using an
analysis window of 20 ms with a 10 ms frame shift (1* MFCC
coefficient was discarded). The first three formant frequencies
were extracted using Praat [27]. Settings were: tracking 5 for-
mants, 5500 Hz maximum formant, window length of 25ms and
time step of 10ms.

To train a baseline model for comparison purposes,
the extended Geneva Minimalistic Acoustic Parameter Set
(eGeMAPS) [28] was extracted using the openSMILE toolkit
[29]. This 23-dimensional feature set consists of prosodic fea-
tures like pitch, loudness, jitter, shimmer and other spectral pa-
rameters. The motivation behind using this feature set as the
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baseline case is because previous work on speech based depres-
sion recognition has shown that prosodic features like reduced
speaking intensity, reduced pitch range and slower speech are
characteristics of depressed speech [30]. These features were
computed with a window size of 20ms with an overlap of 10ms.

2.4. Articulatory Coordination Features

We use the channel-delay correlation matrix proposed in [31]
as the ACFs for this work. This matrix overcomes the limita-
tions found in the conventional approach [6] such as repetitive
sampling and matrix discontinuities at the borders of adjacent
sub-matrices.

For an M -channel feature vector X, the delayed correla-
tions (r{’;) between i'" channel x; and 5" channel x; delayed
by d frames, are computed as:

N—d—1

d _ t=0
T,

l’i[t]JZj [t + d]
N —|d|

= ey
where N is the length of the channels. The correlation vector
for each pair of channels with delays d € [0, D] frames will be
constructed as follows:

_ 0
Rij = [r;,

The delayed auto-correlations and cross-correlations are
stacked to construct the channel-delay correlation matrix:

1 D
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It is important to note that the EACF matrix contains ev-

ery correlation only once. With this representation, information

pertaining to multiple delay scales can be incorporated into the

model by using dilated CNN layers with corresponding dilation

factors while maintaining a low input dimensionality. Each R; ;

will be processed as a separate input channel in the CNN model,

and thereby overcoming discontinuities. Before computing the
ACFs, feature vectors were standardized individually.

Racr = [Rl,l R; ;

2.5. Baseline Model

We trained a CNN using openSMILE features to be used as a
baseline model for the session-wise classification. The input is
passed through two sequential 1-D (across time axis) convolu-
tional layers (C'onvl, C'onv2). Each convolutional layer is fol-
lowed by batch normalization, leaky ReLU activation, dropouts
(D1, D2) and a max-pooling layer (M P1, M P2). The out-
put from the second max-pooling layer is flattened and passed
through a fully connected layer (Densel) with ReLU activation
with [o regularization of A = 0.01 to perform 3-class classifi-
cation in the output layer.

The output of the Densel dense layer is extracted and used
as the input to the LSTM model described in section 2.6 to ob-
tain session-wise classifications.

2.6. Multi-Stage Dilated CNN-LSTM Model

A multi-stage approach to obtain session-wise classification
predictions from segment-wise predictions is motivated by the
fact that the original number of speech recordings were insuffi-
cient to train a deep neural network with high-dimensional input
features (since each recording serves as a training sample). To
overcome this drawback, we propose a two-stage neural net-
work architecture.

In the first stage, a dilated CNN proposed in [31] was
trained using the ACFs to predict the segment-wise classifica-
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Figure 1: Dilated CNN-LSTM Architecture for Session-Level Classification

tions (Fig. 1). The input ]TBACF is fed into four parallel con-
volutional layers (C'1, C'2, C'3, C'4) with different dilation rates
n = {1,3,7,15} and a kernel size of (15,1) which resem-
bles the multiple delay scales in the conventional approach. The
outputs of these four parallel layers are concatenated and then
passed through two sequential convolutional layers (C5, C'6).
This output is flattened and passed through two fully connected
(dense) layers (D1, D2) to perform segment-level classification
in the output layer. All convolutional layers used LeakyReLLU
activation, whereas dense layers used ReLLU activation with [
regularization of A = 0.01. Batch Normalization, dropouts,
and max-pooling layers were added as shown in the Fig. 1. The
weight sharing nature of CNNs handles the high dimensional
correlation matrices with a low number trainable parameters.

The flattened output of C6 is passed as input to the second
stage. Since the segments of the sessions can be represented
in sequential order, these embeddings are passed through an
LSTM based RNN model to perform the session-level clas-
sification. The input is first passed through two LSTM lay-
ers (LSTM1 with Ly units, returning sequence outputs and
LST M2 with L units), followed by a Dense layer (D3) with
ReLU activation and O4 output units. Finally, the output layer
with Softmax activation performs the session-level classifica-
tion. Recurrent dropout probabilities of DP; and D P, are ap-
plied to the two LSTM layers respectively.

3. Experiments & Results
3.1. Dataset Preparation

Originally there were 472 (35 speakers) and 753 (105 speak-
ers) FS recordings from MD-1 and MD-2 respectively. The
140 speakers were divided into train / validation / test splits
(60 : 20 : 20) preserving a similar class distribution in each
split and ensuring that there are no speaker overlaps. For the
models trained on TV, MFCC and Formant based ACFs, to in-
crease the number of samples in order to train a deep neural
model and to make the model resilient to translation, we seg-
mented the audio recordings in the train and validation splits
that are longer than 20s into segments of 20s with a shift of
5s. Recordings with duration less than 10s were discarded and
other shorter recordings (between 10s-20s) were used as they
were. Table 3 summarizes the amount of speech data available

Table 3: Available Data for the Dilated CNN model in hours/ #
segments/ # sessions

Database  Severe Moderate Normal
MD-1 4.13/763 /43 6.57/1215/68  2.17/396/22
MD-2 8.8/1635/137  5.63/1044/95 0.87/164/17

after the segmentation. Test data was split into non-overlapping
equal-length segments close to 20s. For the baseline model
trained on openSMILE features, all these audio segments were
truncated at 10s (minimum length of the available audio seg-
ments) to have fixed sized inputs to the CNN. Before extracting
the low-level features, all audio segments were normalized to
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have a maximum absolute value of 1.

3.2. Model Training

Baseline Model: Kernel size and number of output filters for
Conwvl is 8 and 256 respectively and for Conv2 8 and 128
respectively. The pool size of M P1 and M P2 is 8. D; and
Do were tuned to 0.5 and 0.7 respectively. Densel has 64
units. These hyper-parameters were tuned using a grid search.
A learning of 2e — 5 was used. Each dimension of each input
openSMILE feature vector was individually standardized.

Multi-Stage Dilated CNN-LSTM Model: Using a maxi-
mum delay D as 50 (empirically determined), the dilated CNN
model was trained using a learning rate of 2e — 5. For C'5,
kernel size was (3,1) with a stride of 2 and 16 output filters
were used. For C'1 — C5, ‘same’ padding was used and for
C6 ‘valid’ padding was used. All input ACFs were standard-
ized using the mean and the standard deviation of the training
data. The LSTM model was trained using an adaptive learning
rate starting from 2e — 4 and it was decayed by 50% every 10
epochs until it reached 2e — 5. LSTM model hyper-parameters
can be found in Table 4.

Table 4: LSTM Based RNN Model Parameters

LSTM1 LSTM2 LSTM1 LSTM2 D3 Output
Units (L1) Units (L2) Dropouts (D Py) Dropouts (D Py) Size Oy
TV 64 64 0.4 0.3 32
MFCC 128 64 0.6 0.4 64
Formants 128 64 0.7 0.7 16

The models were optimized using an Adam Optimizer for
the Categorical Cross Entropy loss. The models were trained
with an early stopping criteria based on validation loss (pa-
tience 15 epochs) for a maximum of 300 epochs. Batch size
of 128 was used. To address the class imbalance issue, class
weights were assigned to both training and validation splits dur-
ing the training process to both the models. To evaluate the per-
formance of the model, overall accuracy, Unweighted Average
Recall (UAR), and F1 scores were used. Grid search was per-
formed to tune the hyper-parameters of the dilated CNN model
using the ranges in Table 5.

Table 5: Grid Search Parameters for Best Models

C1-C4 Filter C6 Filter C6 Kernel D2 Output Dropout

Outputs (O1) Output (O2) (K1) Size (O3) Prob. (DP)
Range {16,32} {8.16} {3.1), 4D} {8.16} {0.4,0.5}
TV 16 8 [CRY) 16 0.5
MFCC 32 16 [€R))] 8 0.5
Formants 32 8 “.1 16 0.4

3.3. Segment-Level Classification Results

Table 6 includes the accuracy and UAR results for the models
trained using 4 sets of features. The model trained on TV based
ACFs perform significantly better yielding a relative UAR im-
provement of 13.63% compared to the next best model that was
trained on MFCC based ACFs. Performance of Formant based
ACFs and openSMILE features seem very close in terms of
UAR. The chance level F1 scores for normal (N), moderate (M)
and severe (S) classes were 0.16, 0.38 and 0.39 respectively.
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Figure 2: Analysis of Mis-classifications by TV based ACF Di-
lated CNN-LSTM Model

Table 6: Overall Results of Segment-Level Classification

Model Features Accuracy UAR F1(N)/F1(M)/F1(S)
Dilated CNN TV ACF 50.84%  0.5010  0.33/0.50/0.58
Dilated CNN ~ MFCC ACF 42.76%  0.4409  0.27/0.53/0.37
Dilated CNN  Formant ACF 38.22%  0.4089  0.26/0.42/0.40
CNN Opensmile 40.20%  0.3980  0.21/0.42/0.48

3.4. Session-Level Classification Results

Using a low dimensional intermediate layer output of the
segment-level classifier as en embedding, session-level RNNs
were trained for all four feature sets. The overall session-level
classification results can be found in Table 7. To benchmark
the performance of the LSTM based session-level classifier, we
used a conventional plurality voting approach where we used
the mode of top 50% of the segment level predictions based on
the confidence as the session-wise prediction (ties were broken
by randomly selecting a class out of the tied classes). This was
done based on the hypothesis that highly confident segment-
level predictions can produce a more reliable final prediction.

The LSTM based RNN model trained using TV based
ACFs achieved a relative improvement of 27.47% in UAR com-
pared to the one trained using MFCC based ACFs. In general,
the ACFs have yielded better UAR relative to the openSMILE
features in session-level classification. Chance-level F1 scores
for normal, moderate and severe classes for session-level clas-
sifications were 0.17, 0.39 and 0.38 respectively.

Table 7: Overall Results of Session-Level Classification

Model Features Accuracy UAR F1(N)/F1(M)/F1(S)
TV ACF 62.86%  0.5958  0.53/0.65/0.63
LSTM based MFCC ACF 4571% 04674  0.44/0.48/0.43
RNN Formant ACF 37.14%  0.4028  0.32/0.4/0.36
Opensmile 37.14% 03729  0.21/0.39/0.43
TV ACF 52.86%  0.5861  0.47/0.4370.29
Plurality Vot- MFCC ACF 4571%  0.5222  0.48/0.61/0.37
ing Classifier Formant ACF 30.00%  0.3784  0.63/0.12/0.22
Opensmile 42.86% 03243  0.0/0.42/0.51

4. Discussion

Based on the results reported in section 3.4, the ACFs derived
from the TVs perform significantly better in this depression
severity level classification task. This shows that using TVs
as a direct measure for articulatory coordination can provide
additional information in distinguishing different levels of de-
pression severity. Our comparison among different feature sets
helps to benchmark the performance of TV based ACFs with
widely used other ACFs and openSMILE features.

The confusion matrix (Fig. 2a) obtained for the best
performing model for the session-level classification shows
that most of the confusions have occurred between adjacent
classes (either normal-moderate or moderate-severe). We fur-
ther analysed the HAMD scores of those sessions that were mis-
classified between the moderate and severe classes (Fig. 2b).
There are instances where all or most of the sessions belong-
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Figure 3: Accuracy of session-wise classifications against the
number of segments available for each session (TV based ACF's)

ing to the same speaker (brightly-colored bars in the figure) are
misclassified. Out of the 19 misclassified sessions, 10 (3-green,
3-blue, 2-red, 2-orange) belonged to 4 speakers. The remaining
9 gray colored bars are from 9 different speakers. This sug-
gests that a speaker dependent system may perform better than
a speaker independent system by learning unique characteristics
inherent to a particular speaker.

The LSTM based RNN model for session-wise classifica-
tions is proposed to overcome the drawbacks in standard rule
based approaches. A major drawback of these approaches is
that there is no principled approach to choose rule thresholds.
For instance, if we are using a plurality voting scheme which
only considers K most confident predictions and K is chosen
to maximize the metrics (K44 ), the resultant scheme is biased
towards the test set. Once K is chosen, there is no guarantee
that it will generalize to unseen test data. An alternative would
be to pick the segment level predictions where the confidence is
greater than a certain threshold p;x, however it’s possible that
there are no segment level predictions with better confidence
than the threshold. With the proposed approach, the perfor-
mance of the model is comparable with the result achieved us-
ing Kynq- and the generalizability of the model is maintained.

Looking at the performance of the segment-level and
session-level classifiers it is evident that the strengths of the
segment-level classifier are amplified as a result of its repeated
usage in the session-level classifier. This also suggests the no-
tion that the session level classifier is stronger on sessions with
more segments. This is empirically verified by calculating the
accuracy for ranges of segment counts in a session (Fig. 3).

5. Conclusion and Future Work

In this paper we proposed a new multi-stage architecture trained
on TV based ACFs for depression severity classification which
clearly outperforms the baseline models. We also established
that the robustness of ACFs based on TVs holds beyond mere
detection of depression and even in severity level classifica-
tion. In future, we will expand our work to perform severity
level classification beyond 3 classes and to predict the depres-
sion severity scores. This work can be extended to develop a
multi-modal system that can take advantage of textual infor-
mation obtained through Automatic Speech Recognition tools.
Linguistic features can reveal important information regarding
the verbal content of a depressed patient relating to their mental
health condition.
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