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Abstract

Background: In the future, automatic diagnosis of depression based on speech could complement mental health treatment
methods. Previous studies have reported that acoustic properties can be used to recognize depression, including mel-frequency
cepstrum coefficients (MFCCs) applied to speech recognition. However, there are few studies in which these characteristics
allow differential diagnosis of patients with depressive disorder.

Objective: This paper proposes a framework to help with automatic depression detection in a mobile environment where speech
data can be easily obtained. Specifically, we recorded speech data by performing a predefined text-based speech reading task on
mobile, investigated whether the recorded data can screen for depression, and proposed a deep learning-based framework that
helps in automatic depression detection.

Methods: We recruited 125 patients who met the criteria for major depressive disorder (MDD) and 113 healthy controls without
current or past mental illness. Participants' voices were recorded on smart-phone while performing the task of reading predefined
text-based sentences. We investigated the differences in the voice characteristics between MDD and healthy control groups using
statistical analysis. We also investigated the possibility of automatic depression detection using the proposed log mel (LM)
spectrogram-based deep Convolutional Neural Networks (CNN) architectures and machine learning models.

Results: We found that there were statistically discernable differences between MDD and control groups in the MFCC features
extracted through the utterances of reading predefined text-based sentences. Moreover, the best accuracies achieved with LM
spectrogram-based CNN and softmax classifier on the speech data are 80.00% accuracy. Our results show that the deep-learned
acoustic characteristics lead to better performances of classifiers than those using the conventional approach.

Conclusions: In conclusion, this study suggests that the analysis of speech data recorded while reading text-dependent sentences
could help predict depression status automatically by capturing characteristics of depression. Our method can contribute to an
approach that allows individuals to easily and automatically assess their depressive state anytime, anywhere, without the need for
experts to conduct psychological assessments on-site.
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Automatic Depression Detection of Mobile-Based Text-dependent
Speech  Signals  Using  a  Deep  CNN  Approach:  A  Prospective
Cohort Study

Abstract

Background:  In the future, automatic diagnosis of depression based on speech could complement
mental health treatment methods. Previous studies have reported that acoustic properties can be used
to recognize depression, including mel-frequency cepstrum coefficients (MFCCs) applied to speech
recognition. However, there are few studies in which these characteristics allow differential diagnosis
of patients with depressive disorder.
Objective: This paper proposes a framework to help with automatic depression detection in a mobile
environment where speech data can be easily obtained.  Specifically, we recorded speech data by
performing a predefined text-based speech reading task on mobile, investigated whether the recorded
data  can  screen  for  depression,  and  proposed  a  deep  learning-based  framework  that  helps  in
automatic depression detection.
Methods: We recruited 125 patients who met the criteria for major depressive disorder (MDD) and
113 healthy controls without current or past mental illness. Participants' voices were recorded on
smart-phone while performing the task of reading predefined text-based sentences. We investigated
the differences in the voice characteristics between MDD and healthy control groups using statistical
analysis. We also investigated the possibility of automatic depression detection using the proposed
log mel  (LM) spectrogram-based deep Convolutional  Neural  Networks  (CNN) architectures  and
machine learning models.
Results: We found that there were statistically discernable differences between MDD and control
groups  in  the  MFCC features  extracted  through the  utterances  of  reading  predefined text-based
sentences. Moreover, the best accuracies achieved with LM spectrogram-based CNN and softmax
classifier on the speech data are 80.00% accuracy. Our results show that the deep-learned acoustic
characteristics lead to better performances of classifiers than those using the conventional approach.
Conclusions:  In conclusion,  this  study suggests that  the analysis  of speech data  recorded while
reading text-dependent sentences could help predict  depression status  automatically  by capturing
characteristics of depression. Our method can contribute to an approach that allows individuals to
easily  and  automatically  assess  their  depressive  state  anytime,  anywhere,  without  the  need  for
experts to conduct psychological assessments on-site.

Keywords: depression; major depressive disorder; automatic depression detection (ADD); mobile
health; deep-learning; speech analysis; acoustic

Introduction

Depression  is  one  of  the  serious  psychiatric  illness,  affecting  more  than  300 million  of  people
worldwide. It leads to a variety of negative health outcomes for individual [1,2]. If left untreated, it
can  affect  life  quality,  lower  work  productivity,  and  can  lead  to  suicide  [3].  When  diagnosed
correctly, depression is a treatable disorder and can relieve symptoms [4], but an accurate diagnosis
of major depression is absent because they are biologically and clinically a homogeneous entity [5].
Also, it can be difficult to access to trained clinician's in a timely manner, as well as the diagnosis
process and quality are inconsistent for patients in need of professional help [6]. There is an urgent
need to develop a reliable automatic diagnosis and timely screening of depression to facilitate remote
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assessments and better precise treatment of personalization [7].
 

One of the promising approaches to address the above problems is to identify depression markers by
utilizing  data  collection  and  advanced  machine  learning  techniques  using  real-world  accessible
sensors (e.g. wearables, cameras, phones). These approach may make it easier for non-specialists to
effectively  identify  symptoms  in  a  depressed  patient  and  link  them to  appropriate  treatment  or
management  accordingly.  Previous studies  have been explored a  various  spectrum of  behavioral
signal  approaches  such  as  speech  [7,8],  text  [9–11],  facial  expression  [12–14],  and  body
movements  [15–18] to develop depression assessment.  Among these,  speech has proven to be a
reliable biomarker for depression assessment  [19,20] and is popular because its accessibility and
availability compared to other  behavioral signal.  Unlike video or text  candidates that  are  highly
sensitive and include personal information, speech, especially focused on acoustic features, is also
robust to privacy, easy to acquire in a clinical setting. 

Automatic depression detection (ADD) has gained popularity with the advent of publicly available
dataset  [21] and the power of machine learning techniques to  learn complex patterns.  Amongst
speech-based methods, previous studies have more focused on using hand-crafted acoustic features,
such as prosody [22], formant [23], and cepstral [24] features, and then classifying patterns with a
machine learning algorithm such as support vector machines (SVM) [25], logistic regression [26], or
random  forest  (RF)  [27].  These  studies  suggest  that  acoustic  features  are  closely  related  to
depression. However, hand-crafted acoustic features require a lot of effort and time, and since the
extracted features depend on the researcher’s domain knowledge, some useful information related to
depression  may  be  lost.  Demonstrating  the  reliable  acoustic  features  of  ADD remains  an  open
research challenge. More recently, deep learning techniques have achieved high success in audio and
video  recognition  tasks,  as  well  as  many  studies  results  have  been  reported  that  deep  learning
approaches  in  depression  detection  has  significantly  improved  performance  compared  to
conventional  approaches  that  utilize  partial  representation  [28].  This  approaches  have  greatly
improved the performance because it can automatically learn speech patterns both low and high-level
from speech without human intervention [29]. Therefore, in this study, we explored how depression
detection can benefit from adopting a deep learning.

Although  various  features  and  deep  learning  models  show  high  performance  [30–32],  the
benchmark datasets  used in  these  frameworks are  highly  biased  due to  data  imbalance between
positive and negative samples. They include 133 non-depressed and 56 depressed audio recordings
[31].  A large  sample  of  individuals  not  associated  with  depression  can  lead  to  large  bias  in
classification or regression models because it emphasized the characteristics of that sample [33]. In
addition, examining acoustic features extracted from these benchmark datasets of spontaneous mode
may  be  inappropriate,  since  depression  lacks  cognitive  expression  such  as  word  finding  and
discourse planning [34].

Text-dependent read speech has the advantage of being clinically stable compared to the spontaneous
mode  and  reducing  the  acoustic  variability,  allowing  precise  analysis  under  limited  conditions.
Stasak  et  al.  [35] found  that  compared  with  spontaneous  speech,  text-dependent  affective  read
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speech could be designed to observe behavior in a controlled manner and linguistic/affective stimuli,
making these protocols  advantageous for  use in  automatic  depressive detection.  Speech analysis
requires standardization of speech acquisition to produce consistent results. Therefore, a focus on
text-dependent  read  speech  that  includes  every  sound  and  represents  normal  speech  can  have
uniformity in speech derivation procedures that can well trigger the characteristics of voice  [36].
Surprisingly, previous studies of text-dependent read speech-based depression detection have yet to
further investigate pathological acoustic qualities present in a more sizable depression dataset. In
addition, cohort studies in English dominate this field, and prospective data on improved access to
psychiatric care among non-English speakers are lacking [37]. For this reason, our goal of this study
is to collect a large and balanced Korea-based cohort focusing on the diagnosis of depression using
the text-dependent read speech, and to investigate whether a differential  diagnosis of depressive
disorder patients is possible through the collected speech dataset.

The primary aim of this study was to investigate whether speech characteristics are biomarkers that
can diagnose depressed patients by analyzing the difference in the speech characteristics of patients
with depression from healthy controls. To this end, we acquired audio samples of 238 participants
with depression and healthy controls based on the Korean text-dependent read speech tasks using a
smartphone.  To  the  best  of  our  knowledge,  few studies  have  utilized  more  datasets  for  speech
analysis based on text-dependent speech than ours. Then, MFCCs were extracted as speech features
and the association with depression was analyzed. As a result,  MFCC features were consistently
different  between  groups  (Fig  4).  In  particular,  compared  with  the  healthy  control  group,  the
depressed  group found a  tendency to  be  more  monotonous  when speaking (Fig  5).  The second
purpose of this study was to confirm the possibility of developing a reliable and accurate automatic
depression  detection  system.  Based  on  our  research  experience,  we  explored  how  depression
detection  can  benefit  from  adopting  a  framework  of  LM  spectrogram  and  deep-CNN  to  learn
depression-related patterns of the speech. When comparing the performance of various classification
models through deep features learned from deep-CNN, LM spectrogram-based CNN and softmax
classifier achieved the best accuracy of 80.00%. We confirmed improved performance of depression
detection over conventional methods. The results show that our approach is robust and effective in
ADD based speech.

Methods

Participants

Participants  including  125  patients  who were  already  diagnosed  with  major  depressive  disorder
(MDD)  were  recruited.  All  patients  were  diagnosed  according  to  the  Diagnostic  and  Statistical
Manual of Mental Disorder (DSM-IV). Depressive symptom severity was assessed with Hamilton
Depression  Rating  Scale  (HAM-D) and  Patient  Health  Questionnaire  (PHQ-9)  [38].  Healthy
participants  consisted  of  113 subjects  without  any medical  history  of  psychiatric  disorders  were
recruited via advertisements to form a control group. All participants were Korean and were fully
informed about the purpose and methods of the study and provided written informed consent before
study enrolment. Study inclusion criteria required that study participants were 19 years or older. This
study was reviewed and approved by the Institutional Review Board of Inje University Ilsan-Paik
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Hospital  (No. 2019-12-011-015) and Chungnam National University  Hospital  (No. 2019-10-101-
018) which specializes in mental health in South Korea.

Reading  task-based  experimental  design  and  speech  datasets
acquisition

The experimental protocol in this study was design to assess the speech responses and depression
under predefined text-dependent speech tasks (Figures 1). The protocol consisted of three automatic
speech reading tasks, including: 1)  vowels; 2) digits from 1 to 10; 3) a Korean standard passage
called ‘Ga-eul’, a standard 118-word paragraph. The vowels and digits task were repeated 2 times.
For example, participants were instructed to read a word or sentence from scripts. The experimental
guide  presented  the  participants  with  standardized  instructions  and  examples  prior  to  recording
speech samples. The speakers have Korean as their primary language. 
The reading tasks of each participant were recorded from a smartphone (build-in microphone of
Samsung Galaxy Note). Speech samples on microphone were saved as mono PCM, 16-bit .wav files,
sampled at 44.1 kHz. To improve the quality of speech samples, we recorded in a quiet room and
microphone was positioned at about 30cm distance from the participants. We created slides with
scripts for each task and placed them on a table where participants could easily see them. Participants
were indicated to read the script through the slides in a comfortable pitch and volume self-selected
by the participants. 
The collected dataset was used in the experiments of this study. Our dataset contains around 8 hours
for 234 audio samples in which the time duration in each task are described in Table 1.

Table 1. Speech time information of the datasets obtained from MDD and HC groups samples in
vowels, digits, and passage tasks.

Vowels Digits Passage
aMDD Number of samples 125 125 125

Mean speech time (second) 16 17 97
Total speech time (second) 2,031 2,120 12,182

bHC Number of samples 113 113 113

Mean speech time (second) 16 16 79
Total speech time (second) 1,789 1,828 8,992

aMDD, Major depressive disorder.
bHC, Healthy controls.

Extraction of MFCC-based acoustic features from the speech

Mel-frequency  cepstral  coefficients  (MFCCs),  widely  used  in  the  field  of  speech  recognition,
exhibits  short-term  power  spectral  features  extracted  from  acoustic  speech  signals  and  reflects
changes in human vocal tract  [39].  In a previous study  [40,41], MFCC was demonstrated to be
highly  effective  in  detecting  depression  compared  to  other  speech  features  in  conventional
approaches.  We  explored  whether  MFCCs  as  a  depression  diagnostic  biomarker  could  allow
discrimination  between  patients  with  depression  and  control  subjects  in  this  study.  MFCCs  is
calculated from the window interval of the audio signal. We used MFCCs calculated by using the
length of frames of 25ms with 50 percentages overlap and hamming window is used. The frame of
audio data is transformed using a Fourier transform and a 26 channel mel-scale filter bank. MFCCs
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from 1 to 12 is calculated logarithmically and obtained through discrete cosine transform (DCT)
(Figure 2). The mean and standard deviation of following MFCCs within utterance segments were
calculated. A total of 24 features were compared for the difference between the speech characteristics
of depressed patients and normal subjects. In this study, we conducted depression detection using 24
MFCC features-based classifier as a baseline approach.   

Proposed system

This study proposes a depression detection approach using datasets with text-dependent read speech
tasks. Figures 3 demonstrates the pipeline of the proposed method for the depression detection. This
method consists of three main processes which are time-frequency image representation using Log-
Mel (LM) spectrogram, deep feature extraction using a deep-CNN architecture, and classifier using
well-known ML algorithms.

Generating audio representations with LM spectrogram

To utilize deep feature extraction using a deep-CNN in audio samples, audio signal must be properly
converted to enable deep-CNN input and deep-CNN training requires a large amount of labeled data.
Figure 3 shows the framework for depression state feature extraction in this study. To address this
issue, we strategy segmented the audio signal into the optimal length to make depression recognition
on each segment. We adopted the fixed length frames with duration of 25ms with 50 percentages
overlap as the augmented samples. In this study, each frame was transformed into 64 channels LM
spectrogram with size of 64 × 200 as image-like patches. All parameters are as follows: n_ffs = 1024,
hop_length  =  512.  Then,  we  converted  spectrogram  (mel_db)  of  the  log  mel-scale.  The  LM
spectrogram is a widely used method in audio application using deep learning which requires 2-
dimensional image representation of the audio signal with complex features [20,42,43]. After feature
extraction, the audio samples were generated as a set of frame level based 2D LM spectrograms to
conduct feature learning with a 2D CNN. Technically, the methods can be executed through Librosa
library.

Learning audio features with deep-CNN

Because  of  the  limited  training  datasets,  it  is  difficult  to  directly  train  a  deep  robust  model  as
VGGNet[ref],  ResNet-50[(ref:  He     et     al.,  2016  )],  AlexNet[ref:Krizhevsky     et     al.,  2012  ]  on  target
emotional data. Thus, we developed our own deep convolution neural network (CNN) model for
feature extraction to train the LM spectrogram. The detailed model structure of the proposed method
is  shown in Figure 3.  The proposed deep-CNN architecture consists  of three convolution layers
interleaving  with  three  max  pooling  layers,  followed  by  fully  connected  layers.  The  model
architecture is detailed as follows: 

1) The first layer uses 64 kernels with a receptive field of 3 × 3 and the stride step is set to 1 ×
1.  This  was  followed  by  batch  normalization  and  a  rectified  linear  unit  (ReLU)  as  the
activation function, and 2 × 2 max-pooling with 1 × 2 stride over the last two dimensions
(time and frequency respectively) for dimensionality reduction of features maps.

2) The second layer uses 32 kernels with a receptive field of 5 × 5. The batch normalization,
ReLU, and 2 × 2 max-pooling with 1 × 2 stride were performed as well. 

3) The third layer used 16 kernels with a receptive field of 5 × 5 and the batch-normalization is
also used. This is followed by a ReLU activation function and 2 × 2 max pooling with 1 × 2
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stride. 
4) The  fourth  layer  is  the  fully  connected  layer  with  128  hidden  units  and  the  activation

function is ReLU. 
5) The fifth layer is the fully connected layer with 64 hidden units and the activation function is

ReLU. 
To prevent overfitting of the training data, we use a 0.5 dropout probability between dense layers.
Each batch size consists  of 256 randomly selected from the training set  and the optimizer  were
adopted into the Adam optimization [ref] with 1e-3 learning rate. And early stopping is performed.
All parameters of the testing stage were applied to the same as the training stage. The deep-CNN is
implemented by TensorFlow with Python as the back-end using NVIDIA Quadro RTX 8000 with
48GB memory.

Evaluation

As mentioned above, we use feature maps through the LM spectrogram-based deep CNN to identify
the state of depression. Recent many studies have shown that combines deep learning for feature
extraction and ML for classifier instead of using softmax function [refs]. Thus, we take into softmax
as standard classifier and additionally multiple ML models of support vector machine (SVM), linear
discriminate analysis (LDA), k-nearest neighbor (kNN), and random forest (RF) to constitute a good
classifier to distinguish control and MDD participants based on their speech features. 
For training datasets, we split the dataset with 80% training data and 20% testing data and all models
were evaluated using 10-fold cross-validations. We compared predicted results with the testing data
to evaluate  the performance.  We adopted accuracy, precision,  recall,  and F1 score,  by using the
confusion matrix, as the evaluation criteria.

Statistical Analyses

Demographic and clinical characteristics of the age, education, HAMD, and PHQ-9 factors were not
normally distributed, these factors were compared between the control and MDD groups by Mann-
Whitney U test. The sex, alcohol history, and smoking history were compared by chi-square test (χ2).
Descriptive statistic of MFCC features was used to compare the differences of features between
controls MDD patients using independent t-test for all subjects. Statistical significant was set at  P
< .05. Statistical analyses were implemented in Python 3.8 using Scipy 1.6 and Numpy 1.2.

Results

Demographic and clinical characteristics of participants

Descriptive demographic and clinical characteristic statistics of the participants for the present study
are summarized in Table 2. We recruited 125 patients (86 females) who were diagnosed with MDD
and 113 healthy controls (83 females). There were no significant differences in sex ratio between the
two groups. Significant differences were reported in age (P< .001), years of education (P<.001), and
smoking (P<.01) except for alcohol history. Also, the MDD group had significantly higher Hamilton
depression rating scale (HAMD) (P<.001) and Patient Health Questionnaire rating scale (PHQ) than
the control group.

Table 2. Demographic characteristics of MDDa and HCb groups
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Factors MDD (N=125) HC (N=113) P-value
Femal (%) 86 (68.80) 83 (72.38) .52 (χ2)
Age (years) 42.97 ± 14.07 33.36 ± 10.66 <.001 ***

Education, years (years) 12.50 ± 2.79 15.06 ± 1.95 <.001 ***

Alcohol history (%) 41 (32.80) 52(46.02) .05 (χ2)
Smoking history (%) 32 (25.60) 8 (7.08) <.01 ** (χ2)
HAMDc 24.58 ± 5.43 1.01 ± 1.97 <.001 ***

PHQ-9d 18.88 ± 6.63 1.33 ± 2.00 <.001 ***

aMDD, Major depressive disorder.
bHC, Healthy controls.
cHAMD, Hamilton depression rating scale.
d PHQ-9; Patient Health Qustionnaire-9 rating scale.

MFCC features differences between groups

We examined the statistic  response of MFCC features between the control  and MDD groups to
understand  the  effects  of  the  groups  and  our  experimental  speech  tasks.  In  vowels,  digits,  and
passage tasks, there were significant differences between the two groups on eleven acoustic features:
Mean MFCC4, Mean MFCC6, Mean MFCC9, SD MFCC2, SD MFCC3, SD MFCC4, SD MFCC5,
SD MFCC6, SD MFCC7, SD MFCC9, SD MFCC11 (Multimedia Appendix 1). In particular, there
were significant difference in SD MFCC2-12 except for SD MFCC1 in the passage task (P < .001).
SD MFCC features between two groups and box plots of SD MFCC4, SD MFCC6, and SD MFCC9
are shown in Figure 4.  The MDD group had lower SD MFCC features than did the control group
except for SD MFCC1 of vowels task, and especially, SD MFCC6 showed the largest difference
between the two groups in each task and was statistically significant (P <.001).
To  explore  the  differences  in  MFCC between  the  two  groups  in  more  detail,  we  observed  the
variability of  MFCC6  between the two groups while reading each task. Figure 5 shows MFCC6
variability  between  113  MDD  and  113  control  groups  and  the  sum  of  the  variability  of  all
participants.  Here,  variability  is  implemented  by subtracting  the  average  MFCC6 from MFCC6
during each participant’s utterance. Vowels and digits task show utterance patterns for 3 seconds and
passage task for 30 seconds due to the difference in utterance time of each task.  As a result, the
control group had a significantly greater variability in MFCC6 during utterance in all tasks than the
MDD group. Conversely, the MDD group showed a monotonous pattern of MFCC6 during utterance
in all tasks.

Classification using LM spectrogram and deep-CNN

To demonstrate the effectiveness of the proposed framework for automatic depression detection, our
dataset performed several experiments. We used LM spectrogram-based deep CNN to learn valuable
characteristic information implied in the audio samples. This was used as input to various classifiers
to  compare  depression  detection  performance  according  to  classifiers.  We  then  compared  the
performance of the proposed approach and the baseline approach.It is very important to apply an
appropriate  classifier  in  a  recognition  system.  We  evaluated  the  proposed  architecture  using
classifiers of softmax, SVM, LDA, kNN and random forest to find a suitable classifier.
Comparing the proposed and baseline approaches as shown in Table3, the SVM and kNN classifiers
in  vowels  and  digits  task  obtained  about  3-8%  higher  accuracy  from  the  proposed  approach.
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Conversely, the LDA and RF classifiers perform 1-4% lower in the proposed approach. However, the
proposed method in the passage task has about 4-11% higher performance than the baseline approach
in the SVM, kNN, LDA, and RF classifiers. 

Table 3. Comparisons of the depression detection performance of different classifiers and approach
manner in all task. 

Baseline Approach Proposed Approach
Task Classifier ACCa

(%)
PREC
b (%).

RECc

(%)
F1d

(%)
ACC
(%)

PRE
C
(%).

REC
(%)

F1
(%)

Vowels SVMe 63.02 63.20 62.59 56.43 71.31 73.19 71.11 69.83
LDAf 73.75 74.18 73.38 72.76 70.64 72.09 70.89 69.53
kNNg 64.50 64.42 64.32 63.51 67.18 67.46 67.60 66.51
RFh 73.33 73.55 72.95 72.39 69.00 69.45 69.39 68.27
Softmax - - - - 72.00 73.19 72.08 70.99

Digits SVM 64.87 67.52 64.82 60.28 73.60 73.17 73.29 72.52
LDA 74.04 74.46 73.65 73.01 73.23 72.60 73.06 72.23
kNN 65.13 65.03 64.94 64.13 70.83 70.11 70.48 69.76
RF 73.71 73.86 73.14 72.68 72.79 72.14 72.41 71.72
Softmax - - - - 74.98 74.14 73.63 73.52

Passage SVM 68.73 70.57 69.14 67.71 78.26 77.47 77.52 76.94
LDA 74.66 75.56 74.23 73.67 78.55 77.73 77.51 77.13
kNN 65.83 65.96 65.85 65.07 76.80 75.74 76.18 75.60
RF 73.68 73.93 73.44 72.91 77.50 76.60 76.80 76.20
Softmax - - - - 80.00 78.80 78.43 78.40

aACC: accuracy.
bPREC: prediction.
cREC:  Recall.
dF1:  the weighted average of precision and recall.
eSVM: support vector machine.
fLDA:  linear discriminate analysis.
gkNN:  k-nearest neighbor
gRF:  random forest.

The softmax classifier of the proposed approach performed better than other classifiers in all tasks
(Table 3). In particular, the proposed approach-based softmax classifier in the passage task showed
the highest accuracy of 80.00%, which is 5.34% higher than the LDA classifier, which is the best
performance of the baseline approach. In addition,  the accuracy of the proposed approach-based
softmax classifier  of  the passage  task is  2-4% higher  than  that  of  other  classifiers.  As a  result,
softmax  classifier  based  on  LM  mel-spectrogram in  the  passage  task  was  adopted  as  the  final
classifier in this study.
The receiver-operator characteristic (ROC) curve and area under the curve (AUCs) for each fold of
the 10-fold cross validation based on the softmax classifier in passage task are shown in Figure 6.
The average AUC for the test set for the softmax classifier were 0.86. 

https://preprints.jmir.org/preprint/34474 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Kim et al

Discussion

Principal Results

Our results suggest that the speech characteristics obtained through the read task can be a promising
biomarker for MDD. In the present study, we recorded speech data with a predefined text-based read
speech tasks and confirmed that we succeeded in automatically detecting depression based on the
recorded data and the proposed approach. Since many previous studies have suggested the possibility
of detecting depression in speech data [21,26,28,31,35,40,44,45], so we could easily access speech
data for depression detection. 

MFCC  reflects  changes  in  the  vocal  track  dynamics  during  speech  production  [39].
Neurophysiological changes in MDD alter the brain’s motor control thus alter speech production by
affecting the vocal track [46]. As such, there is a strong relationship between MFCC and depression.
We compared the MFCC features as the acoustic feature of speech between the MDD and control
groups in the vowels, digits, and passage tasks. In common in both vowels, digits, and passage tasks,
the features of mean MFCC4, mean MFCC6, mean MFCC9, SD MFCC2-7, SD MFCC9, and SD
MFCC11 showed significant differences between the two groups (Multimedia Appendix1). Taguchi
et al. [45] demonstrated a difference in MFCC2 between depression and healthy control. Wang et al.
[44] found  a  distinguish  differences  in  MFCC5 and  MFCC7 across  12  speech  scenarios.  They
explored significant differences in the mean MFCC. We found no significant difference in mean
MFCC2, mean MFCC5 and mean MFCC7 except for mean MFCC2 (P <.01) in digits task, but we
confirmed  that  not  only  mean  MFCC4,  mean  MFCC6,  and mean  MFCC9 but  also  SD MFCC
features can promising biomarkers for MDD. From these results, we can guess that MDD has less
vocal  track  changes  by  speech  production  than  control  people.   We additionally  supported  this
evidence by confirming that the MDD group had less MFCC6 variability during utterance when
compared to the control group in all task (figure 5). Previous studies  [47,48] have shown that the
neural responses in inferior frontal gyrus (IFG), which is part of the motor syllable program related
to phonological processing, is significantly related to depressive disorder. This is consistent with our
findings in this study and suggests that the MFCC features can play an important role in developing
the prediction model of MDD.

Compared with the MFCC feature, the approach of learning speech patterns using LM spectrogram-
based deep CNN showed better results in comparison experiments. In the passing task, in particular,
the approach that adopted the deep learning model showed the best performance and improved by
more than 5% compared to the MFCC-based baseline approach. Through this approach, we can be
seen  that  the  deep  learning  model  better  represents  depression  characteristic  information  than
manually hand-crafted acoustic features.

Our current results show that speech data recorded through simple speech reading tasks can evaluate
depression status very accurately. Speech data recorded through passage task achieved 80% accuracy
of depression detection and were found to be more advantageous in detecting depression than digits
task or vowel task (table 3). Text-dependent read speech, such as passage task adopted in this study,
is  more privacy,  clinically  stable,  and can  be  easily  obtained with a  smartphone than  voluntary
speech containing personal information [35,49]. Implementing these passage task has the advantage
of reducing acoustic variability and enabling more precise analysis because they acquire speech in a
controlled manner,  and can standardize speech acquisition that  can produce consistent  results  to
detect depression. We presented the possibility of detecting depression by recording text-reading-
based voice data from a smartphone, and if this approach is applied to daily life, anyone can screen
for depression anywhere without difficulty. The results we have shown could potentially be game-
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changing for predicting depression.

Previous studies have focused on developing depression detection models based on open cohort data
[7,21]. However, since these datasets collected speech data from English-speaking countries, their
application to non-English-speaking countries may be excluded. Due to the linguistic or cultural
differences between English-speaking and non-English-speaking countries, it is necessary to collect
corpus suitable for non-English-speaking countries and analyze depression detection. For this reason,
we collected corpus to develop Korean-based depression detection models. As far as we know, there
are few cases of speech corpus for detecting depression in Korea, and our dataset may serve as a
starting point for improving access to psychiatric treatment in Korea. 

Limitations

We tried to reduce the data imbalances between groups in our experiments. However, the number of
data is still small and it is necessary to check the trend through more data to run deep learning. We
are  currently  recruiting  additional  participants.  With  further  research  in  this  cohort,  we  plan  to
conduct  research  and  report  on  outcomes  to  develop  machine  learning  techniques  for  disease
diagnosis and severity prediction.
Moreover, we need to expand our research to develop a reliable ADD. We plan to build deeper and
narrower networks in the future and expand the types of metadata such as gender or other. And we
plan to explore different strategies for combining our speech-based systems with various information
such as video or physiological signals. We are confident that these efforts will help build a more
robust MDD predictors to apply to our daily lives in the future.

Conclusions

Our study has opened up new opportunities to identify speech markers related to the assessment and
prediction of depression through readily obtainable speech patterns. This study also presented an
approach to automatically detect whether a person suffers from depression by analyzing a person's
speech. We acquired speech samples from 238 participants with depression and healthy controls
based  on  the  Korean  text-dependent  read  speech  tasks  using  a  smartphone  and  analyzed  their
association with depression. We found that there are many benefits to learning speech patterns and
detection depression using deep learning. This approach has the potential to reduce depression and
shows that it is powerful and effective in ADD on via speech.
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