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ABSTRACT

The rapidly growing number of depressed people increases the
burden of clinical diagnosis. Due to the abnormal speech signal
of depressed patients, automatic audio-based depression recogni-
tion has the potential to become a complementary method for
diagnosing. However, recognition performance varies largely with
different speech acquisition tasks and classifiers, making results
not comparable, and the performance requires further improve-
ment before clinical application. This work extracted high-level
statistical acoustic features (prosodic, voice-quality, and spectral
features) of 23 depressed patients and 29 healthy subjects under
spontaneous pronunciation tasks (interview and picture descrip-
tion) and mechanical pronunciation tasks (story reading and word
reading), then applied principal component analysis (PCA) to re-
duce features dimensions, finally employed multilayer perceptron
(MLP) to establish the classification model and compared with tra-
ditional classifiers (logistic regression, support vector machine, de-
cision tree, and naive Bayes). The results showed that spontaneous
pronunciation induced more significantly discriminative acoustic
features and achieved better recognition performance accordingly.
And the PCA retained 90% useful information with 50% features.
Furthermore, MLP achieved the best performance with the accuracy
0.875 and average F1 score 0.855 under the picture description task.
This study provides support for task design and classifier building
for audio-based depression recognition, which could assist in mass
screening for depression.
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1 INTRODUCTION

Depression is one of the common and serious psychological disor-
ders characterized by persistent pessimism, cognitive decline, and
social dysfunction [1]. According to the World Health Organiza-
tion, an estimated 3.8% of the population suffers from depression,
which severely increases the burden of diagnosis [2]. In addition,
existing clinical diagnoses mostly rely on subjective scales with
low efficiency and high subjectivity [3]. Therefore, providing an
effective, objective, and convenient method as a complement to
improve current diagnostic capabilities is of vital significance.
Existing studies have indicated that depression affects cognitive
function and muscular coordination [4][5], which in turn affects
the physiological process of pronunciation, and patients are of-
ten characterized by speaking less, low volume, and hesitation
[6][7]. Therefore, audio streams contain depression-related infor-
mation that can be used for classification. More importantly, the
contact-free audio collecting process is friendly to patients. Re-
cently, several studies have explored audio-based recognition for
depression. For speech collecting tasks, designing a standard task
with a well-inducing effect is critical and difficult, and much effort
has been made by researchers. According to the openness of ques-
tions, existing tasks can be divided into spontaneous pronunciation
and mechanical pronunciation. Spontaneous pronunciation is that
subjects give inconsistent answers to open questions based on their
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own experience and understanding. It contains the active thinking
of the subjects, but the unfixed response makes analysis difficult.
For example, Gratch et al. [8] simulated the clinical interview task
by a human-computer interaction system. An animated interviewer
could ask several questions in a variable order and record responses.
And mechanical pronunciation is that subjects read fixed materials.
It standardizes the acquisition process but reduces the interaction
process. For example, Valstar et al. [9] selected a short story and
songs as materials to ask subjects to pronounce in their common
ways. And Taguchi et al. [10] designed a speech task that sub-
jects should read out ten digits “012-345-6789” like a telephone
number and analyzed the difference of frequency features between
depressed and non-depressed groups. Different effects induced by
these two kinds of tasks will affect the subsequent recognition
effect, which is seldom discussed in previous studies. Therefore,
the selection of speech tasks is needed for ensuring the quality of
depression-related expressions and reducing the interference of
irrelevant emotions.

By extracting utterance-level features as global acoustic features,
researchers establish several machine learning models for classifica-
tion. For classifiers, Valstar et al. [11] built a support vector machine
(SVM) based on the eGeMAPS features and obtained the F1 score
0.57. The eGeMAPS feature is a standardized acoustic feature set for
emotional computing, but its high dimension puts forward higher
requirements for the fitting ability of the classifier. Besides, Desh-
pande et al. [12] extracted a broad spectrum of features derived
from audio samples, then proposed a random forest model to detect
emotional valence and achieved accuracy 0.70. Pan et al. [13] built a
logistic regression (LR) model based on multiple hand-craft acoustic
features and further improved the depression recognition perfor-
mance with accuracy 0.83. Instead of machine learning models, Ma
et al. [14] proposed DepAudioNet framework based on deep learn-
ing and achieved F1 score 0.61, which indicated the advantages of
neural networks in processing acoustic features. However, due to
the difference of speech collecting tasks, the performance of these
different classifiers is not comparable. Besides, because of the diffi-
culty of fitting high-dimensional acoustic features, the performance
requires further improvement before clinical application.

Considering the problems mentioned above, this work compared
the induction effects of four speech tasks (interview, story reading,
words reading and picture description), then proposed an automatic
depression recognition method from spontaneous pronunciation us-
ing machine learning. First, we extracted acoustic features (prosodic,
voice-quality and spectral features) as a low-level descriptor (LLD)
from 23 depressed patients and 29 healthy subjects, and calculated
globally high-level statistical features (HSF) as utterance-level fea-
tures. Second, we statistically analyzed the differences in acoustic
features between the depressed group and non-depressed groups
under different speech tasks and applied principal component anal-
ysis (PCA) to reduce dimensions. Finally, we employed multilayer
perceptron (MLP) to establish the classification model and com-
pared it with traditional classifiers including LR, SVM, decision
tree (DT) and naive Bayes (ND). Finally, we further determined
the optimal combination of the speech task and classifier for the
performance improvement of audio-based depression recognition.
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2 DATASET

For the experiments, we used the raw audio collected from a multi-
modal open dataset for mental-disorder analysis (MODMA) at
Lanzhou University, China [15]. This dataset also collects electroen-
cephalogram signals for analysis [16] but is not used in this study.
It contained 52 subjects including 23 depressed outpatients and 29
healthy subjects (1 depression data defective). Subjects were classi-
fied as depressed and non-depressed by clinical psychiatrists using
a combination of scores from several psychological scales, including
GAD-7 and PHQ-9 as shown in Figure 1. During the experiment,
subjects were asked to complete the speech tasks in turn following
the instructions shown on a computer screen. The spoken language
was Chinese. The whole experiment lasted about 25 minutes. All
audio was recorded by Neumann TLM102 (microphones) and RME
FIREFACE UCX (audio card) with a 44.1 kHz sampling rate in un-
compressed WAV format. Participants were asked to complete the
following four speech tasks:

o Interview. Subjects should answer 18 questions with three
kinds of valences: positive, neutral, and negative, such as
“What is the best gift you have ever received and how did
you feel? How do you evaluate yourself?”.

o Story reading. The material is a short story with neutral
valence named “The North Wind and the Sun”, the English
version of which is also used in [8] before. The subjects can
read aloud in their common habits.

o Word reading. There are three groups of words that corre-
spond to three kinds of valences. Each group has six words,
such as “happy, center, wail”.

o Picture description. It includes three pictures of different
facial expressions and one picture from The Apperception
Test (TAT), which is widely used to reflect individual psy-
chology. Subjects are free to describe according to their own
understanding,.

3 METHOD

The overall process of depression recognition consisted of five
parts: preprocessing, feature extraction, dimension reduction, clas-
sification and evaluation. Besides, statistical analysis is also used
to analyze the discrimination of acoustic features for four speech
tasks, as shown in Figure 2.

3.1 Preprocessing

Because the audio was recorded separately, all segments of the
same tasks were spliced randomly to counteract the sequence effect.
Then we reduced the sampling rate to 16 kHz and randomly divided
all samples into the training set and test set at the ratio of 7:3. And
to overcome the problem of data scarcity, data augmentation was
used to increase the sample size by dividing the audio into 3 equal
parts. Such augmentation was only used for training set and not
for test set and statistical analyses. Finally, for statistical analysis,
there were 22 subjects in the depressed group and 29 subjects in the
non-depressed group, and for classification, there were 105 samples
in the training set and 16 samples in the test set for each task.
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Figure 1: The scores distribution of the two typical scales with (a) for the anxiety scale GAD-7 and (b) for the depression scale

PHQ-9. The vertical dashed lines indicate the threshold.

|W 4,[ Preprocessing H

Raw Audio

PCA

Feature Statistical
Extraction Analysis
Classification
v SVM MLP
LQ @ '5 Evaluation
LR S
e 33 16

Figure 2: Visualization of the overall process of the proposed depression analysis and recognition method.

3.2 Feature Extraction

In this study, we extracted 1) prosodic feature, including voiced dura-
tion, unvoiced duration, fundamental frequency (F0), short-time en-
ergy (STE), zero crossing rate (ZCR) and sound pressure level (SPL);
2) voice-quality feature, including the center frequency and band-
width of the first three formants (F1-F3), jitter and shimmer; and 3)
spectral feature, including 13-dimensional Mel-frequency Cepstral
Coefficients and its first and second derivatives (MFCC0-38), as
described in Table 1 [17][18]. These features were first extracted
frame-by-frame as LLD, which reflects local information. Then
we calculated the mean and standard deviation of each prosodic
and voice-quality feature and the mean of spectral feature as a
67-dimensional HSF to represent the global utterance-level features.
Because the depression-related information hides in the state of the
speaker, HSF retains overall characteristics and ignores the interfer-
ence of transient variation. Each dimension feature was normalized
to 0-1.

3.3 Statistical Analysis

Statistical analysis is performed on the acoustic features between
groups to reveal the difference in depression-related pronuncia-
tion and further analyze the inducing effect. First, we used the
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Kolmogorov-Smirnov test to verify the normal distribution of sam-
ples. Then, Levene’s test was used to test the homogeneity of vari-
ance. If satisfied, the Student’s t-test was used; otherwise, Welch’s
t-test was used. All analyses were conducted with SPSS Statistics.

3.4 Dimension Reduction

PCA is used for dimension reduction in order to retain useful in-
formation and improve learning efficiency. The training set fits the
covariance matrix and the test set transforms. To retain approxi-
mately 90% of cumulative contributions, the first 50% features with
33 dimensions were obtained for classification.

3.5 Classification

Four popular traditional classifies and one neural network model
were built for depression recognition under the same conditions.
The introduction and parameter settings of models are as follows:

e Logistic Regression. As one of the linear models, LR at-
tempts to build a functional relationship between two or
more predictor (independent) variables and one outcome
(dependent) variable. This work used LIBLINEAR algorithm
for optimization.

e Support Vector Machine. It can construct a hyperplane
to discriminate two classes with the max distance. And it
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Table 1: The description of acoustic features

Feature

Description

Voiced Duration
Unvoiced Duration

Prosodic Feature

Fundamental Frequency

Short-Time Energy
Zero Crossing Rate

Sound Pressure Level
First Three Formant Frequency and
Bandwidth

Voice-quality Feature

Jitter
Shimmer

Spectral feature 13-dimensional Mel-frequency
Cepstral Coefficients + delta + delta

delta

The sound of the vocal cord vibration when the pronunciation
The sound of the vocal cord does not vibrate when the
pronunciation

The frequency of the pitch in a polyphony, reflecting the pitch of
the tone.

The sum of squares assigned to all speech signals in each frame.
The number of times a signal crosses the horizontal axis per
frame

The intensity of audio in air per frame, in dB.

The region of the spectrum in which energy is concentrated,
reflecting the sound quality and physical properties of the vocal
tract.

The variation of acoustic basic frequency between adjacent
periods mainly, reflecting he degree of rough sound.

The variation of acoustic amplitude between adjacent periods
mainly, reflecting the degree of hoarseness.

The short-term power spectrum of audio, reflecting the nonlinear
characteristics of human ear frequency.

can manage linearly inseparable problems. We selected RBF
kernel as the optimization function and used grid search to
calculate the optimal parameters.

Decision Tree. It can split data into binary categories using
progressive iterations and establish the tree structure dia-
gram. Each node represents a point at which the data are
split, and the leaves at the end of the tree are the output
variables.

Naive Bayes. NB classifier is a kind of probabilistic clas-
sifiers based on applying Bayes’ theorem. It assumes that
all features are strongly independent. This model is easy to
calculate and can be applied to reasonably large datasets.
Multilayer Perceptron. With its feedback structure, MLP
can adjust the weight of neurons and has a strong fitting
ability [19]. In this work, the neuron number of input layer
was 33, which was consistent with the output of feature
dimension reduction. And the neuron number of hidden
and output layers was set to 16, 8 and 2. Sigmoid activation
function was used. Cross-entropy was selected as the loss
function.

3.6 Evaluation

We used accuracy and F1 score as indexes to evaluate recognition
performance. F1 score represents the harmonic mean of precision
and recall, as given by:

A _ TP+TN
Uy = TP FP+ TN+ FN
. TP
Precision = ———
TP + FP
TP
RECall = m
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2 X Precision X Recall

F1 score =
Precision + Recall

where TP/FP indicates true/false positives samples and TN/FN indi-
cates true/false negatives samples.

4 RESULTS AND DISCUSSION

Here, we explored the induction effect of different speech tasks by
statistical analysis and recognition performance, then compared
the performance of MLP with traditional classifies.

4.1 Acoustic feature differences between groups

Figure 3 shows the distribution of significantly discriminative acous-
tic features between groups. As described in Table 1, these differ-
ences showed that the depressed group had a deep and slow voice,
such as lower STE and SPL, which was consistent with clinical char-
acteristics [6][7]. We further counted the number of features with
significant differences in each speech task as the subgraph above.
These significant differences are more prominent in the interview
and picture description than in story reading and word reading
tasks. We classified the interview and picture description as spon-
taneous pronunciation because the answers include the experience
and understanding of the subjects. Spontaneous pronunciation is
highly involved in cognitive and memory functions, which are im-
paired in depression as reported in [4][5]. We also classified the
story reading and word reading tasks as mechanical pronunciation.
We believe that mechanical pronunciation is difficult to arouse the
cognitive and memory function due to the unfamiliarity with mate-
rials and the less interaction. From statistical analysis, spontaneous
pronunciation induced more significantly discriminative acoustic
features than mechanical pronunciation. However, due to the com-
plexity of pronunciation and the correlation of acoustic features
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Figure 3:

[20], the recognition performance of different tasks needs to be
further verified.

4.2 Recognition performance

We calculated the accuracy and F1 score of five classifiers under
four speech tasks. As shown in Figure 4, MLP outperformed the
recognition performance of LR, SVM, DT and NB under four tasks,
indicating that MLP has a better fitting ability for acoustic features
than traditional classifiers. Table 2 shows detailed results of MLP
under four tasks. It can be seen that the recognition performance
of interview and picture description under MLP also exceeded
story reading and word reading, indicating that spontaneous pro-
nunciation is more suitable for depression-related features than
mechanical pronunciation, which is consistent with the statistical
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Results of statistical analysis for acoustic features between groups.

* for p<0.05, ** for p<0.01.

analysis results. In particular, MLP achieved the best recognition
performance with accuracy 0.875 and average F1 score 0.855 un-
der the picture description task. The result further improved the
recognition performance by selecting speech tasks and improving
the classifier and encouraged spontaneous pronunciation for future
task design.

5 CONCLUSION

This work compared the induction effects of four speech tasks,
then proposed an automatic depression recognition method from
spontaneous pronunciation using machine learning. The results
indicated that spontaneous pronunciation tasks (interview and pic-
ture description) induced more significantly discriminative acoustic
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Figure 4: Accuracy and F1 score comparison of five classifiers under four speech tasks.

Table 2: Performance comparison of different speech tasks under MLP. ND for non-depression and D for depression

Speech Task Accuracy Precision Recall F1 score (D/ND) F1 score (AVG)
Interview 0.813 0.667 0.800 0.727/0.857 0.792
Story Reading 0.688 0.667 0.571 0.615/0.737 0.676
Words Reading 0.750 0.500 0.750 0.600/0.818 0.709
Picture Description 0.875 0.667 1.000 0.800/0.909 0.855

features and achieved better recognition performance than mechan-
ical pronunciation tasks (story reading and word reading). And MLP
achieved the best recognition performance with accuracy 0.875 and
average F1 score 0.855 under the picture description task than tradi-
tional classifiers, which has the potential as a complement to assist
in the mass screening for depression. Meanwhile, this work pro-
vides a direction for follow-up research on task design and classifier
building for automatic depression recognition.
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