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1. Introduction 

Human speech is a complex process and carries a variety of information and is one of 

the most basic tools of communication. The primary purpose of human speech is to 

convey thoughts in a symbolic way through linguistic content. In addition, it can 

convey additional information, such as the emotional state and attitude of the speaker, 

and may refer to the speaker's physiological state if the condition affects the speech 

product [1][2][3][4][5][6].  

The basic physiological organs of speech production are the lungs, trachea, larynx, 

pharynx, mouth and nose. Their function is controlled by the brain. Those 

physiological abnormalities can be detected by speech signal processing that either 

cause damage to the organs responsible for speech production (colds, cancer), or cause 

changes in brain function (Parkinson's disease or depression), or both at the same time. 

In my research, I investigated the effect of depressed state on speech and the detection 

possibilities of depressed state based on speech. 

Depression is one of the most widespread curable diseases of our time [7], but its 

diagnosis requires expert knowledge, and so the diagnosis of the depression falls on a 

narrow section of society. The severity of depression greatly affects the quality of life 

of the patient suffering from it [8]. Depression causes changes in some characteristics 

of human speech product that are quantifiable and measurable. This allows speech-

based automatic detection of depression, which may facilitate or, more broadly, enable 

the diagnosis of the depression. For these reasons, speech-based recognition and 

assessment of depression status is an important area of research. 

2. Overview 

Depression is a psychiatric disorder that is the third most common disease worldwide, 

according to a 2012 World Health Organization (WHO) survey [9]. Clinical 

psychiatry distinguishes between different types of depression. Depression is 

classified into two main categories: unipolar and bipolar depression. In unipolar 

depression, there are only episodes of depressed mood. In bipolar depression, the 

over-exertion of both bad and good moods alternates. Within the main categories, 

other types are defined also. The main types of unipolar depression are major 

depression (clinical depression) and dysthymia. The main types of bipolar depression 
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are manic depression and hypomania and cyclothymia. [10]. During my research, I 

examined the effects of clinical depression on human speech in case of unipolar 

depression. From now on, instead of clinical depression, I use depression for the sake 

of simplicity. 

In 1921, Emil Kraeplin, stated that depressed states alter human speech [11]. The 

relationship between depression and speech was already an important area of research 

in the 1980s, and several acoustic and phonetic parameters were associated with 

depression, such as mean value of fundamental frequency and its range, and speech 

rate. [12]. However, the automatic detection of depression is a new area of research. 

Cummins et al., In their 2015 journal article, published a comprehensive study of the 

latest results of the detection of depression based on speech processing in case of 

English language [13]. 

Basically, researchers use two types of machine detection methods: classifying a 

speaker's depressed state or predicting the severity of depression. While training a 

two-class machine learning model (non-depressed / depressed), a simple medical 

diagnosis may be sufficient to label the samples, but in multi-grade classifications that 

can differentiate between other categories of depression by severity or regression, a 

scale describing the state of depression is essential. 

There are two widespread scales for describing the severity of clinical depression: the 

Hamilton Scale (HAM-D) [14] and the Beck Depression Inventory [15]. The value of 

the former scale is determined by the specialist at diagnosis, while the second one is 

determined with a self-assigned test. 

Depressed state affects the motorical function of the brain, causing a change in the 

speech product of a depressed person. Literature mentions several speech parameters 

that change as a result of depression. However, there is no general agreement which 

speech parameters are the most important ones and how to measure these specific 

speech parameters. Of course, the measurement capability is highly dependent on the 

preprocessing of the speech database, which can only be based on a simple speech / 

non-speech labeling [16][17], or even an precise segmentation of the speech database 

at the sound level. Obviously, the second one is much more time-consuming and 

costly to perform, so most of the research so far has not applied sound level 

segmentation of speech, but as a result, some speech parameters could only be 

measured inaccurately and with greater standard deviation. These can be the reasons, 
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that researchers may have observed different trends in the values of certain speech 

parameters as a result of depression. [13][18][19][20].  

Another fundamental problem in different researches is that female and male speech 

samples are handled at the same time. Existing depression speech databases are 

relatively small: they contain speech samples from 30 to 160 speakers [13], thus, if 

female and male speech samples are examined separately, the size of the test 

population is further reduced. However, my own research has shown that the gender 

of the speaker can greatly influence the change in some of the acoustic-phonetic 

characteristics of speech as a result of depression. My new observation is the same as 

the opinion of psychiatrists dealing with depression, according to which depression 

shows different differences between females and males [21]. Thus, using a common 

model for females and males can cause problems in recognizing depression, which is 

definitely a task to be solved. 

3. Research Objectives 

With my research, I want to contribute to a deeper understanding of the effects of 

depression on speech, speech-based detection of depression, and an assessment of the 

severity of depression. My specific goals during the research were: 

1) To investigate the effect of depression on human speech. Selection of acoustic-

phonetic parameters that can characterize the change in the speech product as a result 

of depression. 

2) To investigate, by machine learning method, the accuracy of the detection of 

depressed state and the categorization possibilities of the speakers according to their 

depressed or healthy state automatically, solely on the basis of speech signal 

processing. 

3) To investigate, by machine learning method, the accuracy of the depressed state 

severity prediction of speakers automatically based solely on speech signal 

processing. 

4) To investigate the extent of the language dependency in case of the detection of 

depression. How accurate is it possible to automatically detect and predict the severity 

of depression using a multi-language model based on speech signal processing? 
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5) Development and implementation of a system which is capable of monitoring the 

depressed state of the examined subjects based on speech signal processing. 

4. Databases and methodology 

In this chapter, I introduce the speech databases, tools, and the most important 

methods, which were used in my research. 

4.1. Methods 

First, I made a statistical comparative analysis of the values of acoustic-phonetic 

characteristics obtained from speech of healthy and depressed people. Statistical 

analysis helps to understand the effect of depression on speech parameters, and on the 

other hand, it can be used as a quick feature selection algorithm for machine learning. 

Using machine learning methods, I performed classification and regression tasks to 

investigate the accuracy of automatic detection possibilities of depression and the 

prediction of the severity of depression based on speech signal processing. 

4.1.1. Programs used in my research: 

BME-TMIT-LSA language-independent speech sound based segmenter, based on  

forced alignment: for automatically marking speech  sounds and the borders of speech 

sounds [22]. 

Praat: sound analyzer and annotation program for measuring basic acoustic-phonetic 

characteristics [23]. 

LibSVM: for performing classification and regression tasks based on SVM / SVR 

[24]. 

SPSS_20: statistical analysis software for statistical analysis [25]. 

Rapidminer: data analysis program, for performing classification and regression tasks 

[26]. 

4.1.2. Measurement of the severity of depression 

The Beck Depression Inventory II (BDI-II) scale was used to describe the severity of 

depression [15][27] (BDI scale). The BDI scale ranges from 0 to 63, where 0 indicates 

a completely healthy state and 63 indicates the most severe depressed state. Based on 

the BDI scale, 4 categories are distinguished (Table 1. ). 
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1. Table. Categories of Beck Depression Inventory II 

BDI-value Category 

0-13 non depressed 

14-19 mild depression 

20-28 moderate depression 

29-63 severe depression 

 

4.1.3. Statistical methods 

I used independent two-samples t-test to determine which acoustic-phonetic 

parameters change significantly as the result of the depression. Those parameters were 

selected where the mean value of the examined speech parameters of the depressed 

persons shows a significant difference compared to the speech parameters of healthy 

persons. Before applying the t-test, I examined whether the given sample can be well 

approximated by normal distribution. For this, I used the Kolmogorov-Smirnov test 

with a 99% significance level. Before using the two-sample t-test, I checked that the 

standard deviation of the two samples can be considered the same at 95% significance 

level based on the Levene test, and used the appropriate t-test corresponding to this 

test. 

During my research I investigated with Pearson correlation which values of speech 

parameters correlate significantly with the BDI value which describing the severity of 

depression. 

4.1.4. Applied machine learning methods 

During my research, I adapted two machine learning methods to achieve my research 

goals: support vector machine (SVM) and support vector regression (SVR) [28][29]. 

In addition to the two machine learning methods, I also tried other methods (knn, 

neural networks), but the SVM / SVR methods gave the best results, presumably 

because of the relatively small size of the examined speech databases. 

With the help of the SVM machine learning method I created models suitable for two 

(non-depressed / depressed) and four-grade (non-depressed / mildly depressed / 

moderately depressed / severely depressed) classification tasks. 

In order to predict the severity of depression, I created models suitable for regression 

task using the SVR method. 
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The kernel function and hyperparameters of the SVM and SVR methods were selected 

by grid search. Among the kernel functions, I tested the linear, polynomial (quadratic 

and tertiary) and rbf kernels, while the 2 powers of the values of cost and gamma 

hyperparameters were tested in the range -10 to 10. 

During the classification and regression tasks, the values of the acoustic-phonetic 

features included in the characteristic vector were normalized between -1 and 1 each. 

4.1.5. Acoustic-phonetic parameters investigated during the research 

Based on my previous experiences, the following acoustic-phonetic characteristics 

were investigated in my research (hereinafter referred to as basic features). 

Fundamental frequency (f0), jitter, shimmer, first and second formant frequencies (F1 

and F2) and their bandwidths (B1 and B2), intensity, mel-band energy values, 

articulation rate (AS), relative pause length (RSH) - total pause length relative to total 

length of speech segments, ratio of transient segments (RoT) - length of transient 

segments of speech relative to length of entire speech segment [30]. 

The value of certain acoustic-phonetic characteristics of speech can largely depend on 

where in the speech they are measured. Because of this, I classified the features into 

two types, in the „I. type” I included those parameters that may be highly dependent 

on the measurement location (jitter, shimmer, F1, F2, B1, B2, mel-band energy 

values) and were measured by two different methods, which I will detail below. In the 

„II. type”, I included those features where the two types of location-based 

measurements are not worthwhile (f0, intensity) and those that cannot be measured at 

sound level (AS, RSZH, RoT). 

In case of the „I. type”, I used the following two methods: 

The „method a” is a method that requires segmentation at sound level, where the 

value of the parameters was calculated with a suitable time window in the middle of 

the same sound, for example in the middle of the vowel „E” (SAMPA). Then I derived 

the statistical characteristics from these values. In my research I chose "E" because it 

was the most common vowel in the examined speech samples. 

The „method b”: which requires only a simple preprocessing method where I 

calculate the value of the characteristic at every possible place in 10 ms increments. 

Then I derived the statistical characteristics from these values.  

Both calculation methods have their own advantages and disadvantages. “Method b" 

does not require more sophisticated pre-processing of the speech sample, just a speech 
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/ non-speech and a voiced / non-voiced segmentation of the speech sample that can be 

done automatically and accurately. However, by the nature of the speech, the standard 

deviation of the measured values increases for both healthy and depressed speakers. 

The “method a” may have a lower natural variance in the measured parameter value, 

thus better reflecting the change caused by the depressed state, but automatic and 

accurate speech segmentation may make the measurement of the speech parameters 

more difficult. 

When measuring “II. type” speech parameters, f0 was measured in the voiced parts 

with increments of 10 ms, intensity was measured over the entire speech period with 

10 ms increments, AS and RoT over the entire speech segment, while RSZH was 

measured on the entire recording (excluding the pauses at the beginning and end of 

the speech sample). 

From the values of the measured basic features (except AS, RSZH and RoT, which 

are already descriptive parameters), I made three derived (statistical) characteristics: 

mean, standard deviation, and percentile range (formed after excluding the lower and 

upper 1% of the measured parameter values). For the mel-band energy values, I only 

examined the mean, while for the intensity values, only the standard deviation and 

percentage range were examined. Speech samples were normalized to peak by 

amplitude. I derived a total of 98 derived characteristics from a speech sample (Table 

Table 2.). 
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Table 2. Number of derived acoustic-phonetic features by speech 

 Basic feature 
Two types 

of meas. 
Mean Variance 

Perc. 

range 

Number of 

derived 

features 

I.
 t

y
p

e 

jitter yes yes yes yes 6 

shimmer yes yes yes yes 6 

F1 yes yes yes yes 6 

F2 yes yes yes yes 6 

B1 yes yes yes yes 6 

B2 yes yes yes yes 6 

mel-band 

energy values1 yes yes no no 54 

II
. 

ty
p

e 

f0 no yes yes yes 3 

intensity no no yes yes 2 

RSZH no 

already 

descry. 
parameter 

  1 

AS no 

already 

descry. 

parameter 

  1 

RoT no 

already 

descry. 

parameter 

  1 

 Sum.:     98 
1: 27 mel-bands were calculated from the speech samples 

4.1.6. Feature selection 

The accuracy of both SVM and SVR is affected by the selection of the appropriate 

input feature vector [24], thus, to omit the noisy, irrelevant features. There are many 

typical selection methods [31][32]. In my research, I used the followings:  

Independent two-sample t-test-based feature selection, when features with significant 

differences between depressed and non-depressed speakers were selected.  

Pearson correlation-based feature selection, when I selected those parameters that 

correlated significantly with the severity of depression. The advantage of these two 

methods is that they are easy to implement and independent of the later used machine 

learning method, the disadvantage is that they do not investigate the interaction 

between the features. 
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The third feature vector selection algorithm was Fast Forward Selection (FFS). The 

essence of this selection method is to select relatively quickly a feature vector 

considered optimal by the algorithm, which performs best among the different length 

of other suboptimal feature vectors generated by algorithm in case of classification or 

regression tasks.  

In some cases, I used the feature selection methods together, for example, to speed up 

the FFS procedure, I pre-selected the input basic set using the independent two-

samples t-test or the Pearson correlation test.  

4.1.7. Testing 

Because of the relatively low number of samples in the databases, I used the standard, 

leave-one-out cross validation (LOOCV) method for testing, FFS application and 

hyperparameter optimization. The essence of the procedure is to use each sample 

exactly once as a test set to describe the accuracy of the system, while the rest of the 

samples are used as a training set and thus the results obtained on the test samples 

describe the accuracy of the system over the entire sample set. Of course, during the 

procedure, the intersection between the test set and the training set is always empty. 

In addition, in some cases (in which case I always emphasize this case separately) I 

also used the standard training / testing set splitting to compare my results with other 

researchers. 

4.1.7. Evaluation methods 

To evaluate the classifications, I always give the (normalized) confusion matrix, 

where the number of cases in each cell was given as a percentage according to the 

original category, so the values in the diagonal are the recall values. The main 

advantage of this solution is that, in the case of two-class classification, the diagonal 

displays specificity and sensitivity values, which are one of the most commonly used 

descriptive features in medical practice for the accuracy of a diagnosis. In addition, I 

used accuracy - the number of well classified samples divided by all samples.  

For describing the accuracy of regression tasks, I used three descriptive features that 

are widely used to describe the accuracy of regression procedures: the mean absolute 

error (MAE), the root mean square error (RMSE), and the Pearson correlation 

coefficient of the original BDI-values and the predicted BDI-values. 
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4.2. Speech databases 

I used speech samples from Hungarian, German and Italian depressed speech 

databases for my research. 

The Hungarian speech samples were collected with the Semmelweis University 

Psychiatry and Psychotherapy Clinic. When collecting speech samples, we aimed to 

cover the different degrees of severity of depression, from healthy to severely 

depressed. I will refer to this database as the "Hungarian Depressed Speech Database". 

German Depressed Speech Database, was the part of the Audio-Visual Depressive 

Language Corpus (AViD-Corpus) [16]. I will refer to this database later as the 

"German Depressed Speech Database". 

The Italian depressed speech database was collected in the international Coala project. 

I will refer to this database later as the "Italian Depressed Speech Database". 

In all three databases, announcers had to read a short story ("The North Wind and the 

Sun") in their mother tongue, which is widely used in various speech researches. 

Recordings were recorded in a quiet room at 44.1 kHz sampling rate, 16-bit 

quantization, and clip-on microphone.  

For the recordings of each database, I made the sound level segmentation of each 

record using the automatic segmentation program developed by me (BME-TMIT-

LSA language independent forced alignment sound level speech segmenter). 

In addition, the announcer's BDI value was recorded for each recording. BDI values 

ranged from 0 to 50 in the examined databases. 

Table Table 3. shows the main descriptive characteristics of the speakers in the three 

databases, while Fig. 1. . shows the distribution of the depressed state of the speakers 

in the three databases according to the BDI scale. 
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Table 3. The main descriptive statistics of the three examined databases 

Language 

Number of 

speakers 

(females/males) 

The mean and 

the variance of 

the BDI-values 

of the speakers 

The mean and 

variance values 

of the age of the 

speakers 

Hungarian 127 (79/48) 
14.2 

(±13.5) 

42.2 

(±14.4) 

German 150 (99/51) 
14.9 

(±11.7) 

31.5 

(±12.3) 

Italian 11 (8/3) 
12 

(±5.2) 
not available 

 

 

Fig. 1. The distribution of the BDI values in the three examined database 
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5. New Results 

Thesis Group I.: Statistical analysis of the effects of depression on the acoustic-

phonetic characteristics of speech with the help of the Hungarian Depressed 

Speech Database. 

Thesis I.1.: [B1, C4, C6, C7, J1] I have proved statistically that depression causes a 

significant change in the mean value of certain acoustic-phonetic characteristics of 

speech compared to the healthy mean. At 99% significance level, the derived values 

of the following basic features showed significant differences for both sexes: shimmer, 

F1, F2, B1, B2, mel-band energy values (65-390 Hz and 1330-5190 Hz), intensity. 

I investigated which derived values of the basic features show significant differences 

between the parameter sets obtained from speech of depressed and non-depressed 

speakers. The studies were performed separately and together by gender. Since the 

values of most of the basic features of speech are significantly influenced by the 

gender of the speaker, so in the case of gender combined analysis, the values of the 

parameters were z-normalized on the basis of healthy samples. The mean of each 

derived feature was compared between the two groups with independent two-samples 

t-test. 

Table Table 4. shows „I. type” derived features that showed significant differences 

between the two groups by at least in case of one sex, at least in case of one statistical 

function.  

Table Table 5.  shows „II. type” derived features that showed significant differences 

between the two groups by at least in case of one sex, at least in case of one statistical 

function. 

As a result of the study it can be stated that the derived values of several basic acoustic-

phonetic features showed significant differences between the two groups in the case 

of the „I. type” features. Comparing the calculation methods (“a” and “b methods”), 

it can be stated that the characteristics calculated by the “a method” showed a 

significantly larger difference than the ones calculated by the “b method”. For this 

reason, in my later research, „I. type” features were calculated by „a method”. 
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Table 4. The results of the two samples t-test in case of I. type features 

Feature 
Calculation 

method 

Statistical 

function 

Significance | Direction of change 

Both Females Males 

jitter 

“a” 

Mean ** ↑ ** ↑ - ↑ 

Variance ** ↑ ** ↑ - ↑ 

Perc. range * ↑ - ↑ * ↑ 

“b” 

Mean ** ↑ * ↑ - ↑ 

Variance * ↑ - ↑ - ↑ 

Perc. range - ↑ - ↑ - ↑ 

shimmer 

“a” 

Mean *** ↑ ** ↑ * ↑ 

Variance - ↑ - ↑ - ↑ 

Perc. range - ↑ - ↑ - ↑ 

“b” 

Mean *** ↑ *** ↑ ** ↑ 

Variance - ↑ - ↑ - ↑ 

Perc. range - ↑ - ↑ - ↑ 

F1 

“a” 

Mean *** ↓ *** ↓ *** ↓ 

Variance *** ↑ ** ↑ * ↑ 

Perc. range - ↑ * ↑ - ↑ 

“b” 

Mean ** ↓ - ↓ ** ↓ 

Variance - ↓ - ↓ - ↓ 

Perc. range - ↓ - ↓ - ↓ 

F2 

“a” 

Mean *** ↓ ** ↓ ** ↓ 

Variance - ↑ - ↑ - ↑ 

Perc. range - ↑ - ↑ - ↑ 

“b” 

Mean * ↓ - ↓ - ↓ 

Variance * ↑ - ↑ - ↑ 

Perc. range - ↑ * ↓ - ↑ 

B1 

“a” 

Mean *** ↑ ** ↑ *** ↓ 

Variance *** ↑ *** ↑ *** ↓ 

Perc. range *** ↑ ** ↑ ** ↓ 

“b” 

Mean - ↑ - ↑ - ↓ 

Variance - ↑ - ↑ - ↓ 

Perc. range - ↑ - ↑ - ↓ 

B2 

“a” 

Mean *** ↑ ** ↑ ** ↑ 

Variance * ↑ - ↑ ** ↑ 

Perc. range * ↑ - ↑ *** ↑ 

“b” 

Mean *** ↑ *** ↑ - ↑ 

Variance - ↑ - ↑ - ↑ 

Perc. range - ↑ - ↑ - ↑ 

„low” mel-band 

energy values1 

“a” Mean 
** 

(65-492Hz) 
↑ 

** 

(65-603 Hz) 
↑ 

** 

(65-390 Hz) 
↑ 

“b” Mean 
** 

(65-390 Hz) 
↑ 

** 

(65-390 Hz) 
↑ 

** 

(65-214 Hz) 
↑ 

„high” mel-band 

energy values1 

“a” Mean 
** 

(1330-6330 Hz) 
↓ 

** 

(1330-6330 Hz) 
↓ 

** 

(1330-5187 Hz) 
↓ 

“b” Mean 
** 

(1330-5734 Hz) 
↓ 

** 

(1330-5734 Hz) 
↓ 

** 

(1330-4688 Hz) 
↓ 

1: in „Significance” column in parenthesis I indicate the range of significant  

(p <0.01) difference  

- : not significant; * : p < 0.05; ** : p< 0.01; *** : p<0.001 

Further, from the result of the study it can be stated that higher mean, standard 

deviation, and perc. ranges describe the depression group in case of jitter, shimmer, 

B1, and B2, while lower mean values for depression group in case of F1 and F2. Mel-

band energy values showed higher values in the lower ranges (65-390 Hz), whereas 

the upper ranges (1330-5190 Hz) showed the opposite. 
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Table 5. The results of the two samples t-test in case of II. type features 

Feature 
Statistical 

function 

Significance | Direction of change 

Both Females Males 

f0 

Mean ** ↓ ** ↓ * ↓ 

Variance * ↓ * ↓ * ↓ 

Perc. range * ↓ * ↓ * ↓ 

intensity 
Variance *** ↓ *** ↓ *** ↓ 

Perc. range *** ↓ *** ↓ ** ↓ 

AS - ** ↓ * ↓ ** ↓ 

RSZH - * ↑ * ↑ ** ↑ 

RoT - * ↓ * ↓ * ↓ 

- :not significant; * : p < 0.05; ** : p< 0.01; *** : p<0.001 

The „II. type” features in all cases for both genders showed a significant difference 

between the two groups. The depressed group was characterized by lower articulation 

rates and transient rates and higher relative pauses. In addition, the depression group 

was characterized by a lower mean value, standard deviation, and a smaller percentile 

range of the fundamental frequency and a lower standard deviation value and 

percentile range of the intensity. 

Thesis I.2.: [J1] I have proved statistically that the derived values of some acoustic-

phonetic characteristics of speech in both sexes are significantly correlated with the 

Beck Depression Inventory (BDI) scale, which describes the severity of depression. 

At 99% significance level, the following basic features showed significant correlation 

for both sexes: shimmer, F1, B2, mel-band energy values (65-390Hz; 1518-4688Hz), 

intensity. 

Correlation analysis was carried out between the measured values of the announcers 

on the BDI scale and the derived values of the basic acoustic-phonetic features, where 

I obtained a significant difference between the depressed and the non-depressed 

groups in Thesis I.1. The studies were performed separately and together by gender. 

In the joint study, the acoustic-phonetic features were normalized by sex as described 

in the Thesis I.1. Table Table 6.shows those derived features that showed a significant 

correlation with the BDI-value in at least 95% significant level in at least one sex. 
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Table 6. Pearson correlation coefficients between the examined acoustic-phonetic features and the 

BDI-values 

Feature 
Correlation value | Significance level 

Both Females Males 

jitter mean 0.22 * 0.25 * 0.20 * 

jitter variance 0.22 * 0.26 * 0.19 * 

shimmer mean 0.34 ** 0.3 ** 0.43 ** 

shimmer variance 0.24 ** 0.35 ** 0.2 * 

F1 mean -0.60 ** -0.62 ** -0.62 ** 

F1 variance -0.25 ** -0.29 ** -0.20 - 

F2 mean -0.29 ** -0.27 * -0.36 * 

B1 mean -0.31 ** -0.27 * -0.39 ** 

B1 variance -0.37 ** -0.44 ** -0.36 * 

B1 perc. range -0.33 ** -0.34 ** -0.36 * 

B2 mean 0.32 ** 0.28 ** 0.41 ** 

B2 variance 0.23 ** 0.10 - 0.44 ** 

B2 perc. range 0.25 ** 0.05 - 0.50 ** 

„low” mel-band 

energy values1 

0.54 … 0.38 

(65-390 Hz) 
** 

0.51 … 0.36 

(65-492 Hz) 
** 

0.58 … 0.41 

(65-390 Hz) 
** 

„high” mel-band 

energy values1 

-0.47 … -0.37 

(1330-5735 

Hz) 

** 

-0.43 …-0.37 

(1518-4688 

Hz) 

** 

-0.53…-0.37 

(1518-4688 

Hz) 

** 

f0 mean -0.25 ** -0.32 ** -0.15 - 

f0 perc. range -0.35 ** -0.55 ** -0.23 * 

intensity variance -0.51 ** -0.54 ** -0.46 ** 

intensity perc. range -0.53 ** -0.58 ** -0.44 ** 

AS -0.29 ** -0.22 * -0.54 ** 

RSZH 0.25 ** 0.23 * 0.28 * 

RoT -0.28 ** -0.27 * -0.34 * 
1: in „Correlation value” column within parentheses I indicate the range of significant 

correlation (p <0.01) 

-: not significant; *: p < 0.05; **: p< 0.01; ***: p<0.001 

At the 99% significance level, the B2 mean, shimmer mean, F1 mean, intensity 

variance and perc. range, and mel-band energy values showed significant correlation 

with BDI values for both genders, although the degree of correlation cannot be said 

to be very strong (± 0.37 - ± .60). Comparing the obtained results with the results 

obtained in Thesis I.1., it can be concluded that, although the derived values of several 

basic features change significantly as a result of depression, their linear relationship 

with the severity of depression is not so strong.  
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Thesis Group II.: Investigation the detection possibilities of depression based on 

speech signal processing using support vector machine (SVM) learning method 

with the help of the Hungarian Depressed Speech Database. 

Thesis II.1.: [C4, J1] I have shown that using SVM machine learning method, speech 

samples from depressed and healthy speakers can be distinguished from each other, 

and a four-level classification of depression can be achieved either. I achieved 68% 

accuracy for two-class classification and 52% accuracy for four-class classification, 

with basic acoustic-phonetic features and a common model by gender. 

I created two (non-depressed / depressed) and four-class (non-depressed / mild 

depression / moderate depression / severe depression) classification models using 

SVM machine learning method. 

All the basic acoustic-phonetic features were used in the feature vector and a common 

model was created for females and males. Because the values of some of the speech 

characteristics of females and males may be very different, the values of these 

characteristics were gender-normalized, as described in Thesis I.1. 

The confusion matrices generated by testing the models are shown in Table 7. for the 

two-class classification model and in Table 8 for the four-class classification model. 

Table 7. Confusion matrix of two-class classification, with a common gender model, based on basic 

acoustic-phonetic features 

 
Classified category 

Non-depressed Depressed 

O
ri

g
in

a
l 

c
a

te
g

o
ry

 

Non-depressed 65% 35% 

Depressed 27% 73% 

 

I achieved an accuracy of 68% (Table Table 7) in case of two-class classification using 

a common gender model using all the basic acoustic-phonetic features. 
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Table 8. Confusion matrix of four-class classification, with a common gender model, based on basic 

acoustic-phonetic features 

 Classified category 

Non-

depressed 

Mild 

depression 

Moderate 

Depression 

Severe 

Depression 

O
ri

g
in

a
l 

c
a

te
g

o
ry

 

Non-

depressed 
64% 28% 7% 1% 

Mild 

depression 
29% 21% 21% 29% 

Moderate 

depression 
14% 15% 43% 28% 

Severe 

depression 
11% 4% 45% 40% 

 

I achieved an accuracy of 52% (Table Table 8) in case of four-class classification 

using a common gender model using all the basic acoustic-phonetic features. 

I refer to these results (Table Table 7 and Table Table 8) in my later research as 

"baseline results". 

Thesis II.2.: [J1] I have shown that using statistical based feature selection method, 

up to 13% relative error reduction can be achieved for the two-class classification 

and up to 10% relative error reduction for the four-class classification compared to 

the baseline results obtained with the Hungarian Depressed Speech Database with 

the basic features. 

The model presented in Thesis II.1. was modified by using only those acoustic-

phonetic features, which showed significant difference for both sexes at 95% 

significance level. It is important to note that the choice of 95% significance level was 

arbitrary, but the results clearly show that it is a good starting point for future 

optimization. 

The confusion matrices generated by testing the models are shown in Table Table 9. 

for the two-class classification model and in Table Table 10 for the four-class 

classification model. 
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Table 9. Confusion matrix of two-class classification, with a common gender model, based on 

selected acoustic-phonetic features 

 Classified category 

Non-depressed  Depressed 

O
ri

g
in

a
l 

c
a

te
g

o
ry

 

Non-depressed 72% 28% 

Depressed 29% 71% 

 

I achieved an accuracy of 72% (Table Table 9.) in case of two-class classification 

using a common gender model using selected acoustic-phonetic features. I achieved a 

13% relative decrease in the number of misclassified persons compared to the 

"baseline results" (Table Table 7and Table Table 9.). 

Table 10. Confusion matrix of four-class classification, with a common gender model, based on 

selected acoustic-phonetic features 

 Classified category 

Non-

depressed 

Mild 

depression 

Moderate 

Depression 

Severe 

Depression 

O
ri

g
in

a
l 

c
a

te
g

o
ry

 

Non-

depressed 
72% 21% 7% 0% 

Mild 

depression 
36% 36% 21% 7% 

Moderate 

depression 
24% 19% 36% 21% 

Severe 

depression 
18% 22% 19% 41% 

 

I achieved an accuracy of 57% (Table Table 10) in case of four-class classification 

using a common gender model and using selected acoustic-phonetic features. I 
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achieved a 10% relative decrease in the number of misclassified persons compared to 

the "baseline results" (Table Table 8 and Table Table 10). 

Based on the testing of the models it can be stated that the statistical feature selection 

method can significantly improve the classification accuracy. 

Thesis II.3.:[J1] I have shown that the use of gender-specific models optimized by 

statistical feature selection method significantly improves the classification accuracy 

of depression. With the optimized model, I achieved a 56% relative decrease in the 

number of misclassified persons in the two-class classification and 35% relative 

reduction in the number of misclassified persons in the four-class classification 

compared to the baseline results obtained with the Hungarian Depressed Speech 

Database with the basic features. 

The models presented in Thesis II.2. were modified by generating gender specific 

feature vectors based on the results of the statistical study presented in Thesis I.1. 

The confusion matrices generated by testing the models are shown in Table Table 

11for the two-class classification model and in Table Table 12. for the four-class 

classification model. 

Table 11. Confusion matrix of two-class classification, with a gender specific model, based on 

selected acoustic-phonetic features 

 Classified category 

Non-depressed  Non-depressed  

O
ri

g
in

a
l 

c
a

te
g

o
ry

 

Non-depressed 

 

88% 

(females:84%, males: 

93%) 

 

12% 

(females: 16%, males: 

7%) 

Depressed 

 

16% 

(females: 20%, males: 

10%) 

 

84% 

(females: 80%, males: 

90%) 

 

I achieved an accuracy of 86% (Table Table 11) in case of two-class classification 

using a gender-specific model using selected acoustic-phonetic features. The accuracy 

was 92% for males and 82% for females. I achieved a 56% relative decrease in the 

number of misclassified persons compared to the "baseline results" (Table Table 7 and 

Table Table 11). 
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Table 12. Confusion matrix of four-class classification, with a gender specific model, based on 

selected acoustic-phonetic features 

 Classified category 

Non-

depressed 

Non-

depressed 

Non-

depressed 

Non-

depressed 

O
ri

g
in

a
l 

c
a

te
g

o
ry

 

Non-

depressed 

 

87% 

(females: 

89%, males: 

85%) 

 

10% 

(females:10

%, males: 

10%) 

 

3% 

(females:2%, 

males: 4%) 

0% 

Mild 

depression 

 

33% 

(females: 

30%, males: 

40%) 

 

40% 

(females: 

40%, males 

40%) 

 

27% 

(females: 

30%, males 

20%) 

0% 

Moderate 

depression 

 

7% 

(females11%

, males 0%) 

 

20% 

(females:11

%, males 

33%) 

 

53% 

(females:55

%, males 

50%) 

 

20% 

(females:22

%, males: 

17%) 

Severe 

depression 

 

8% 

(females:6%, 

males 11%) 

 

12% 

(females13%

, males 11%) 

 

36% 

(females:50

%, males: 

11%) 

 

44% 

(females:31

%, males: 

67%) 

 

I achieved an accuracy of 69% (Table Table 12. ) in case of four-class classification 

using a gender-specific model using selected acoustic-phonetic features. The accuracy 

was 74% for males and 66% for females. I achieved a 35% relative decrease in the 

number of misclassified persons compared to the "baseline results" (Table Table 8 

and Table Table 12. ). 

Based on the results, it can be stated that the use of a gender-specific models increases 

the classification accuracy significantly.  

  



22 

 

Thesis Group III.: Investigation of the prediction possibilities of depression 

severity based on different speech signal processing, using support vector 

regression (SVR) machine learning method, using the Hungarian Depressed 

Speech Database. 

Thesis III.1.: [C5] I have shown that the severity of the depressed state of a speaker 

can be predicted by simple acoustic-phonetic features (without requiring sound level 

segmentation of speech) using SVR machine learning method. Optimized gender 

specific models were created by statistical feature selection. The obtained root mean 

square error (RMSE) was 8.4, while the mean absolute error was 6.7 (MAE). 

Using SVR machine learning method, I created a regression model separately for 

female and male speakers, which predicts the severity of depression on the BDI scale 

based on speech signal processing.  

In the design of the feature vector, I used only those basic features that showed 

significant correlation with the BDI, separately for female or male speakers, and their 

value can be calculated without sound level segmentation, thus the values of the 

features were calculated using the “b method”. From this set of features I selected the 

final feature vector using the FFS feature selection algorithm. 

The descriptive characteristics of the testing the models are shown in Table 13. and 

Fig. Fig 2. shows the original and predicted BDI scores for each speaker.  

Table 13. Predicting depression severity without using sound level segmentation 

 Both Females Males 

MAE 6.8 7.1 6.2 

RMSE 8.4 8.7 7.8 

Pearson correlation 0.79 0.73 0.79 
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Fig 2.. The predicted and the original BDI scores of each speakers without sound level 

segmentation. 

Thesis III.2.: [C5] Using sound level segmentation for feature extraction improves 

prediction accuracy. I achieved a 25% relative reduction in the RMSE error value 

and a 25% relative decrease in the MAE error value compared to the result obtained 

with simple preprocessing (without sound level segmentation). 

The regression method presented in Thesis III.1. was modified by calculating the „I. 

type” acoustic-phonetic features using the „method a”. In other words, I used the 

output of the automatic sound level segmenter to calculate the values of the features. 

Table Table 14. shows the descriptive characteristics of the testing of the models and 

Fig. 3. shows the original and predicted BDI scores for each speaker.  
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Table 14. Error in predicting depression severity using sound level segmentation 

 Both Females Males 

MAE 5.1 5.7 4.1 

RMSE 6.3 7.0 5.0 

Pearson correlation 0.89 0.87 0.92 

 

 

Fig. 3. The predicted and the original BDI scores of each speakers using sound level 

segmentation. 

Compared to the results presented in Thesis III.1., I achieved 25% relative reduction 

in case of MAE, 25% relative reduction in case of RMSE, and 13% relative 

improvement in case of the Pearson correlation coefficient using a more accurate 

preprocessing procedure (sound level segmentation).  
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Thesis Group IV.: Investigation of language dependency of acoustic-phonetic 

features reflecting depression in different depression speech databases  

Thesis IV. 1.: [B1, C3, J1] I have shown statistically that a subset of features can be 

selected from the examined acoustic-phonetic features that is significantly correlated 

with the severity of depression of the speakers in both Hungarian and German. The 

following characteristics showed significant correlation at 95% significance level for 

both genders: f0, jitter, shimmer, B2, intensity, AS, RSZH, RoT. 

I performed correlation analysis between the measured values of the speakers on the 

BDI scale and the values of the basic acoustic-phonetic features obtained from their 

speech. I performed the Pearson correlation analysis on the Hungarian Depressed 

Speech Database and the German Depressed Speech Database and the union of these 

two databases separately by gender. The basic features that showed a significant 

correlation with at least 95% significance level with BDI score for all three examined 

databases are shown in Table Table 15.  

Table 15. The correlation analysis between the examined acoustic-phonetic features and the BDI 

scores in case of German and Hungarian speakers 

 

Correlation coefficient | Significance level 

German Hungarian German + Hungarian 

Females Males Females Males Females Males 

B2 mean 0.19 * 0.39 * 0.28 ** 0.41 ** 0.32 ** 0.41 ** 

B2 variance 0.12 - 0.24 * 0.10 - 0.44 ** 0.13 - 0.35 ** 

jitter mean 0.19 * 0.18 * 0.25 * 0.2 * 0.20 * 0.20 * 

jitter variance 0.17 * 0.38 * 0.26 * 0.19 * 0.17 * 0.22 * 

shimmer mean 0.24 * 0.19 * 0.3 ** 0.43 ** 0.25 ** 0.22 ** 

shimmer 

variance 
0.21 * 0.19 * 0.35 ** 0.2 * 0.22 ** 0.19 * 

AS 
-

0.64 
** 

-

0.23 
* 

-

0.22 
* 

-

0.54 
** 

-

0.28 
* 

-

0.41 
** 

f0 perc. range 
-

0.38 
* 

-

0.45 
** 

-

0.55 
** 

-

0.23 
* 

-

0.49 
** 

-

0.32 
** 

intensity 

variance 

-

0.23 
* 

-

0.32 
* 

-

0.54 
** 

-

0.46 
** 

-

0.26 
* 

-

0.27 
** 

RSZH 0.34 ** 0.21 * 0.23 * 0.28 * 0.19 * 0.26 * 

RoT 
-

0.17 
* 

-

0.32 
* 

-

0.27 
* 

-

0.34 
* 

-

0.20 
* 

-

0.21 
* 

- : not significant; * : p < 0.05; ** : p< 0.01; *** : p<0.001 
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The following basic acoustic-phonetic features showed significant correlation with 

BDI score (Table 11.): B2, shimmer, jitter, articulation rate (AS), fundamental 

frequency (f0), intensity, relative pause length (RSZH), RoT. 

Based on the study it can be stated that the effect of the depressed state is similar in 

the above acoustic-phonetic features (Table Table 15. ) for the two languages (German 

and Hungarian). 

Thesis IV.2.: [B1, C1, C2, C3, J1, J2] I have shown that it is possible to create an 

SVR-based regression model using an appropriate feature selection algorithm which 

is suitable for the prediction of the depressive state of  those speakers who have native 

language other than the language of the training speech samples (languages tested: 

Hungarian, German, Italian).  

Using SVR machine learning method, I created multiple regression models separately 

for female and male speakers to examine the accuracy of the cross language prediction 

of depression. During my research I used two testing methods, in one case I divided 

the currently examined database(s) into training and testing sets (normal), in the other 

case I used the previously used leave-one-out cross validation evaluation (LOOCV). 

The results of testing the implemented models are shown in Table Table 16 

I created three initial models, where all the basic acoustic-phonetic features were used 

in the construction of the model without the feature selection method (rows 1-3 of 

Table Table 16) described in Thesis IV.1. The model evaluation was carried out by 

LOOCV and I created monolingual Hungarian and German and multilingual 

Hungarian + German models. The results obtained with these three models were used 

as baseline results to evaluate the results of my later models. 

In case of baseline results, the system was only able to predict the severity of 

depression with a significant error, and as expected, the combined Hungarian and 

German models (Table  Table 16, line 3) yielded the highest error values.  
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Table 16. Regression results of monolingual and multilingual models with different training and 

testing datasets 

Procedure name 
Feature 

selection 

Training 

dataset 

Testing 

dataset 
RMSE MAE 

1. Initial_German no 
German 

Database 
LOOCV 

14.6 

females: 12.6 

males: 17.7 

11.6 

females: 10.0 

males: 14.6 

2. Initial_Hungarian no 
Hungarian 

Database 
LOOCV 

12.4 

females: 12.7 

males: 12.0 

9.8 

females: 10.1 

males: 9.3 

3. Initial_Hungarian+German no 

Hungarian+ 

German 

Database 

LOOCV 

19.7 

females: 22.6 

males: 13.1 

15.1 

females: 17.9 

males: 10.3 

4. German_Normal yes 

German 

Database 

Training set 

German 

Database 

Testing set 

9.0 

females: 9.0 

males: 8.9 

7.5 

females: 7.9 

males: 7.0 

5. Hungarian_LOOCV yes 
Hungarian 

Database 
LOOCV 

8.1 

females: 7.8 

males: 8.7 

6.3 

females: 6.1 

males: 6.8 

6. German_LOOCV yes 
German 

Database 
LOOCV 

8.6 

females: 8.9 

males: 7.9 

7.0 

females: 7.2 

males: 7.0 

7. 

Hungarian+German_LOOCV 
yes 

Hungarian+ 

German 

Database 

LOOCV 

8.6 

females: 8.5 

males: 8.7 

7.1 

females: 7.1 

males: 7.0 

Hungarian+ 

German 

Database 

Hungarian 

Database 

8.3 

females:7.9 

males: 8.9 

6.7 

females: 6.4 

males: 7.2 

Hungarian+ 

German 

Database 

German 

Database 

8.9 

females: 9.0 

males: 8.0 

7.3 

females: 7.5 

males: 7.1 

8. Hungarian_German_Normal yes 
Hungarian 

Database 

German 

Database 

9.5 

females: 9.5 

males: 9.7 

7.5 

females: 7.6 

males: 7.2 

9. German_Hungarian_Normal yes 
German 

Database 

Hungarian 

Database 

9.8 

females: 9.8 

males: 10.0 

7.7 

females: 7.4 

males: 8.3 

10. 

Hungarian+German_Italian_ 

Normal 

yes 

Hungarian+ 

German 

Database 

Italian 

Database 

5.1 

females: 4.4 

males: 6.6 

4.2 

females: 3.7 

males: 5.7 

 

During the construction of the further models, I used only those acoustic-phonetic 

features that showed a significant correlation with the severity of depression at the 

95% significance level in case of the Hungarian Depressed Speech Database, the 

German Depressed Speech Database and the united Hungarian and German databases, 

and I created gender specific models. After using the feature selection method, the 

results improved significantly.  
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The German Depressed Speech Database was used in the AVEC 2013 challenge, 

where the database was split into training and testing datasets. I applied the same 

splitting on the database (Table Table 16 row 4) so I was able to compare my acoustic-

phonetic feature calculation and multilingual feature selection method with other 

researchers' language-specific method. Comparing my results (RMSE: 9.0; MAE: 7.5) 

with the baseline results of the AVEC 2013 challenge (RMSE: 14.1; MAE: 10.4) [16], 

there is a significant improvement in the prediction of the severity of depression. The 

result I have achieved is only slightly worse than the language-specific result of the 

winner of the challenge (RMSE 8.7; MAE: 7.1) [17]. 

I created and tested additional monolingual and multilingual models to investigate the 

effect of my multilingual feature selection method on the prediction of depression 

(Table Table 16, rows 5-7). Comparing the results with my baseline results, the most 

significant improvement can be observed in the Hungarian + German multilingual 

model, where I achieved a 57% relative decrease in RMSE, so it can be stated that my 

statistical feature selection method achieves significant improvement in the 

multilingual models. 

I have also examined the accuracy of my multilingual method when other native 

speakers are included in the training and testing sets (Table Table 16, rows 8-10). The 

achieved results are only slightly worse than training with samples from both 

languages (Table Table 16 rows 5-7). 

When I trained the model with the unified Hungarian + German database and tested 

it on the Italian database, I got very good results, but it is important to note that the 

Italian database has a low number of speech samples and its BDI distribution is 

significantly different from the other two databases (only speech samples of non-

depressed and mildly depressed speakers are included in the database). 
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6. Application of New Results 

I participated in the Coala project of the European Space Agency (ESA). The purpose 

of the project was to monitor the psychological state of researchers overwintering at 

Concordia Research Station, in particular to alert the development of a depressed state. 

I developed and implemented a system, which is able to predict the depressed state of 

a speaker based on speech signal processing. The implemented system can be used in 

French, Hungarian, German and Italian languages with a multilingual model. 

With the help of the implemented system I monitored the depression status of the 

people working at the Concordia Research Station. French and Italian researchers at 

the station recorded a short tale ("The North Wind and the Sun") in their mother 

tongue about every two weeks. Recordings were made in 2013, 2014 and 2016. Each 

year, 10-12 researchers volunteered to participate in the experiment. 

My task was to analyze the speech samples and to estimate the depressed state of the 

speakers. Since I did not have an adequate database of depression in French and Italian 

at the time of the research, it was important that the designed system should be able 

to predict the depression in more languages. The flowchart of the completed system 

is shown in Fig 4. 

 

Fig. 4. Flow chart for depression status prediction system 

The system receives the speech sample, the speaker's gender and mother tongue as 

input, and outputs the speaker's predicted depression severity according to the BDI 

scale. The Normalizing unit normalizes the speech sample to its amplitude. The 

Segmenter unit performs a sound level segmentation of the speech sample on the basis 

of the normalized speech sample and the text corresponding to the speaker's mother 

tongue. Based on the segmentation, the Acoustic Preprocessing unit calculates the 

appropriate acoustic-phonetic features. The Feature Vector Generator unit transforms 

the calculated features based on the speaker's gender (since the feature values have 
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been normalized between -1 and 1 during the model training) and produces the feature 

vector corresponding to the model. The Predicting unit performs a prediction of 

depression on the basis of the generated feature vector on the BDI scale, which is the 

final output of the system.  

The model training was done using the method described in Thesis IV.2., based on 

the speech samples of the Hungarian and German Depressed Speech Databases, with 

the modification that after applying the statistical feature selection algorithm, FFS 

algorithm was used to increase the prediction accuracy (RMSE: 8.4; MAE 6.7). 

The final system was tested on 12 healthy individuals with different mother tongues 

(3 French, Hungarian, German and Italian). During testing, I got an error of 9.1 for 

RMSE and 7.3 for MAE. 

The final system is not only capable of assessing the psychological status of 

researchers at Concordia Research Station, but is generally designed to provide a 

multilingual diagnostic support tool for predicting the severity of depression that alerts 

non-invasively to the presence of depression by reading a tale.  
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8. Abbreviations, notations 

AS articulation rate 

B1 bandwidth of first formant frequency 

B2 bandwidth of second formant frequency 
BDI Beck Depression Inventory 

DSM The Diagnostic and Statistical Manual of Mental Disorders 

f0 fundamental frequency 
F1 first formant frequency 

F2 second formant frequency 

FFS fast forward selection 
HAM-D Hamilton Depression Rating Scale 

LOOCV leave-one-out cross validation 

MAE mean absolute error 
RMSE root mean square error 

RoT ratio of transients 

RSZH relative pause length 
SAMPA Speech Assessment Methods Phonetic Alphabet 

SVM support vector machine 

SVR support vector regression 
WHO World Health Organization 
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