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Abstract: The development of an online monitoring system is shown in order to
track the physiological and cognitive condition of crew members of the Concordia
Research Station in Antarctica, with specific regard to depression. Follow-up studies
were carried out on recorded speech material in such a way that segmental and supra-
segmental speech parameters were measured for individual researchers weekly, and the
changes in these parameters were detected over time. Typical acoustic-phonetic
parameters were selected on the base of statistical analyses. On the base of the selected
parameters, a function was developed which indicates the likelihood of depression at the
examined person.
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1. Introduction

Speech reflects the physiological and cognitive condition of humans:
therefore, there are changes in the acoustic phonetic parameters of speech when
the condition of humans changes. For example, in case of vocal disorders, the
acoustical parameters of disordered speech are significantly different from
normal speech [1], [2], [3].

Psychology says experience of failure can cause depression, which has
emotional, cognitive, physical and motivational symptoms; thus these
symptoms may also be observed in speech. Depression is a major public health
challenge, its prevalence is high and it has a major impact on sufferers [4].
Effective treatment is available, but depression care is facing barriers at several
levels, such as under-recognition, stigmatization, inadequate treatment and
mistreatment.
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Because speech reflects the physiological and cognitive condition of humans,
doctors can diagnose depression not only from patients’ speech content but also
from their speech quality. They often characterize depressed speech as faded,
slow, monotonous, lifeless and metallic. We can link these properties with
acoustic characteristics such as fundamental frequency, amplitude modulation,
formant structure, energy distribution, etc.

Numerous studies have identified acoustic features that can be linked to
depression. In some of the studies the differences between the speech of healthy
and depressed people is measured; others perform follow-up monitoring to
gather features with high classification performance. Prosodic parameters like
rhythm, intonation, accent and timing are sensitive to changes in mood states
and emotions [5], [6], [7], [8]. A lot of the research that has been done over the
last few years deals with the relationship between depression and different
acoustic phonetic parameters [9], [10], [11], [12]. One early study identified
fundamental frequency as one of the most important acoustic features of
depressed speech [13]. Nowadays many parameters are investigated at different
levels of speech production: fundamental frequency, variation of fundamental
frequencies, formants, power spectral density [14], cepstrum [15] or MFC
coefficients [16], speech rate [17], glottal features [18], amplitude modulation
and other different prosodic parameters [19].

The data suggest that depressed patients take more time to express
themselves. They speak with greater hesitation, but they do not vocalize more.
In this way they are producing more cumulative and variable pauses.
Consequently, voice acoustic measures are examined that reflect depression
severity such as the percentage of pause time, vocalization or pause ratio, and
speaking rates. Pitch variability and first and second formants correlate
significantly with overall depression severity.

Our goal is to develop a monitoring system with specific regard to Seasonal
Affective Disorder (SAD) type of a depression. The monitoring system’s aim is
to track the physiological and cognitive condition of crew members of the
Concordia Research Station in Antarctica. For the segmentation we used an
automatic language-independent program, developed earlier, to segment the
records in phoneme level for measurement [20].

For this research we have developed four types of databases: Seasonal
Affective Disorder Speech Database and Healthy Reference Speech database
are used for the examination of the sensitivity of acoustic-phonetic parameters
of speech regarding depression and Concordia Speech Database 2013 and
Concordia Speech Database 2014 are used for the physiological and cognitive
status monitoring of the crew members in the Concordia research station; and
the Healthy Follow-Up Speech Database is used for the physiological and
cognitive status monitoring of healthy Hungarian speakers.
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The paper is structured as follows. The descriptions of the databases used are
presented in Section 2, detailed descriptions of evaluation methods in Sections 3
and 4, followed by results and conclusions in Sections 5 and 6.

2. Databases

In this part we give short descriptions of the databases that we developed and
used in our research.

A.Seasonal Affective Disorder Speech Database

The database contains 55 sufferers: 35 female and 20 male. A psychiatrist
from the Neurology Department of Semmelweis University, Hungary assisted
in the selection of the patients. The database consists of two parts: the first part
is a collection of spontaneous speech obtained from the discussion between the
patient and the doctor; in the second part patients read a standard phonetically
balanced short folk tale (about 6 sentences altogether) called “The North Wind
and the Sun”, frequently used in phoniatry practice for all European languages.
The recordings were recorded with clip-on microphones (Audio-Technica
ATR3350), an external USB sound card, at 44,100 Hz at a 16 kHz sampling
rate, quantized at 16 bits.

In order to measure depression severity, Beck Depression Inventory (BDI)
was used [21]. The BDI indices are within the range of 14 to 43. The mean age
of subjects was 31,5 years, with a standard deviation of 12,3 years and a range
of 18 to 63 years. For each patient we noted additional information about
smoking habits, illnesses and prescribed medication.

B. Healthy Reference Speech Database

For the Healthy Reference Speech Database72 healthy speakers (28 male
and 44 female) were asked to read the same tale, “The North Wind and the
Sun”. The recording conditions were the same as in the Seasonal Affective
Disorder Speech Database, using clip-on microphones (Audio-Technical
ATR3350) at a sampling rate of 44,100 Hz, quantized at 16 bits; the reference
database recordings were also annotated and segmented on phoneme level,
using the SAMPA phonetic alphabet. The BDI indices are within the range of 0
to 13. The mean age of subjects was 28,7 years, with a standard deviation of
10,4 years and a range of 18 to 52 years.
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C. Concordia Speech Database 2013 and 2014

We are participating in an international ESA project, AO-11-Concordia,
entitled Psychological Status Monitoring by Computerized Analysis of
Language Phenomena (COALA). The records for this database were collected
from crew members using their mother tongue. The records were made in a
weekly period during their stay at the Concordia Station. Baseline recordings
were made from the same crew members in normal circumstances in Europe
before their departure for Antarctica. This way we had the opportunity to
monitor the impact of hypoxia on speech and occasional occurrence of SAD
symptoms.

The database consists of two parts: the first part is a collection of
spontaneous speech obtained from the recorded diaries; in the second part the
participants read the same phonetically balanced short folk tale (as described
above) in their mother tongue.

The experiment was planned to be carried out in two seasons: 2013 and
2014. The crew members were native French, Italian or Greek a total of 20
people. In both seasons the doctor (always a member of the crew) was a native
Greek speaking in English. The recordings were made with clip-on
microphones (Audio-Technica ATR3350) at a sampling rate of 44,100 Hz,
using 16 bits.

D. Healthy Follow-Up Speech Database

In this database we gathered the recordings of healthy people in everyday
conditions. In our everyday lives there are many factors that can affect our
speech (mood, fatigue, stress); thus the effect of these factors on speech is an
important consideration. The creation of the database was necessary in order to
have a good reference point for our studies to be able to compare the results, in
this case when monitoring depression.

The database contains recordings of 10 participants: 5 female and 5 male.
The male age distribution is between 21 and 29, and the female age distribution
is between 26 and 57. The participants read the same phonetically balanced
short folk tale as in the previous two databases, in Hungarian. The recordings
were collected over three months at weekly intervals, gathering a total of 156
recordings from 9 people. For each person we noted additional information
about smoking habits, illnesses and prescribed medication, and before the first
recording we checked the participants’ BDI score. As expected, all participants
had low BDI scores: their distribution was between 0 and 8.

The recordings were made with the same equipment as in the previous two
databases, using clip-on microphones (Audio-Technica ATR3350), with
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external USB sound card, at 44,100 Hz at a 16 kHz sampling rate, quantized at
16 bits.

E. Segmentation and Labelling

All the databases’ recordings need to be segmented into phoneme level in
order to measure the acoustic-phonetic parameters. For this reason we used an
automatic language-independent segmentation program, developed earlier in
our laboratory. For each recording, manual correction was done.

3. Analysis of the acoustic-phonetic parameters

Our final goal is to monitor the speech of the crew members at the
Concordia Station, and indicate if any of the crew members show any sign of
depression which could lead to a serious level of depression. Speech, as an
acoustic product, is very diverse. We can distinguish between inter-individual
differences, that is, variety in speech among different people, and intra-
individual differences, i.e., variety in the speech of one person. This variety can
arise for many reasons, primarily the physical condition of the speaker (for
example flu’, alcohol condition, emotional state, stress, sleepiness, etc.), but it
has some natural variety too, as speech is a non-deterministic process. This is
the reason that our work includes the examination of the relationship between
the acoustic-phonetic parameters and other biological and psychological data of
the crew members measured at the station, such as long term medical survey
data (LTMS) and oxygen saturation data.

In spite of the considerable variety in speech parameters, we would like to
identify specific changes which indicate depression. This task is not obvious.
We can eliminate the variety between speakers by monitoring only the changes
of the acoustic parameters for each person over time.

In order to distinguish the changes in acoustic parameters caused by
depression from the natural intra-individual variety we investigated the changes
in acoustic parameters in speech of nine healthy people in normal
circumstances. For this investigation the Healthy Follow-Up Speech Database
was used.

A. Selection of acoustic-phonetic parameters

Having previously carried out a study to decide what kind of acoustic
parameters can indicate depression [22], the variation in these acoustic
parameters was examined over time: variance of intensity (VI), fundamental
frequency (F0), variance of fundamental frequency (VFO0), first formant (F1),
variance of first formant (VF1), second formant (F2), variance of second
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formant (VF2), jitter (J), shimmer (S), articulation rate (AR), speech rate (SR),
and total length of pauses (TLoP). We added one further acoustic parameter
which showed significant difference between healthy speech and depressed
speech: the rate of transient (Rot) [23].

B. Pre-processing and segmentation

The recorded speech was automatically segmented into phoneme units with
an automatic segmentation program, developed in our laboratory [23].

The acoustic-phonetic parameters were examined in two groups according to
their segmental and supra-segmental (prosodic) features.

The segmental features were measured at the middle of the same vowel, in
our case the vowel was “E”. The following segmental features were measured
as previously mentioned: FO of ‘E’ vowels, F1 and F2 of ‘E’ vowels (F1, F2),
VF1 and VF2 of ‘E’ vowels, jitter of the ‘E’ vowels, and shimmer of the ‘E’
vowels. For the measurement of formants, fundamental frequency and the
spectral values, a Hamming window was used with 25 ms frame size; these
features were always evaluated from the middle of each vowel ‘E’.

The supra-segmental (prosodic) features were measured by the total length
of each recording. The following features were measured: VI as volume
dynamics of speech (range of intensity), VFO as fundamental frequency
dynamics of speech (range of fundamental frequency), ratio of total length of
pauses and the total length of the recording, articulation and speech rate and rate
of transient (Rot).

C. Variation of the selected acoustic-phonetic parameters in case of healthy
speech

The selected acoustic parameters were evaluated for each record for each
person. The difference from the mean value for each parameter was calculated.
An example is presented in Fig. 1. Interpolation was applied between the
measuring points.
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Figure 1: An example for the delta FO changing in time for nine healthy males.
Day 0 is the beginning of the examination

Maximum difference, from the mean value of the selected parameters, was
calculated for each person for each parameter, and presented in Table 1.

Table 1: Absolute difference of the intra-individual variety in case of healthy speech

Average | Maximum | Minimum
of the Absolute Difference of the Personal Variety
Female Male Female Male Female | Male
VI [dB] 0.58 0.55 1.39 1.27 0.18 0.15
FO [Hz] 9 5 12 10 6 3
VFO [Hz] 8 7 14 14 2.5 2
F1 [Hz] 23 24 34 36 11 10
VF1 [Hz] 11 10 21 19 5 5
F2 [Hz] 38 36 57 53 22 23
VF2 [Hz] 28 24 53 49 14 14
J [%] 0.6 0.5 1.1 1.0 0.2 0.2
S [%] 1.5 1.3 2.7 2.6 0.4 0.4
AR [phon. /5] 0.8 0.7 1.5 15 0.4 0.3
SR [unit / s] 0.9 0.9 1.4 1.5 0.4 0.4
TLoP [s] 2.6 2.8 35 4.1 1.5 1.6
RoT [%] 3.4 3.8 4.7 5.1 2.2 2.3
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D. Statistical difference of the acoustical phonetic parameters between healthy
speech and depressed speech

For our study we examined depressed speech, and selected a group of speech
parameters which differ significantly in depressed speech when compared to
normal speech [22]. We examined the weight of these parameters in the
discrimination of healthy and depressed speech. Principal component analysis
was carried out using Matlab on both the Seasonal Affective Disorder Speech
Database and the Healthy Reference Speech Database.

Principal component analysis is an established tool for multivariate data
analysis. Its goal is to predict which parameters address the greatest weight in
the description of the information content of the data set.

During the individual examination of the components we did not find
characteristic patterns. This indicates that we did not use features that are
irrelevant in terms of depression; indeed, all the parameters are useful indicators
of depression.

We investigated differences in the mean values of the selected parameters
between the healthy and the depressed speech, especially in view of the intra-
individual variation in the normal case. The results are presented in Table 2.

Table 2: The differences in the mean values of the changes of the acoustic phonetic
parameters between healthy and depressed speech, compared to the normal intra-
individual variation in case of healthy speech

Mean difference between The average variation of the
healthy and depressed speech parameter
Female Male Female Male
VI [dB] -0.55 -0.1 +/- 0.58 +/-0.55
FO [Hz] -21 -6.6 +/-9 +/-5
VFO [Hz] -4 -2.5 +/-8 +/-7
F1 [Hz] -18 -28.2 +/- 23 +/-24
VF1 [Hz] +2.8 +6.3 +/-11 +/-10
F2 [Hz] +35 +42.1 +/- 38 +/-36
VF2 [HZ] +11 +21.2 +/- 28 +/-24
J [%] +0.3 +0.3 +/-0.6 +/-0.5
S [%] +1.5 +1.5 +/-15 +/-1.3
AR [phon. / s] -0.3 -1.7 +/-0.8 +/-0.7
SR [unit/ s] -0.13 -1.6 +/-0.9 +/-0.9
TLoOP [s] +1.1 +3.7 +/-2.6 +/-2.8
RoT [%] -1.5 -5.25 +/-3.4 +/-3.8
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As can be seen from the Table 2, the differences in the mean values of the
acoustic phonetic parameters between the healthy and the depressed speech are
almost as big as the variation of these parameters in normal, healthy speech.
This can cause many problems in processing and separation. However, it does
not mean that we are not able to distinguish between healthy speech and
depressed speech, rather that the task is hard, because only the likelihood of
depression can be predicted on the basis of the parameters.

4. Depression status monitoring of the crew members at Concordia

We built an online monitoring system that follows the acoustic-phonetic
parameters of a subject’s speech over time and compares the collected data with
the mean value. The system is designed to create an alert if one of the subjects
suffers depression. An automatic (semi-automatic) online alerting system was
built which records speech at a given time rate and creates alerts to the
appearance of depression. The flow chart of the online alerting system is shown
in Fig. 2.
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Figure 2: The online alerting system flowchart

The system has three main parts: Preprocessing and Segmentation unit, the
unit that measures the acoustic parameters (Measuring Parameters), and the
Alert unit. Preprocessing and Segmentation and Measuring the parameters were
described in paragraph 3.2. For the alert unit we developed a method which can
predict the likelihood of depression based on the acoustic phonetic parameters;
this is described in paragraph 4.1.
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A. Alert unit

Each acoustic-phonetic parameter is given as a function of time. The main
question is what quantity of the difference in the actual measured speech
parameters indicates depressed speech. The question is whether this difference
indicates the presence of depression, and, if it does, to what extent: how likely is
it that this value indicates depression?

We have developed a “Depression Probability Function” (DP) which takes
the actual measured differences (compares the actual values with the mean
value) of any acoustic-phonetic parameter, and suggests how likely it is that the
value indicates depression at the given time. The operation of the function for a
given acoustic-phonetic parameter p is described below.

The values of the measured p parameter are normalized to the mean of
measured values from the corresponding healthy database separately for each
gender. That is, the average value of parameter p (calculated from the healthy
database) is subtracted from every other value of p. The result of this is that the
mean of the parameter p is zero in the normalized healthy database and different
(but close to zero) in the normalized depressed database. For each p four
reference distributions are generated from the Healthy Reference Speech
Database and Seasonal Affective Disorder Speech Database: healthy male and
female distributions (HD?ma'e, HD,*®™"), and depressed male and female
distributions (DD,™", DD,"*™").

The normalized distributions are expressed as a percentage as follows, where
p is the measured acoustic parameter,s is gender (male, female)and HD,*(x) is
the frequency of a given value (x) of the measured acoustic parameter:

ZHD;(x) = ZDD;(x) =100% 1)

X=—00 X=—00

Let the measured mean value of parameter p on the speech sample be x. Two
variables, “Normal Chance” (NC) and “Depressed Chance” (DC), are
calculated, which indicate the likelihood that the measured value x is derived
from the HD and from the DD respectively. These variables are calculated
differently according to the sign of the difference between the mean values in
HD and DD. Let us assume that the difference of mean values for the depressed
distribution is less than 0 (mean of HD — mean of DD). In this case DC and NC
are calculated as follows:

NC,(x) =Y HD;(y) )
y=x
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DC,(x)=>_DD;(y), 3)
y=x

where NC,(x) and DCy(x) is the Normal Chance and Depressed Chance for
measured value x of acoustic parameter p. HD,(y) and DD,(y) are the
probability values associated with y from the healthy and depressed
distributions for gender s and parameter p. For a given x only the corresponding
gender is used.

If the difference of mean values for the depressed distribution is greater than
0 (mean of HD — mean of DD), then the -co and + oo are switched in the sums.
The final measure of the likelihood of depression (Depression Probability, DP)
for parameter p is calculated using NC and DC.

DP, (x) =DC, (x) —=NC_(x),if DP,(X) >0, eise DP,(x) =0 (4)

where DPy(x) is the likelihood of depression for parameter p for measured value
X.

This calculation is done for all acoustic-phonetic parameters.

The Mean Depressed Probability Function (MDP) for one person for a given
time is calculated in the following way:

Zn: DPIoi ()
MDP(x;) = =——— 5)

where n is the count of the selected parameters.

This mean function has the advantage that it reduces inaccuracies caused by
the natural variation of the parameters, assuming that the variables have
independent diversity. Of course it may be that the simple mean is not the best,
because some acoustic phonetic parameters can be more relevant than others.
But, as we described in paragraph 3.3, all of these parameters seem equally
important on the basis of principal component analysis. (At a later stage, when
more data is available, weighted averages will improve the quality of the alert
unit.)

In the case of monitoring, the MDP is measured during monitoring time at a
given time rate.
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5. Results

For the final examination AR, SR, TLoP parameters were excluded, as only
the “tale” parts were used in the examination. However, because the subjects
always read the same text, it naturally became faster and faster. We excluded VI
and VFO too, because their variances were too large, and showed no relevant
results at all. Thus for the final examinations the following parameters were
used: FO, F1, VF1, F2, VF2, Jitter, Shimmer, and RoT.

The MDP was calculated using Seasonal Affective Disorder Speech
Database, and Healthy Speech Database, The evaluation was done on the basis
of the final selected parameters for each person for the following databases:
Healthy Follow-Up Speech Database, Concordia Speech Database 2013, and
Concordia Speech Database 2014. While MDP was calculated on Hungarian
databases, it is absolutely correct to use the Hungarian Healthy Follow-Up
Speech Database for the evaluation. However our results on Hungarian
language was compared with results in different European languages [24], [25],
[26]. We found that the tendencies were the same for all the selected
parameters, for each European languages used in Concordia Speech Databases.
This is natural, since the changes of the studied parameters reflects in general
human biological process and does not depend on the language. Thus probable
we can use the results of the Hungarian databases to indicate depression in the
Concordia Speech Database 2013 and Concordia Speech Database 2014.

A. Determination of an alert threshold for the detection of depression by the
Mean Depressed Probability Function

For the determination of an alert threshold for the detection of depression the
Healthy Follow-Up Speech Database was used. For each person in the Healthy
Follow-Up Speech Database the MDP was measured for the finally selected
parameters as a function of time.
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Figure 3: The Mean Depressed Probability Function values on the
Healthy Follow-Up Speech Database

As can be seen in Fig. 3., the maximum value of MDP was below 25%. Thus
it can be stated that the value of the MDP is equal to or less than 25% in the
case of healthy speech. Due to the small number of people, in order to make the
method more robust the alert level has been set higher, at 35%.

B. Examination of the Mean Depressed Probability Function on the Concordia
Crew Members Speech Database 2013 and 2014

The MDP values were calculated for Concordia Speech Database 2013 and
Concordia Speech Database 2014. Day 0 was always 1st January of the year in
question. The beginning of the winter was around day 150. Unfortunately, due
to technical problems with Concordia Speech Database 2013, we only have data
from day 60 (beginning of March). In both cases, the subjects arrived at the
station around day 30 (beginning of December). The first values were the values
of the reference records before arrival at Concordia Station, under normal
circumstances in Europe.
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Figure 4: The Mean Depressed Probability Function values on the
Concordia Speech Database 2013

As can be seen in Fig. 4., there were two people where MDP value was
above 35% (It1 and Fr3). It is noteworthy that several subjects’ initial MDP
level is around 20-25%, which is below alert level, but the acoustic parameters
show large variations. The cause of this may be that the value of MDP not only
indicates depression but also other cognitive states, such as stress.

Fr3’s maximum MDP value was 36%, reached around April. This could be a
sign some kind of depression or bad mood. It is probably not a sign of SAD,
because it was at its maximum in April, became normal around May, and then
remained there for the rest of the examination (till the middle of the winter):
SAD is typical of the winter.

It1’s maximum MDP value was 40%, reached around the beginning of June,
which coincides with the beginning of winter. The depression probability value
stayed around 35-40% during the rest of the examination (till the middle of the
winter).

So it might be that there was only one person who suffered from SAD
amongst the Concordia Crew members in 2013. Presumably the severity of the
depression for this person was not high.
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Figure 5:The Mean Depressed Probability Function values on the
Concordia Speech Database 2014

As can be seen in Fig. 5., there were two people whose MDP Function
values were above 35% (It1 and Enl). Here, and in contrast to the 2013 results,
the starting MDP values were low for all the subjects, below 15%. It can be
observed that on arrival at Concordia station several subjects’ MDP value was
relatively high: presumably this was caused by the change of environment.

Enl’s maximum depression probability value was 43%, reached around the
end of May. This coincides with the beginning of winter. The depression
probability value stayed around 39-44% during the rest of the examination (till
the middle of the winter).

It1’s maximum depression probability value was 40%, reached around the
beginning of August, which coincides with the end of the winter, but the value
started to rise from the middle of the winter (darkest day of the year). The
depression probability value stayed around 40% during the rest of the
examination (till the beginning of the spring).

So in 2014 it might be there were two people who suffered from SAD
amongst the Concordia Crew. Presumably the severity of the depression for
these subjects was not high, either.
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6. Conclusions, future tasks

In this study we reviewed an online monitoring system to monitor the
psychological condition of the Concordia Station’s crew members and to give
alerts if any vocal disorders occur that could be a sign of cognitive dysfunction
(especially SAD). We analysed segmental and supra-segmental acoustic-
phonetic parameters from continuously read speech in order to show significant
differences between the speech of depressed people and that of healthy people.
In the speech of depressed people, we found that segmental parameters, such as
fundamental frequency, F1, F2 formants frequencies, jitter, and shimmer, and
supra-segmental parameters such as speech rate, length of pauses, intensity and
fundamental frequency dynamics, show significant changes.

We examined the normal variety of the selected acoustic phonetic
parameters and we found relatively large values (as big as the mean differences
of the given parameter between healthy and depressed groups).

Our database is under continual expansion because the number of depressed
people examined is underrepresented compared to the incidence of depression
in the population. We are expanding our database with further people speaking
in different languages as their mother tongue, in order to perform a full analysis
and select a complete set of acoustic features that will enable more precise
conclusions to be drawn. Our aim is to find a clear correlation between the
severity of depression and the change of acoustic-phonetic parameters.

For further analysis free speech will also be used, in addition to the read folk
tale, from the same people. The free speech recordings are stored in both
databases, Seasonal Affective Disorder Speech Database and in Concordia
Speech Database 2013 and Concordia Speech Database 2014.

As the result of this study, we suggest a method that can calculate depression
probability as a function of time. We have found that, according to our method,
a depression probability value below 25% should be considered as normal. We
have monitored two groups, and in each group we have found people suffering
from SAD. It would be very useful to verify our method results with other
results, but sadly we are still waiting for LTMS data.
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