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Abstract: Depression is a common mental health disease, which has great harm to public health. At
present, the diagnosis of depression mainly depends on the interviews between doctors and patients,
which is subjective, slow and expensive. Voice data are a kind of data that are easy to obtain and
have the advantage of low cost. It has been proved that it can be used in the diagnosis of depression.
The voice data used for modeling in this study adopted the authoritative public data set, which
had passed the ethical review. The features of voice data were extracted by Python programming,
and the voice features were stored in the format of CSV files. Through data processing, a big
database, containing 1479 voice feature samples, was generated for modeling. Then, the decision tree
screening model of depression was established by 10-fold cross validation and algorithm selection.
The experiment achieved 83.4% prediction accuracy on voice data set. According to the prediction
results of the model, the patients can be given early warning and intervention in time, so as to realize
the health management of personal depression.

Keywords: public health; depression; voice data; decision tree; screening model; early warning

1. Introduction

Depression is a common mental health disease [1,2]. Depressive patients are usually
accompanied by depressed mood, loss of interest, mental retardation, voice movement
reduction, self-criticism negation, insomnia, lack of appetite, suicidal thoughts, and other
symptoms, and their life becomes boring and meaningless [3,4]. Depression has the
characteristics of a slow onset, long treatment cycle, high incidence rate, and being difficult
to diagnose. The treatment of depression mainly includes psychotherapy, drug therapy, and
psychotherapy and drug therapy at the same time. Although the treatment of depression
is relatively mature, there are many deficiencies in the diagnosis of depression.

First, the incidence rate of depression is high, but patients are often ashamed to admit
that they are suffering from mental illness, and rarely seek to diagnose and treat themselves
actively. Secondly, there is subjective deviation in the diagnosis of depression in clinic [5].
At present, the common method of the diagnosis of depression is mainly based on the
Diagnostic and Statistical Manual of Mental Disorders (DSM-5), which is subjective by
doctors’ interviews with patients and evaluation scales [6,7]. Thus, it is difficult to identify
depression, and there are some missed diagnoses and misdiagnoses. Thirdly, there are a
lack of low-cost and large-scale screening tools for depression [8], and patients lack the
relevant knowledge for the self-assessment of depression. Based on the above reasons,
many patients with depression do not know their illness, thus losing the best opportunity
for treatment. Therefore, it is an important direction to find an objective method of rapid
screening and early warning for depression.
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In September 2020, the National Health Commission of China published the work
plan of exploring the characteristic services for the prevention and treatment of depression
on its official website. The program requires that for high school and college students,
depression screening will be included in the students’ physical examination, and will pay
attention to the students with abnormal screening results. Moreover, for other groups,
such as the elderly, occupational groups, women and children [9], they are also faced with
a variety of life pressures. Among the above groups, the people with anxiety and even
depression symptoms are also a large group. Therefore, it is an urgent problem to find a
fast, convenient, and low-cost screening and early warning method for depression.

As the kind of data that are easy to obtain, voice data have the characteristics of
convenience, low cost and objectivity. In recent research literature, some scholars have
used voice data to evaluate and diagnose depression [10–12]. Research showed that there
are obvious differences between the voice characteristics of patients with depression and
normal people [13,14]. The spectral- and energy-related features of voice were different,
and could be used to classify and predict depression [13]. These two types of characteristics
changed with the different degree of depression of the speaker. Voice features could be used
to measure depression and mania in bipolar disorder, and could be used as an objective
state marker. Moreover, voice features, such as pitch, variance and so on, were used in
the study [14]. Therefore, voice data are an ideal data for depression screening, and have
unique advantages. In addition to the above advantages, voice data acquisition also has
the advantages of non-invasiveness, as patients do not feel any discomfort and do not need
to pay any efforts [15].

Antosik-Wojcinska et al. [16] found that the voice data generated in the process of
mobile phone calls and mobile phone use could reflect the social and physical activities
of the actor, and had the characteristics of objectivity, which could be used as an effective
marker to reflect the mood state. Mood is an important diagnostic feature in the diagnosis
of depression, so voice data can be used as one of the diagnostic data of depression.
Arevian et al. [10] collected voice samples of patients through a voice response system.
By calculating the characteristics of speech samples and using machine learning model,
they could judge the clinical status of patients with mental illness, including the judgment
of depression. Low et al. [2] made a systematic review of the papers on the use of voice
data in the evaluation of mental diseases in recent years. It was found that the samples of
patients’ voice fragments, voice processing technology, and machine learning prediction
model could be used to evaluate depression, schizophrenia and other mental diseases. The
methods of data acquisition, feature extraction and machine learning model construction
were discussed. Existing studies have shown that the use of voice data for depression
screening is a feasible method [17,18].

However, how should voice data be used for depression screening? As well as how to
extract voice features and which voice features to extract, how can the accuracy of screening
be improved? These problems need further study. There are many kinds of voice data.
What kind of voice data are more effective also needs further research. In addition, the
existing studies only focus on methods, and the health management of depression needs to
take further measures, such as early warning according to the idea of preventive treatment
of disease in traditional Chinese medicine.

In this work, we have made the following key contributions:

(1) A whole process of depression screening and early warning method, based on voice
data, was designed and implemented;

(2) The features of voice data were extracted by the Python programming language and
the feature database was automatically generated;

(3) Early warnings were given to individuals screened as in a depressive state, in order
to make them know their health status as soon as possible;

(4) The proposed method has the advantages of convenience and low cost, which can pro-
vide a feasible solution for the automatic screening of depression with high accuracy.
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2. Materials and Methods
2.1. Acquisition of Voice Data

The speech data used for depression screening were tested with authoritative depres-
sion speech public data set. At present, one of the most famous and newest depression
public data sets is the multi-modal open dataset for mental disorder analysis (MODMA)
depression public data set released by Lanzhou University in 2020 [19].

In order to ensure the reliability of the data of patients with depression, the selection
criteria of patients with depression were as follows: they were diagnosed and recom-
mended by at least one clinical psychiatrist, the score of the patient health questionnaire
(PHQ-9) was greater than or equal to the score of 5 [20], and the diagnosed criteria of the
mini-international neuropsychiatric interview (MINI) reached the criteria for depression.

This study used the voice database of the MODMA depression public data set. All
data were obtained with the informed consent of the participants and the public data set
was approved by the related ethics committee. By submitting the application form, the
right to use the MODMA data set for depression research was obtained.

The MODMA voice database included the voice data of 52 subjects, including 23 patients
with depression and 29 healthy controls. In the patients within the depression group, the
age ranged from 18 to 52 years old. Further, in the healthy controls group, the age ranged
from 19 to 52 years old. There were 36 males in the voice database, including 16 patients
with depression and 20 healthy controls. There were 16 females, of whom 7 were depression
patients and 9 healthy controls. Each person had 29 voice data samples, including interview,
passage reading, vocabulary reading and picture description. The sampling frequency was
44.1 KHz, the sampling depth was 24 bits, and the data storage format was WAV.

This data set is the scientific research achievement of China 973 program and other
large programs, which has good authority and reliability. Because the assessment of
depression needs to use the scale, the commonly used scale of depression generally has
many questions in order to fully understand the level of depression. Eighteen interviews
represent 18 scale questions. Each question is a recording, so the first 18 recording files are
relatively short. The detailed description about the 29 voice recordings can be found in
the study [19], which can answer what the individual speech samples/tasks represent and
why they are defined like that. Voice in this paper refers to the recording voice file and the
format is WAV.

2.2. Voice Data Preprocessing

The principle of machine learning to identify depression is to memorize and calculate
the comprehensive characteristics of depressive patients and non-depressive patients
through machine learning program, and generate a model. The brief principle is shown
in Figure 1. The 29 health controls in Figure 1 refer to the sample of “non-depressive”
speakers. The CRT in Figure 1 refers to the classification and regression tree.

In order to recognize voice data and build machine learning model to screen depres-
sion, it is necessary to extract the features of speech data. When extracting voice features,
the voice data must be preprocessed. Voice data are a kind of data that change with time.
According to the length of time, voice data can be divided into frame and utterance. The
time of a frame of voice is usually between 10 and 30 ms. Due to the inertia of voice, the
signal of a frame of voice is usually considered to be stable and does not change with time.
Utterance is a voice sample, which is composed of multiple voice frames. Therefore, each
voice sample of the tester is an utterance.
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Figure 1. Brief introduction of the generation process of depression screening model.

For frame and utterance, their voice features are called low-level descriptors (LLD) [21]
and high-level statistics functions (HSF), respectively. LLD feature is the calculation feature
for one frame of voice, while HSF feature is the statistical feature obtained by doing
statistical operations on the multi-frame voice features of utterance, such as average value,
maximum value, etc. Therefore, in order to get the relevant features of the speaker’s voice
data, it is necessary to preprocess the voice data by dividing them into frames, and then
extract the statistical features as the features of the voice data. Before voice framing, the pre-
emphasis and windowing operation should be carried out. The purpose of pre-emphasis is
to increase the high-frequency resolution of voice. Preprocessing can be implemented in
Python or MATLAB programming language.

2.3. Voice Features and Their Extraction Methods

At present, there are the following several famous feature sets used in the field of voice
emotion recognition: GeMAPS (the Geneva minimalistic acoustic parameter set) feature
set, eGeMAPS feature set [21], Interspeech 2009 challenge feature set, etc.

EGeMAPS feature set is an extension of GeMAPS feature set, which has 88 voice
features. The feature set is suitable for acoustic research and emotion computing. It
mainly includes the statistical data of pitch, jitter, loudness, mel-frequency cepstrum
coefficient (MFCC), harmonics-to-noise ratio (HNR), shimmer, formant and other related
characteristics. The features of the feature set have the following characteristics: it can
mark the potential emotional physiological changes in the voice data, it has been proved to
be valuable in previous studies, and it can be extracted.

The voice features used in this study adopted the eGeMAPS feature set and 88 di-
mensional features of the voice were extracted for machine learning modeling. Feature
extraction was realized by Python programming and calling the openSMILE open-source
toolbox. The 88 dimensional voice features were extracted from all the voice files by using
cyclic programming.

For machine learning, we only need to calculate the values of these features, then the
machine learning model can be trained to predict depression. The calculation of features
has open formulas and functions. The detailed descriptions about eGeMAPS features can
be found in the study [21]. For machine learning, the characteristics of depressed speech
are the comprehensive expression of a series of digital features.

2.4. Grouping of Voice Features and Generation of Database

The voice database in the MODMA described in this paper has 52 folders, each named
after the participant’s number [19]. There are 29 voice samples in each folder. The files are
named 1–29 in a specific order. The details of each voice are shown in Table 1.
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Table 1. Voice sample numbering.

Voice Types Voice Sample Number

Interview 1–18
Passage reading 19

Vocabulary reading 20–25
Picture description 26–28

Thematic Apperception Test (TAT) 29

Both passage reading and vocabulary reading belong to the reading type data. TAT
is also the voice data in the form of picture description, which is classified as picture
description data. By adding the for-loop function in the Python program and traversing all
the files in the folder, the voice features of 29 voice samples in each folder can be extracted
and stored in the CSV file. Using Python program to traverse all 52 folders, we can get a
total of 1508 feature files of the voice samples.

In the process of the experiment, the voice data in the folder No. 02010004 were
defective. In order to improve the accuracy and reliability of the modeling results, the
data group was discarded. Therefore, the feature data of 1479 voice samples in 51 folders
were obtained. At the same time, according to the different types of voice files, the feature
data were classified and four databases were generated, named all, interview, reading
and picture.

The all database contained 1479 voice feature files. The interview database contained
918 voice feature files of all interview types. The reading database contained 357 voice
feature files of passage reading and vocabulary reading types. Picture database included
voice feature files of picture description and TAT types, containing a total of 204 voice
feature files.

2.5. Decision Tree Machine Learning Algorithm

Decision tree is a kind of machine learning, which is a prediction model [16,22,23].
The process of decision analysis of decision tree [24] is like the trunk of a tree, which reflects
the process of grouping learning data, so it is called decision tree. There are the following
three types of nodes in decision tree: root node, leaf node and middle node.

There is only one root node, which includes all training data. Each internal node
corresponds to a segmentation condition. The classification results calculated by decision
tree are displayed in leaf nodes, which are data sets with classification labels. There are the
following three kinds of decision trees: classification tree, regression tree and classification
regression tree. Classification tree is used to predict classification-dependent variables,
regression tree is used to predict numerical-dependent variables, classification regression
tree can establish both classification tree and regression tree. The type of decision tree used
in this study was classification tree.

For decision tree model, 10-fold cross validation was used for training data. The
extracted feature data were randomly divided into 10 parts, of which 9 parts were used for
training, and 1 part was reserved as test data. The above-process was repeated 10 times,
using different test data each time. Then the results of the 10 times were summarized, and
the average value was taken as the estimation of algorithm performance index. A 10-fold
cross validation is a popular algorithm choice at present.

In this study, the decision tree model used the following two algorithms: Chi-squared
automatic interaction detector (CHAID), and classification and regression tree (CRT) [25].
CHAID algorithm determines branch variables and segmentation threshold by statistical
significance test, and makes decision by generating multiple trees. CRT algorithm de-
termines the branch variables and segmentation threshold based on variance and Gini
coefficient, and makes decision by generating binary tree. In this study, the results of
CRT algorithm and CHAID algorithm were different in different types of voice database.
Therefore, for different types of voice data, the algorithm of decision tree model selection
was different, and the algorithm with good results was selected to build decision tree
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model. Compared with other machine learning algorithms, decision tree is intuitive and
easy to understand. For decision tree machine learning in this study, SPSS decision tree
tool is used to model automatically.

3. Results
3.1. The Visualization of Voice Features

Praat is a famous software for speech processing. Because the features used in machine
learning are digital features, it is not easy to be intuitively understood. Therefore, Praat
software is used to visualize the features of a voice sample, which is convenient for
preliminary observation. The real calculation of digital features needs a computer algorithm
to realize, because the features are various and complex. Some features were visualized, as
shown in Figure 2, including the waveform of sound, spectrum and pitch in the software
menu. The waveform was easy to observe. The image below the waveform showed
spectrum, and the blue curve on the image showed pitch. Here, the Praat diagram shows
that voice features can be extracted and visualized.

Figure 2. Visualization of voice features.

3.2. Scatter Plot of Voice Feature Distribution

For machine learning, 88 dimensional voice features are extracted from the voice data.
In addition, two-dimensional features are added to form a 90-column feature database.
One is data label, which is represented by V1 in the feature database, indicating whether
the data are the voice of a patient with depression, and the value of 1 represents yes and
the value of 0 represents no. The other is the location and name information of the voice
data file, which is represented by V2 to facilitate data searching.V3-V90 represent the
88 dimensional voice feature values calculated by the Python program.

V3 and V69 were two of the most important features after calculating the importance
of features in the interview database decision tree model. V3 was the first dimensional
voice feature in the database, and V69 was the 67th dimensional voice feature. The feature
scatter diagram of V3 and v69 is shown in Figure 3. It can be seen that the distribution
of features had obvious rules, which was easy to distinguish by algorithm. The abscissa
VarName3 represents V3. The vertical coordinate VarName69 represents V69.

The scatter diagram of V3 and v69 was generated by MATLAB software to observe
the distribution of features.
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Figure 3. Scatter diagram of V3 and V69 in the interview database. The blue dot means there is no
depression. The orange dots represents depression.

3.3. Evaluation Criteria and Classification Results of the Model
3.3.1. Evaluation Criteria of the Model

The classification results of the decision tree model adopt the following indexes:
accuracy, precision, recall, specificity, and F1 score [3]. The above-indicators are calculated
by a confusion matrix.

The confusion matrix consists of the following four important definitions: true posi-
tive (TP), false positive (FP), false negative (FN), and true negative (TN). The evaluation
indicators of the confusion matrix are shown in Table 2.

Table 2. Confusion matrix indicator formula.

Indicators Formula

Accuracy Accuracy =
TP + TN

TP + TN + FP + FN

Precision Precision =
TP

TP + FP

Sensitivity (Recall) Sensitivity = Recall =
TP

TP + FN

Specificity Specificity =
TN

TN + FP

F1 Score F1 Score =
2 × Precision × Recall

Precision + Recall

3.3.2. Classification Results of Different Databases

The decision tree model was used to test the following four databases: interview,
reading, picture and all. On the interview database, the decision tree model was constructed
by using 10-fold cross validation and the CHAID algorithm. Multiple trees were generated
for prediction, and the accuracy of the model was 81.8%. If the algorithm of building
a decision tree model was changed to the CRT algorithm, to generate a binary tree for
prediction, the recognition accuracy of the model reached 83.4%, and the accuracy was
improved by 1.6%. Therefore, it is better to use the CRT algorithm to build a decision tree
model for the interview-type voice data recognition.
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On the reading database, 10-fold cross validation and CHAID algorithm were used
to build the decision tree model. The accuracy of the model was 75.4%. By changing the
decision tree algorithm to the CRT algorithm, the accuracy of model recognition reached
76.8%, which was improved by 1.4%. Therefore, for the reading-type voice data recognition,
using the CRT algorithm to build a decision tree model is better. Using the same method, in
the picture database, using the CHAID algorithm to build a decision tree model, the model
recognition accuracy was 75%, while using the CRT algorithm, the model recognition
accuracy was 73%, reduced by 2%. Therefore, for the picture-type voice data recognition, it
is better to use the CHAID algorithm to build a decision tree model.

Finally, the decision tree model was constructed by using 10-fold cross validation on
the all database, composed of all types of voice data. When the CHAID algorithm was
used, the model recognition accuracy reached 82.4%. When using the CRT algorithm, the
model recognition accuracy reached 83.4%. Therefore, for depression recognition of all
kinds of voice data, the decision tree model based on the CRT algorithm is better.

The evaluation index results of building a decision tree model on different databases
are shown in Table 3, and the value of the result is the model with better accuracy in the
CHAID and CRT algorithm.

It can be seen from the data in Table 3 that the performance of the decision tree model
constructed by the interview database is close to that constructed by the all database, and
is better than that of the reading database and picture database. The complexity of data
collection using the all database is much higher than that of the interview database, so the
interview-type voice data are an ideal form for depression screening modeling.

Table 3. Performance indicators of different database decision tree models.

Accuracy Precision Recall Specificity F1 Score

interview 83.4% 81.9% 79.0% 86.8% 80.5%
reading 76.8% 80.9% 60.4% 89.2% 69.1%
picture 75.0% 66.7% 84.1% 68.1% 74.4%

all 83.4% 83.5% 76.8% 88.5% 80.0%

3.4. Screening and Early Warning of Depression

After the decision tree model of depression was constructed, it could be used for
depression screening of the new testers. The model will automatically judge the depression
state of the new tester by inputting the specified type of voice data into the model. The
predicted value of depressive state is one. If the predicted value is zero, it means that the
tester has no depression. For the individuals whose depressive state is identified as one,
depression warning will be carried out. Common warning methods include telephone,
SMS platform, WeChat platform, mobile app [26], etc. Moreover, depression intervention
measures can be started simultaneously [27,28].

3.5. The Model of this Study

The model of this study was shown in Figure 4. The voice data used for modeling
adopted the authoritative public data set, which had passed the ethical review. Through
data processing, a database containing 1479 voice feature samples was generated for
modeling, and a recognition accuracy of 83.4% was achieved by using the CRT decision tree
algorithm. According to the results of the screening, it was convenient and meaningful to
give early warning to the patients who were identified as depressed, and ask professional
doctors to make a health intervention plan for them. Therefore, the model can be used as a
tool for public mental health management.
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Figure 4. The depression screening and early warning model of this study.

4. Discussion

This study discussed the method of using voice data for depression screening, and
used the public data set of depression to build a decision tree model to verify the feasibility
of the method. According to the results of screening, early warning and intervention can
be carried out for individuals with depression in time to avoid further aggravation of
depression, so as to prevent tragedies such as suicide caused by depression. The method of
using voice data to predict depression has the advantages of convenient data acquisition
and low cost. Voice data can be easily obtained through the microphone of mobile phones,
without the need for professional doctors to operate. It only takes a little time and almost
no cost. So, voice data are an ideal data source for depression screening [29,30].

The collected voice data can be divided into three forms. The experimental results
showed that the model recognition accuracy was higher with the data of interview-type.
Therefore, the interview-type of voice data is a good choice for depression screening. At
the same time, through feature extraction, preprocessing of voice data and the optimization
of the decision tree algorithm, the accuracy of the screening model reached 83.4%, which
was better than the recent related research [31]. The comparison of the results is shown in
Table 4. The results of Study 1 were the best results using voice data in the study. The result
of Study 2 was the best result using a binary tree fusion model, and the performance of the
model was evaluated only by accuracy. The precision and F1 score were not provided in
Study 2.
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Table 4. Comparison of the results of similar studies.

Accuracy Precision F1 Score

Our study (interview) 83.4% 81.9% 80.5%
Study 1 [31] 71% 77% 80%
Study 2 [12] 75.8% Not provided Not provided

For voice features, we used 88 voice features of eGeMAPS, which had been proved to
be effective in the field of emotion recognition in previous studies. By using the principal
component analysis (PCA) dimension reduction algorithm to process data, reduce data di-
mension, and establish a screening model, the recognition ability of the model was reduced.
So, all the 88 dimensional voice features were adopted. Through Python programming, we
can extract the 88 dimensional voice features of each voice file, and then through the file
read–write operation, we can write all the data features in a CSV file for the construction of
the database.

From the perspective of the machine learning algorithm, the decision tree algorithm
used in this study is an efficient classification algorithm, which can visually display the
classification process in the form of spanning tree, and is suitable for the case of too many
independent variables. At the same time, in view of the small number of voice data, 10-fold
cross validation was used in the modeling process to prevent the model from over-fitting,
and increase the robustness of the model.

If screened by the model as a depressive patient, psychotherapy can be used first,
because this method has no side effects. In addition to the traditional psychotherapy
methods, such as cognitive behavioral therapy (CBT), interpersonal relationship therapy
(IPT), and psychodynamic therapy, artificial intelligence technology has also been used in
the psychotherapy of depression in recent years, such as VR psychological intervention and
mobile phone app psychological intervention [32]. In the severe cases of depression, drug
treatment can be added. Drug therapy includes western medicine and traditional Chinese
medicine. The advantage of traditional Chinese medicine in the treatment of depression is
the small number of adverse reactions. People who are afraid of adverse drug reactions,
and are unwilling to be treated, can choose traditional Chinese medicine for treatment.

The diagnosis of depression is very complex, there is no objective biomarker at present.
The diagnosis mainly depends on doctors’ experience through interviews and scales. The
acquisition of voice data is almost cost-free and noninvasive. It is very convenient to collect,
and it does not require going to the hospital. Due to the high popularity of smart phones,
you can easily record your own voice by using the recorder function of a smart phone.
Therefore, the depression screening model based on voice data designed in this paper has
the advantage of convenient and low cost. The traditional methods of depression diagnosis,
based on doctor interview and scale, are time-consuming, high costing and subjective.
After inputting the voice data, the computer model can make a diagnosis immediately. The
accuracy of screening also has advantages compared with recent studies. So, the machine
learning method designed in this paper is objective, accurate and fast. The screening model
is the application of artificial intelligence in the field of the computer-aided diagnosis of
depression, which represents a certain progress due to the above reasons.

For depression research, the existing public data set for depression is not large. For
example, the MODMA data set used in this paper is relatively small. It is difficult to collect
a large amount of medical data, due to the privacy of patients and the problem of patient
compliance. With the development of computer technology, machine learning based on a
small sample of medical data has made great progress in recent years. At present, there are
some studies on small-sample machine learning, especially in the field of medical care. For
example, in the study by Jiang et al. [11], using 4930 speech data of 170 samples, the authors
extracted 1582 dimensional features and used machine learning to recognize depression.
According to the description of MODMA, the 1479 feature data used in this paper are
different. Multiple sampling of patients is also feasible because the disease is represented
by a characteristic range. For example, the values of systolic blood pressure between 90
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and 140 are all normal. If necessary, the dimension of feature can be reduced by PCA and
other methods. The data involved in machine learning modeling are only depression tag
information and voice feature information, and there is no speaker information. Therefore,
the differentiation of depressive patients is based on the comprehensive expression of a
series of digital voice features.

This study has the following limitations: First of all, the voice data used in the research
are Chinese voice, which has limitations in the scope of application. Secondly, because
medical data involves patient privacy, it is difficult to obtain data and the number of data
are relatively small. This study also faces this problem. With the increase in model learning
samples, the robustness of the model will be enhanced.

5. Conclusions

In this study, the machine learning method was used to establish a decision tree
screening model for high-dimensional voice data, under different experimental conditions.
According to the results of the model, early warnings can be given to the individuals with
depression. The accuracy of the model recognition reached 83.4%. It showed that voice data
could be used for rapid recognition and diagnosis of clinical depression. This method has
the advantages of simple operation, low cost and fast data acquisition, which can be used
for the management of public mental health. At the same time, according to the screening
results, the patient can be carried out of the health management process of depression,
including health data collection, health assessment, early warning and intervention, until
the patient recovers.

Author Contributions: Conceptualization, Z.P.; data curation, X.C.; investigation, X.C.; funding
acquisition, Z.P.; methodology, Z.P.; supervision, Z.P.; validation, X.C.; writing—original draft, X.C.;
writing—review and editing, X.C. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the Natural Science Foundation of Zhejiang Province, China,
grant number LZ21F020008.

Institutional Review Board Statement: Ethical review and approval were waived for this study, due
to the following reasons: the data used in this study were a public data set, which was approved
by the ethics committee of the Second Affiliated Hospital of Lanzhou University; by submitting the
application form, the right to use the MODMA data set for depression research was obtained.

Informed Consent Statement: Patient consent was waived, due to the reason that the data used in
this study were a public data set.

Data Availability Statement: Publicly available datasets were analyzed in this study. This data can
be found here: http://modma.lzu.edu.cn/data/index/ (accessed on 10 April 2021).

Acknowledgments: We would like to thank Gansu Provincial Key Laboratory of Wearable Comput-
ing, Lanzhou University, China for providing the MODMA data set.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Dibeklioglu, H.; Hammal, Z.; Cohn, J.F. Dynamic Multimodal Measurement of Depression Severity Using Deep Autoencoding.

IEEE J. Biomed. Health Inform. 2018, 22, 525–536. [CrossRef]
2. Low, D.M.; Bentley, K.H.; Ghosh, S.S. Automated assessment of psychiatric disorders using speech: A systematic review.

Laryngoscope Investig. Otolaryngol. 2020, 5, 96–116. [CrossRef] [PubMed]
3. Na, K.S.; Cho, S.E.; Geem, Z.W.; Kim, Y.K. Predicting future onset of depression among community dwelling adults in the

Republic of Korea using a machine learning algorithm. Neurosci. Lett. 2020, 721, 134804. [CrossRef]
4. Sun, B.; Zhang, Y.; He, J.; Xiao, Y.; Xiao, R. An automatic diagnostic network using skew-robust adversarial discriminative domain

adaptation to evaluate the severity of depression. Comput. Methods Programs Biomed. 2019, 173, 185–195. [CrossRef]
5. Girard, J.M.; Cohn, J.F. Automated Audiovisual Depression Analysis. Curr. Opin. Psychol. 2015, 4, 75–79. [CrossRef] [PubMed]
6. Hochman, E.; Feldman, B.; Weizman, A.; Krivoy, A.; Gur, S.; Barzilay, E.; Gabay, H.; Levy, J.; Levinkron, O.; Lawrence, G.

Development and validation of a machine learning-based postpartum depression prediction model: A nationwide cohort study.
Depress Anxiety 2020. [CrossRef]

http://modma.lzu.edu.cn/data/index/
http://doi.org/10.1109/JBHI.2017.2676878
http://doi.org/10.1002/lio2.354
http://www.ncbi.nlm.nih.gov/pubmed/32128436
http://doi.org/10.1016/j.neulet.2020.134804
http://doi.org/10.1016/j.cmpb.2019.01.006
http://doi.org/10.1016/j.copsyc.2014.12.010
http://www.ncbi.nlm.nih.gov/pubmed/26295056
http://doi.org/10.1002/da.23123


Int. J. Environ. Res. Public Health 2021, 18, 6441 12 of 12

7. Narziev, N.; Goh, H.; Toshnazarov, K.; Lee, S.A.; Chung, K.M.; Noh, Y. STDD: Short-Term Depression Detection with Passive
Sensing. Sensors 2020, 20. [CrossRef]

8. Ware, S.; Yue, C.; Morillo, R.; Lu, J.; Shang, C.; Kamath, J.; Bamis, A.; Bi, J.; Russell, A.; Wang, B. Large-scale Automatic Depression
Screening Using Meta-data from WiFi Infrastructure. Proc. ACM Interact. Mobile Wearable Ubiquitous Technol. 2018, 2, 1–27.
[CrossRef]

9. McGinnis, E.W.; Anderau, S.P.; Hruschak, J.; Gurchiek, R.D.; Lopez-Duran, N.L.; Fitzgerald, K.; Rosenblum, K.L.; Muzik, M.;
McGinnis, R.S. Giving Voice to Vulnerable Children: Machine Learning Analysis of Speech Detects Anxiety and Depression in
Early Childhood. IEEE J. Biomed. Health Inform. 2019, 23, 2294–2301. [CrossRef]

10. Arevian, A.C.; Bone, D.; Malandrakis, N.; Martinez, V.R.; Wells, K.B.; Miklowitz, D.J.; Narayanan, S. Clinical state tracking in
serious mental illness through computational analysis of speech. PLoS ONE 2020, 15, e0225695. [CrossRef]

11. Jiang, H.; Hu, B.; Liu, Z.; Yan, L.; Wang, T.; Liu, F.; Kang, H.; Li, X. Investigation of different speech types and emotions for
detecting depression using different classifiers. Speech Commun. 2017, 90, 39–46. [CrossRef]

12. Liu, Z.; Wang, D.; Zhang, L.; Hu, B. A Novel Decision Tree for Depression Recognition in Speech. arXiv preprint arXiv:2002.12759.
13. Cummins, N.; Sethu, V.; Epps, J.; Schnieder, S.; Krajewski, J. Analysis of acoustic space variability in speech affected by depression.

Speech Commun. 2015, 75, 27–49. [CrossRef]
14. Faurholt-Jepsen, M.; Busk, J.; Frost, M.; Vinberg, M.; Christensen, E.M.; Winther, O.; Bardram, J.E.; Kessing, L.V. Voice analysis as

an objective state marker in bipolar disorder. Transl. Psychiatry 2016, 6, e856. [CrossRef] [PubMed]
15. Liu, W.; Zhang, C.; Wang, X.; Xu, J.; Chang, Y.; Ristaniemi, T.; Cong, F. Functional connectivity of major depression disorder using

ongoing EEG during music perception. Clin. Neurophysiol. 2020, 131, 2413–2422. [CrossRef]
16. Antosik-Wojcinska, A.Z.; Dominiak, M.; Chojnacka, M.; Kaczmarek-Majer, K.; Opara, K.R.; Radziszewska, W.; Olwert, A.;

Swiecicki, L. Smartphone as a monitoring tool for bipolar disorder: A systematic review including data analysis, machine learning
algorithms and predictive modelling. Int. J. Med. Inform. 2020, 138, 104131. [CrossRef]

17. Ozkanca, Y.; Ozturk, M.G.; Ekmekci, M.N.; Atkins, D.C.; Demiroglu, C.; Ghomi, R.H. Depression Screening from Voice Samples
of Patients Affected by Parkinson’s Disease. Digit. Biomark. 2019, 3, 72–82. [CrossRef] [PubMed]

18. Villongco, C.; Khan, F. “Sorry I Didn’t Hear You.” The Ethics of Voice Computing and AI in High Risk Mental Health Populations.
AJOB Neurosci. 2020, 11, 105–112. [CrossRef] [PubMed]

19. Cai, H.; Gao, Y.; Sun, S.; Li, N.; Tian, F.; Xiao, H.; Li, J.; Yang, Z.; Li, X.; Zhao, Q.; et al. MODMA dataset: A Multi-modal Open
Dataset for Mental-disorder Analysis. arXiv preprint arXiv:2002.09283.

20. Sanchez-Garcia, J.C.; Cortes-Martin, J.; Rodriguez-Blanque, R.; Marin-Jimenez, A.E.; Montiel-Troya, M.; Diaz-Rodriguez, L.
Depression and Anxiety in Patients with Rare Diseases during the COVID-19 Pandemic. Int. J. Environ. Res. Public Health 2021, 18.
[CrossRef] [PubMed]

21. Eyben, F.; Scherer, K.R.; Schuller, B.W.; Sundberg, J.; Andre, E.; Busso, C.; Devillers, L.Y.; Epps, J.; Laukka, P.; Narayanan, S.S.; et al.
The Geneva Minimalistic Acoustic Parameter Set (GeMAPS) for Voice Research and Affective Computing. IEEE Trans. Affect.
Comput. 2016, 7, 190–202. [CrossRef]

22. Calzà, L.; Gagliardi, G.; Favretti, R.R.; Tamburini, F. Linguistic features and automatic classifiers for identifying mild cognitive
impairment and dementia. Comput. Speech Lang. 2021, 65. [CrossRef]

23. Guo, Y.; Hao, Z.; Zhao, S.; Gong, J.; Yang, F. Artificial Intelligence in Health Care: Bibliometric Analysis. J. Med. Internet. Res. 2020,
22, e18228. [CrossRef] [PubMed]

24. Shatte, A.B.R.; Hutchinson, D.M.; Teague, S.J. Machine learning in mental health: A scoping review of methods and applications.
Psychol. Med. 2019, 49, 1426–1448. [CrossRef] [PubMed]

25. Colby, S.; Zhou, W.; Allison, C.; Mathews, A.E.; Olfert, M.D.; Morrell, J.S.; Byrd-Bredbenner, C.; Greene, G.; Brown, O.;
Kattelmann, K.; et al. Development and Validation of the Short Healthy Eating Index Survey with a College Population to Assess
Dietary Quality and Intake. Nutrients 2020, 12. [CrossRef] [PubMed]

26. Bowie-DaBreo, D.; Sunram-Lea, S.I.; Sas, C.; Iles-Smith, H. Evaluation of Treatment Descriptions and Alignment with Clinical
Guidance of Apps for Depression on App Stores: Systematic Search and Content Analysis. JMIR Form. Res. 2020, 4, e14988.
[CrossRef] [PubMed]

27. Hagemann, P.M.S.; Martin, L.C.; Neme, C.M.B. The effect of music therapy on hemodialysis patients’ quality of life and depression
symptoms. J. Bras. Nefrol. 2019, 41, 74–82. [CrossRef]

28. Skolarus, L.E.; Piette, J.D.; Pfeiffer, P.N.; Williams, L.S.; Mackey, J.; Hughes, R.; Morgenstern, L.B. Interactive Voice Response-An
Innovative Approach to Post-Stroke Depression Self-Management Support. Transl. Stroke Res. 2017, 8, 77–82. [CrossRef] [PubMed]

29. Scherer, S.; Stratou, G.; Lucas, G.; Mahmoud, M.; Boberg, J.; Gratch, J.; Rizzo, A.; Morency, L.-P. Automatic audiovisual behavior
descriptors for psychological disorder analysis. Image Vis. Comput. 2014, 32, 648–658. [CrossRef]

30. Schultebraucks, K.; Yadav, V.; Shalev, A.Y.; Bonanno, G.A.; Galatzer-Levy, I.R. Deep learning-based classification of posttraumatic
stress disorder and depression following trauma utilizing visual and auditory markers of arousal and mood. Psychol. Med. 2020,
1–11. [CrossRef]

31. Pan, W.; Flint, J.; Shenhav, L.; Liu, T.; Liu, M.; Hu, B.; Zhu, T. Re-examining the robustness of voice features in predicting
depression: Compared with baseline of confounders. PLoS ONE 2019, 14, e0218172. [CrossRef] [PubMed]

32. Su, C.; Xu, Z.; Pathak, J.; Wang, F. Deep learning in mental health outcome research: A scoping review. Transl. Psychiatry 2020, 10,
116. [CrossRef] [PubMed]

http://doi.org/10.3390/s20051396
http://doi.org/10.1145/3287073
http://doi.org/10.1109/JBHI.2019.2913590
http://doi.org/10.1371/journal.pone.0225695
http://doi.org/10.1016/j.specom.2017.04.001
http://doi.org/10.1016/j.specom.2015.09.003
http://doi.org/10.1038/tp.2016.123
http://www.ncbi.nlm.nih.gov/pubmed/27434490
http://doi.org/10.1016/j.clinph.2020.06.031
http://doi.org/10.1016/j.ijmedinf.2020.104131
http://doi.org/10.1159/000500354
http://www.ncbi.nlm.nih.gov/pubmed/31872172
http://doi.org/10.1080/21507740.2020.1740355
http://www.ncbi.nlm.nih.gov/pubmed/32228383
http://doi.org/10.3390/ijerph18063234
http://www.ncbi.nlm.nih.gov/pubmed/33800980
http://doi.org/10.1109/TAFFC.2015.2457417
http://doi.org/10.1016/j.csl.2020.101113
http://doi.org/10.2196/18228
http://www.ncbi.nlm.nih.gov/pubmed/32723713
http://doi.org/10.1017/S0033291719000151
http://www.ncbi.nlm.nih.gov/pubmed/30744717
http://doi.org/10.3390/nu12092611
http://www.ncbi.nlm.nih.gov/pubmed/32867172
http://doi.org/10.2196/14988
http://www.ncbi.nlm.nih.gov/pubmed/33185566
http://doi.org/10.1590/2175-8239-jbn-2018-0023
http://doi.org/10.1007/s12975-016-0481-7
http://www.ncbi.nlm.nih.gov/pubmed/27394917
http://doi.org/10.1016/j.imavis.2014.06.001
http://doi.org/10.1017/S0033291720002718
http://doi.org/10.1371/journal.pone.0218172
http://www.ncbi.nlm.nih.gov/pubmed/31220113
http://doi.org/10.1038/s41398-020-0780-3
http://www.ncbi.nlm.nih.gov/pubmed/32532967

	Introduction 
	Materials and Methods 
	Acquisition of Voice Data 
	Voice Data Preprocessing 
	Voice Features and Their Extraction Methods 
	Grouping of Voice Features and Generation of Database 
	Decision Tree Machine Learning Algorithm 

	Results 
	The Visualization of Voice Features 
	Scatter Plot of Voice Feature Distribution 
	Evaluation Criteria and Classification Results of the Model 
	Evaluation Criteria of the Model 
	Classification Results of Different Databases 

	Screening and Early Warning of Depression 
	The Model of this Study 

	Discussion 
	Conclusions 
	References

