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Abstract
Background: Vocal features have been proposed as a way to identify depression by distinguishing
depression from healthy controls, but while there have been some claims for success, the degree to which
changes in vocal features are speci�c to depression has not been systematically studied. In particular, it
is not clear whether vocal features are characteristic of mental ill health in general, rather than
characteristic of different psychiatric diagnoses. We examined the performance of vocal features in
recognizing three diseases (depression, schizophrenia and bipolar disorder) in comparison with healthy
controls and in pairwise comparison with each disease in turn.

Methods: We sampled 32 bipolar disorder patients; 106 depression patients, 114 healthy controls and 20
schizophrenia patients. We extracted i-vectors from MFCCs features, and built logistic regression models
with ridge regularization and 5 fold cross validation on the training set, then applied models to the test
set.

Results: Our results showed that AUC score for classifying depression and bipolar disorder is 0.5 (F-score
= 0.44). For other comparisons, AUC scores range from 0.75 to 0.92 (F-score ranges from 0.73 to 0.91).
The performance (AUC) of depression and bipolar disorder classi�cation model is signi�cantly worse
than the performance of bipolar disorder and schizophrenia classi�cation model (corrected P < 0.05). We
found no signi�cant difference in pairwise ROC difference tests among the remaining classi�cation
tasks.

Conclusions: Vocal features have robust discriminatory power not only in classifying depression and
health, but also in pairwise classi�cation among different mental illness.

Introduction
The identi�cation and diagnosis of depression still relies on a clinical interview, which is often slow and
unreliable: inter-rater reliability rarely exceeds of 0.7 (kappa coe�cient)(Spitzer, Forman, & Nee, 1979).
Furthermore, about half of cases go unrecognized: in a meta-analysis of 41 studies recognition accuracy
of depression by general practitioners was 47.3%(Mitchell, Vaze, & Rao, 2009). Accurate, and fast ways to
identify cases of depression would have major clinical bene�ts.

Novel applications of computational methods are making some inroads into this problem. A review of 14
studies comparing diagnostic accuracies between deep learning models and health-care professionals
showed that both sensitivity and speci�city of deep learning models are higher than that of health-care
professionals(X. Liu et al., 2019). In the last decade there has been interest in the ability of using speech
to identify depression, and other mental illness(Alberto, Arndis, Vibeke, Riccardo, & Parola, 2019;
Cummins et al., 2015; Faurholt-Jepsen et al., 2016; Maxhuni et al., 2016; Rapcan et al., 2010).

Most research in depression detection has focused on examining the ability of vocal features to classify
depression and health with machine learning models to investigate whether voice can be used as
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auxiliary tool assisting clinical diagnosis(Afshan et al., 2018; He & Cao, 2018; Jiang et al., 2018; Pan et al.,
2019; Rohani, Faurholt-Jepsen, Kessing, & Bardram, 2018; Taguchi et al., 2018). Investigating the ability
of voice features to diagnose depression is complicated by the presence of other mental illness. Various
speech features have been shown to be indicative of depression. Mel-frequency cepstrum coe�cients
(MFCCs) have been shown to re�ect perception relevant information, which are most commonly used in
speech recognition and mental illness detection(Zhu, Kim, Proctor, Narayanan, & Nayak, 2013).
Investigation of MFCCs by Cummins et al.(Cummins, Epps, Sethu, & Krajewski, 2014; Cummins et al.,
2011) and Joshi et al.(Joshi et al., 2013) found that the classi�cation results were statistically signi�cant
for detecting depression.

Identity vector (i-vector), using total variability framework, is state-of-the-art technique for speaker-
veri�cation. The total variability framework provides an effective way to capture speaker variability and
channel variability in a low dimensional subspace. i-vectors are very informative in capturing the cepstral
variability, and can predict depression with high and classi�cation accuracy. Research found that the i-
vector based model outperformed the baseline model set by KL-means supervectors (Cummins et al.,
2013). Nasir et al.(Nasir, Jati, Shivakumar, Chakravarthula, & Georgiou, 2016) used i-vectors to investigate
a number of audio and video features for classi�cation, and reported a highest accuracy with i-vector
modelling based on MFCC features. Another research showed an improvement of 40% for predictive
accuracy (F-score) with the i-vector method(Afshan et al., 2018).

Voice features characteristic of other psychiatric diseases have also been reported. A review and meta-
analysis of voice in schizophrenia identi�ed weak atypicalities in pitch variability related to �at affect,
and stronger atypicalities in the proportion of spoken time, speech rate, and pauses related to the alogia
and �at affect(Alberto et al., 2019). Rapcan et al.(Rapcan et al., 2010) extracted temporal, energy and
vocal pitch features from recordings, results showed that when classifying schizophrenia patients from
healthy ones, the classi�cation accuracy reached 79.4%. For bipolar disorder, researchers using voice
features to predict their different emotion states (i.e. depressive state, manic state, mixed state).
Classi�cation results showed the AUC score reached 0.89 (Faurholt-Jepsen et al., 2016; Maxhuni et al.,
2016).

In this research, we aimed at illustrating the classi�cation ability of voice features under different
scenarios. There are three types of binary classi�cation tasks in total: 1) the ability of voice features on
general classi�cation, i.e. classifying any disease (depression, bipolar disorder, schizophrenia) vs.
healthy-controls; 2) the ability of voice features on classifying speci�c mental disorder vs. healthy-
controls; 3) the ability of voice features on pairwise among different mental disorders. Among these, type
1 was set as baseline level to show whether the dataset we used achieves results comparable to existing
research, and as a reference of how models performing under other types in this research. Type 2 and
type 3 was set to show to what extent voice features can differentiate case group and control group.

Methods



Page 4/17

Dataset
All participants are Chinese aged between 18 ~ 59 years old. There are four categories according to
diagnosis: health group (58 males; 57 females), depression group (53 males; 70 females), bipolar
disorder group (16 males; 21 females) and schizophrenia group(10 males; 10 females). All patients were
assessed with the Diagnostic and Statistical Manual of Mental Disorders (DSM-IV)(American Psychiatric
Association. (1994) by psychiatrists. Depressed patients were diagnosed as having depression only, with
no other mental disorders or medical tasks. Exclusion criteria for all patients are: serious physical illness,
pregnant and lactating, alcohol and other substance abuse in one year. Participants didn’t take any
medication in two weeks before the experiment.

For each participant, there are 21 voice recordings collected from 21 speech tasks. Ambient noise level of
the lab was less than 60 dB. Audio length ranged between 10s ~ 2min30s. The database is in Mandarin.
All the audio recordings were collected with a sampling rate of 16kHz and saved as .wav format.
Recordings of high sound quality were selected. Participants provided written informed consent before
the experiment. This project is conducted from August 25, 2015 to September 29, 2017, approved by the
Institutional Review Board (IRB) of Institute of Psychology, Chinese Academy of Sciences. All methods
performed in this research were in accordance with the relevant guidelines and regulations.

Data processing

Preprocessing
There are 7 classi�cation tasks in total: any disease vs. healthy controls; depression vs. healthy controls;
bipolar disorder vs. healthy controls; schizophrenia vs. healthy controls; depression vs. bipolar disorder;
depression vs. schizophrenia; bipolar disorder vs. schizophrenia (AH, DH, BH, SH, DB, DS, BS). In each
task, either mental illness group or depression group is set as case group, the other one is set as control
group.

First, we split the data into training set (70%) and test set (30%), we calculated the sample size needed for
the test set. To avoid distribution bias, data was matched between groups for each binary classi�cation
task. We randomly sampled the exact number for each task. For training set, we also did random
sampling in the rest of the dataset for each category. As the data set is small, we conducted difference
test based on permutation test. Age, gender and education variables were investigated to see if the data
is balanced on the training set.

It should be noted that for cases and controls of each classi�cation task, there is a further matching. In
total, we did the matching for two times: 1) matching gender within categories; 2) matching cases and
controls within classi�cation tasks. As a result, the number for cases and controls in each task is
balanced. For example, there are 20 schizophrenia patients and 20 healthy ones (gender balanced) in the
model of classifying health and schizophrenia.

Mel Frequency Cepstral Coe�cients (MFCCs)
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Mel Frequency Cepstral Coe�cients (MFCCs) were extracted with a window size of 25 ms, a window shift
of 10 ms, a pre-emphasis �lter with coe�cient 0.97, and a sinusoidal lifter with coe�cient 22(Afshan et
al., 2018). A �lter bank with 23 �lters was used and 13 coe�cients were extracted. Utterances were
downsampled to 8 kHz before feature extraction. We also used the �rst and second derivatives of MFCCs.

I-vector extraction
After MFCCs feature extraction, a UBM of 64 mixtures was trained for each feature set. Followed by total
variability matrix calculation, and used it to extract i-vectors of dimension 20.

The i-vector extraction formula can be represented as follows:

M = m + Tv   (1)

where m is the mean super-vector of the UBM. M is the mean centered super-vector of the speech
utterance derived using the 0th and 1st order Baum-Welch statistics. v is the i-vector, the representation of
a speech utterance(Dehak, Kenny, Dehak, Dumouchel, & Ouellet, 2011).

20 i-vectors were generated for each participant. All i-vector features were quantile normalized. Then the
mean value of 21 voice tasks for each participant was calculated for classi�cation. Then the training
data was used for building logistic regression model.

Logistic Regression
Using i-vectors, we performed logistic regression on the training set. Glmnet method(Friedman, Hastie, &
Tibshirani, 2010) was conducted to achieve logistic regression with 5-fold cross validation. And ridge
regularization was performed. Then we applied models on test sets in each classi�cation task.

Model Building
To compare the classi�cation ability of voice features under different situation, we built logistic models
for 7 binary classi�cation tasks. First, we examined the classi�cation ability of voice features in
distinguishing between health and mental disorders in general. Second, we examined model performance
in classifying health and speci�c mental disorders separately. After this, we investigate model
performance in speci�c mental illness classi�cation context (depression vs. bipolar disorder; depression
vs. schizophrenia; bipolar disorder vs. schizophrenia).

Results

Descriptive statistics

Demographic information
Demographic information was investigated to see if there was any distribution bias between groups.
There were three demographic variables: age, gender, education.
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Descriptive statistics for within model difference test
Age difference was tested and showed in Table 1. Results showed that except for the classi�cation task
schizophrenia vs. health, cases and controls were matched for the relevant variables. We further
conducted propensity score matching(Dehejia & Wahba, 2002) for the schizophrenia vs. health task. Case
group and control group in this task is then balanced, see Table 2.

After matching, in total, there are 32 bipolar disorder patients; 106 depression patients, 114 healthy ones
and 20 schizophrenia patients (equal number of male and female in each category).

Table 1
t tests of age difference for each classi�cation task

  Type M ± SD t P

AH any disease 32.35 ± 9.82 -1.42 0.16

healthy controls 34.48 ± 10.63

DH depression 33.76 ± 10.23 -0.4 0.69

healthy controls 34.43 ± 10.48

BH bipolar disorder 29.68 ± 8.99 -1.85 0.07

healthy controls 34.86 ± 9.03

SH schizophrenia 29.07 ± 7.42 -2.11 0.03

healthy controls 37.14 ± 7.42

DB depression 34.18 ± 9.67 1.57 0.12

bipolar disorder 29.68 ± 8.99

DS depression 33.86 ± 9.49 1.45 0.15

schizophrenia 29.07 ± 7.42

BS bipolar disorder 30.00 ± 7.75 0.33 0.77

schizophrenia 29.07 ± 7.42

 
Table 2

One-way test after propensity score matching for SH task

  Type M ± SD t P

S_H schizophrenia 28.79 ± 8.15 -0.74 0.48

healthy controls 31.14 ± 8.74
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Chi-square test with permutation test was conducted on both gender variable and education variable.
Results showed that there is no signi�cant difference either on gender or education across different
tasks. See Table 3 and Table 4.

Table 3
Chi-square tests on gender for each classi�cation task
  Type Gender ϰ2 P

Male Female

AH any disease 55 55 0 1

healthy controls 40 40

DH depression 37 37 0 1

healthy controls 37 37

BH bipolar disorder 11 11 0 1

healthy controls 11 11

SH schizophrenia 7 7 0 1

healthy controls 7 7

DB depression 11 11 0 1

bipolar disorder 11 11

DS depression 7 7 0 1

schizophrenia 7 7

BS bipolar disorder 7 7 0 1

schizophrenia 7 7
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Table 4
Chi-square tests on education for each classi�cation task

  Type Education ϰ2 P

High school level and below Undergraduate and above

AH any disease 46 64 0.18 0.76

healthy controls 31 49

DH depression 29 45 0.03 1

healthy controls 28 46

BH bipolar disorder 9 13 0 1

healthy controls 9 13

SH schizophrenia 6 8 1.29 0.45

healthy controls 9 5

DB depression 10 12 0.09 1

bipolar disorder 9 13

DS depression 5 9 1.29 0.45

schizophrenia 8 6

BS bipolar disorder 7 7 0.14 1

schizophrenia 8 6

 

Classi�cation
Model performance obtained for different tasks are summarized in Table 5. For general classi�cation
ability of voice features, when classifying health vs. non-health group (AH), F-score is 0.82, AUC is 0.79.
When classifying different mental diseases from the healthy ones, results showed that: for DH task, F-
score = 0.78, AUC = 0.77; for BH task, F-score = 0.80, AUC = 0.80; for SH task, F-score = 0.73, AUC = 0.75. To
further examine the distinguishing ability of voice features on pairwise classi�cation among three mental
diseases, DB, DS and BS tasks were performed. Results showed: for DB classi�cation task, F-score = 0.44,
AUC = 0.50; for DS task, F-score = 0.83, AUC = 0.83; for BS task, F-score = 0.91, AUC = 0.92.
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Table 5
Results on 7 classi�cation tasks with the i-vector framework.

Tasks Sensitivity Speci�city Accuracy Precision Recall F-score AUC

AH 0.81 0.76 0.79 0.83 0.81 0.82 0.79

DH 0.81 0.72 0.77 0.74 0.81 0.78 0.77

BH 0.80 0.80 0.80 0.80 0.80 0.80 0.80

SH 0.67 0.83 0.75 0.80 0.67 0.73 0.75

DB 0.40 0.60 0.50 0.50 0.4 0.44 0.50

DS 0.83 0.83 0.83 0.83 0.83 0.83 0.83

BS 0.83 1.00 0.92 1.00 0.83 0.91 0.92

 

We also compared model performance for all tasks. After Bonferroni correction, only the performance
(AUC) of depression and bipolar disorder classi�cation model is signi�cantly worse than the performance
of bipolar disorder and schizophrenia classi�cation model (P < 0.05), see Table 6.
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Table 6
ROC difference tests for model comparison

  DeLong's test df P Corrected P

AH_DH 0.32 134.67 0.75 4.5

AH_BH -0.11 29.02 0.91 5.46

AH_SH 0.27 13.78 0.79 4.74

AH_DB 2.32 25.54 0.03 0.18

AH_DS -0.35 14.66 0.73 4.38

AH_BS -1.34 18.71 0.2 1.2

DH_BH -0.32 32.18 0.75 4.5

DH_SH 0.11 14.7 0.92 5.52

DH_DB 2.09 27.64 0.046 0.276

DH_DS -0.52 15.88 0.61 3.66

DH_BS -1.53 21.29 0.14 0.84

BH_SH 0.3 21.48 0.76 4.56

BH_DB 2.01 36.64 0.052 0.312

BH_DS -0.22 23.92 0.83 4.98

BH_BS -0.93 29.35 0.36 2.16

SH_DB 1.41 25.27 0.17 1.02

SH_DS -0.47 21.63 0.65 3.9

SH_BS -1.05 18.37 0.31 1.86

DB_DS -2.02 27.56 0.053 0.318

DB_BS -2.93 29.93 0.006 0.036*

DS_BS -0.58 19.8 0.57 3.42

* P < 0.05

Discussion
We investigated the classi�cation ability of voice features in different scenarios. Results showed that
voice features can assist clinical diagnosis.
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First, after matching, descriptive statistics investigation indicates no distribution bias between case group
and control group in each task. By achieving this we ruled out the potential confounding factors(Pan et
al., 2019) for voice predicting depression. Using MFCCs features, we built several logistic regression
models for different classi�cation scenarios with the i-vector method.

Type 1 includes AH and DH models to examine the baseline classi�cation ability voice features have.
Given the results, when classifying health and non-health, the F-score is 0.82, AUC score is 0.79. This
showed to what extent voice features can distinguish mental illness from healthy controls.

Type 2 consists of DH, BH and SH models to investigate the ability of voice features in distinguishing
speci�c mental illness from healthy ones. For DH, BH and SH tasks, the F-score ranged from 0.73 to 0.80,
the AUC score ranged from 0.75 to 0.80. There already exist lots of research classifying depression and
health using voice features. Our results about DH are consistent with the �ndings of others(Afshan et al.,
2018; Alghowinem et al., 2013; Cummins et al., 2015; Horwitz et al., 2013; Quatieri & Malyska, 2012; Pan
et al., 2019; Sidorov & Minker, 2014), so that we can take this task performance as another baseline. The
DH task results illustrated the effectiveness of our dataset. ROC difference test showed there is no
signi�cant difference in the pairwise comparison among AH and the three mental illnesses vs. healthy
tasks.

Type 3 comprises DB, DS, BS models to further show the performance of voice features on pairwise
classi�cation among the three mental illnesses. Model performance of both DS (F-score = 0.83; AUC = 
0.83) and BS (F-score = 0.91; AUC = 0.92) are ideal. In fact, the F-score and AUC score for BS task are both
the highest across all 7 tasks. But model performance of DB is the worst (F-score = 0.44) among all tasks,
and the AUC score 0.5 means voice features doesn’t contribute to the discrimination between depression
and bipolar disorder.

Further pairwise ROC test showed there is no signi�cant difference of model performance among AH, DH,
BH, SH, DS and BS tasks. But for DB and BS comparison, the model performance of DB is signi�cantly
worse than that of BS model. See Table 6.

To our knowledge, this is the �rst research examining the discriminatory power of voice features
concerning depression and other mental illnesses with similar depression symptoms. It showed that
voice features can be applied not only on classifying depression and health, but also on detecting other
mental illnesses, with considerable amount of predicting accuracy. This research fully described the
distinguishing abilities of voice features under different classi�cation scenarios.

The results are promising, which might be because the i-vectors are able to catch the mental illness
relevant information. To extract i-vectors, �rst it needs to put both case group and control group together
to learn the shared information between the two group, and then this shared part is removed from the
voice data to get the i-vectors, which means that i-vectors capture mental illness relevant voice
information. i-vector based system has been proved to be effective in both short and long utterances
from 10s to 5 min(Guo, Nookala, & Alwan, 2017; Guo et al., 2018, 2016; Guo, Yang, Arsikere, & Alwan,
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2017). And clearly, it also captures different voice information for different mental illnesses when
classifying between mental illnesses. Different mental illness has different symptom in voice. For
example, vocal features observed to change with a depression patient’s mental condition and emotional
state is motivated by perception of monotony, hoarseness, breathiness, glottalization, and slur in the
voice of a depressed subject(France & Shiavi, 2000; Low, Maddage, Lech, Sheeber, & Allen, 2010; Moore,
Clements, Peifer, & Weisser, 2003; Mundt, Snyder, Cannizzaro, Chappie, & Geralts, 2007; Ozdas, Shiavi,
Silverman, Silverman, & Wilkes, 2004; Trevino, Quatieri, & Malyska, 2011). The voice of schizophrenia
patients can be described as poverty of speech, increased pauses, distinctive tone and intensity of voice,
which has been associated with core negative symptoms such as diminished emotional expression, lack
of vocal intonation and alogia, having di�culty in controlling voice to express affective and emotional
contents in proper social text(Alpert, Rosenberg, Pouget, & Shaw, 2000; Cohen, Mitchell, Docherty, & Horan,
2016; Cohen, Najolia, Kim, & Dinzeo, 2012; Galynker, Cohen, & Cai, 2000; Guo, Xu, et al., 2018; Hoekert,
Kahn, Pijnenborg, & Aleman, 2007; Millan, Fone, Steckler, & Horan, 2014; Trémeau et al., 2005).

This research failed to classify depression and bipolar disorder. Unipolar depression and bipolar
depression are quite similar. Bipolar disorder is combined with depression phase and also manic phase,
that’s why it’s so hard to distinguish between the two them. Research about bipolar disorder usually
tracks user phone call recordings to extract voice features and detecting different emotion
states(depression state, manic state)(Faurholt-Jepsen et al., 2016; Maxhuni et al., 2016). We still should
working on tracking emotion states to help distinguish depression from bipolar disorder or �nding some
other ways.

Conclusion
This research fully examined the discriminatory power of voice features under different clinical scenarios
for mental illness diagnosis. Robust results illustrate the clinical value for voice features in complex
clinical diagnosis for depression. In future work, tracking illness episode for depression and other mental
illnesses and larger sample size might get higher and more accurate results.
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