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Abstract Major Depressive Disorder (MDD) is a largely extended mental health
disorder commonly associated with a hesitant and monotonous speech. This study
analyses a speech corpus from a database acquired on 40 MDD patients and 40
matched controls (CT). During the recordings, individuals experienced different lev-
els of cognitive stress when performing Stroop color test that includes three tasks
with increasingly level of difficulty. Speech features based on the fundamental fre-
quency (F0), and the speech ratio (SR), which measures the speech to silence ratio,
are used for characterising depressive mood and stress responsiveness. Results show
that SR is significantly lower in MDD subjects compared to healthy controls for all
the tasks, decreasing as the difficulty of the cognitive tasks, and thus the stress level,
increases. Moreover F0 related parameters (median and interquartile range) show
higher values within the same subject in tasks with increased difficulty level for both
groups. It can be concluded that speech features could be used for characterising
depressive mood and assessing different levels of stress.
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1 Introduction

Major Depressive Disorder (MDD) is the most prevalent mental illness and the fifth
leading cause of global disability in the world [1]. Depression is associated with loss
of interest, tiredness, and sleep disruptions [2]. Its diagnosis is currently based on
clinical interviews and questionnaires according toDiagnostic and StatisticalManual
ofMentalDisorders (DSM-5) [3], such asHamiltonDepressionRatingScale (HDRS)
or Beck Depression Inventory (BDI). However, these methods may be dependent on
the predisposition of the patients to talk about their symptoms.

MDD has been linked to an autonomic nervous system (ANS) dysfunction, which
in turn leads to changes in psychomotor activity [4]. As a result, speech in MDD
patients has been described as slower, monotonous, paused or even hesitant [5],
which can guide to the idea of using speech analysis to characterise depressive mood
in a non-invasive and comfortable way.

In fact, speech signals have already been used for diagnosing depression, but dif-
ferent results were obtained [6]. In [7, 8], a significant negative trend between fun-
damental frequency (F0) and depression severity (measured through HDRS or BDI)
was reported. However in [9–12], F0 yielded to no significant results for discrimi-
nating depression state. Besides frequency parameters, speech ratio-related features
have also been studied in depressed speech. In [8], higher depression severity scores
were associated with slower speech, while in [10, 13], longer pauses were found in
depression patients.

In the present work, a set of prosodic features are used for discriminating between
MDD patients and control (CT) subjects. These parameters will be analysed while
subjects perform a Stroop test [14], which implies an homogeneous condition for
speech but a cognitive load and stressful situation for ANS that can highlight its
dysfunction in MDD.

2 Materials and Methods

2.1 Experimental Protocol

A database of 40 MDD patients (24 women, age 47.33± 13.07 years, Body Mass
Index (BMI) 27.85± 5.63 Kg/m2), was recorded at the Hospital Clínico Lozano
Blesa (Zaragoza) and the Parc Sanitari Sant Joan de Déu network of mental health
services (Barcelona). MDD group consists of subjects withMajor Depression Disor-
der according with Diagnostic and Statistical Manual of Mental Disorders (DSM-5)
criteria [3] and the HDRS scale (HDRS> 9). Recordings of 40 CT subjects without
clinical history ofmental disorders, matched by sex, BMI and age, were also acquired
in order to ensure that group differences are attributable to differences in depression
status and not due to unbalanced demographic data.

The experimental protocol consists in an exposure to a cognitive stress named
Stroop test [14]. The test was adapted to the mother tongue of the subjects, i.e.
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Spanish, and it is formed of three parts lasting about 45 sec each. In the first task
(T1) the subjects should read the words ‘red’, ‘green’, and ‘blue’ printed in black
ink. In the second one (T2), the words are substituted by a set of ‘XXX’s written
in the previous colours, and the participants should say out loud the colour of the
ink. Finally, in the third test (T3), the words ‘red’, ‘green’, and ‘blue’ are coloured
in inks that do not match the true meaning of the text, so the subject should say
the colour of the ink and not the written word. Note that the difficulty of the tasks
increases gradually from T1 to T3, being the colours and the words in the first level
(T1) congruent, and incongruent in the second and third (T2, T3).

Speech signals were acquired using an AKG CK-80 microphone and a Tascam
us-122L recording device at a sampling frequency of 44.1 kHz.

2.2 Speech Processing

At the beginning, speech signals were preprocessed, using Audacity® and FFMPEG.
Noisy segments, e.g. coughs or throat cleanings, as well as parts of the recording in
which the interviewer interfered with the subject, e.g. correcting errors or providing
details related to task, were removed.

Prosodic parameters are obtained in order to analyse differences between depres-
sive and control speech. First, F0 is estimated each 10 msec using the robust algo-
rithm for pitch tracking (RAPT) [15] included in the openSMILE toolkit [16]. Then,
median and interquartile range of F0 (F0m and F0iqr ) during each task are com-
puted as prosodic features. However, these values can be highly variant among dif-
ferent subjects and thus, the normalised differences ˜F0m , ˜F0iqr for T2 and T3 with
respect to T1 will be studied for measuring response to increasing stress level in both
populations.

Moreover, speech ratio (SR), which measures the proportion between the time
that the subject is speaking and the total duration of the recording, is computed
using a voice activity detector algorithm (VAD) [17] based on Long-Term Spectral
Divergence (LTSD).

2.3 Statistical Analysis

Feature set consists of previously mentioned parameters from speech analysis i.e.,
˜F0m , ˜F0iqr , and SR. Unpaired tests between MDD and CT populations are carried
out to study the effect of depression on speech, while paired tests are conducted to
study the differences within the same subject on stress response at tasks of different
difficulty. Moreover, prosodic indexes are analysed taking into account the differ-
ences in the frequency ranges of each gender [18], generating four study groups.
Student t-tests or Wilcoxon tests are implemented depending on the distribution of
the data (Shapiro-Wilk test), Gaussian or not, for comparing means or medians of
the distribution, respectively. In this study, the level of statistical significance is set
to p = 0.05.
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3 Results

Results show that ˜F0m (Fig. 1(a–b)) and ˜F0iqr (Fig. 1(c–d)) do not differ significantly
betweenCT andMDDpopulation (unpaired tests) for both genders. Regarding paired
analysis, ˜F0m and ˜F0iqr show increasing trends in almost every group due to the
increment of difficulty at T3. Only ˜F0m in male subjects with MDD do not exhibit
significant differences as the cognitive stress raises.

Moreover, SR values, shown in Fig. 2, were found to be significantly lower in
every Stroop task in MDD with respect to CT groups. Note that, in both groups,
SR values decrease significantly as the difficulty of the cognitive tasks, and thus the
stress level, increases, i.e., from T1 to T3.

4 Discussion

In the present work, an analysis in depressive subjects and paired controls has been
conducted by means of speech features for studying differences in stress responsive-
ness. StroopTest has been previously used in healthy subjects formeasuring cognitive
load, i.e., mentally stressful situations, from spoken speech [19–21], showing that
vocal frequencies can correlate with cognitive load and be used for its classification.

Results in Fig. 1 show that MDD and healthy subjects exhibit higher values in
frequency-related features during T3, thereby suggesting that both groups reacted
to stress induction. The values of ˜F0m and ˜F0iqr in females (Fig. 1 (a, c)) increase
significantly in both groups as the difficulty of the tasks increases, while in males
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Fig. 1 Boxplot of prosodic features. (a) ˜F0m in female subjects, (b) ˜F0m in male subjects, (c)
˜F0iqr in female subjects, (d) ˜F0iqr in male subjects. CT and MDD groups are marked in blue and
red, respectively, while statistically significant differences of paired analysis are marked with one
or two colored asterisks for p < 0.05 and p < 0.001, respectively.
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Fig. 2 Boxplot of Speech Ratio (SR). CT and MDD populations are marked in blue and red,
respectively. Statistically significant differences for p < 0.05 and p < 0.001 are marked with one
and two asterisks, respectively. Black asterisk correspond to unpaired analysis and colored to paired
analysis.

(Fig. 1 (b, d)) only controls showhigher values. The absence of significant differences
in male subjects with MDD could be either because they do not respond to stressful
stimuli, or due to the small number of male subjects (16 out of 40). In [7, 8], a
significant negative trend for F0-related featureswas reported. However,most studies
analysed these parameters using non-spontaneous speech, e.g. oral reading [6, 22],
instead of performing a cognitive test. Thus, the absence of significant differences in
F0-related parameters betweenMDD and CT group in this study, might be attributed
to the stress induced by Stroop Test.

Moreover, SR is the most promising parameter as it shows significant differences
between MDD and CT group in all tasks. Results show a decreasing trend with the
increment of stress level in both groups. Note that SR speech parameter values are
always lower in MDD group, which might be related to cognitive dysfunction in
MDD patients [23]. The ability to inhibit cognitive interference in the Stroop Test
has been used for measuring cognitive functions such as attention and processing
speed among others [24]. Videbech et al. [25], reported that patients with depression
had a greater difficulty when inhibiting interference compared to CT subjects, thus
leading to lower values of SR in a fixed amount of time. A lower performance of
MDD compared to CT subjects, measured as the time required for accomplishing a
cognitive task, was reported in [26] for a subset of the present database.

5 Future Work

This study consist in a preliminary work that highlights the importance of the stress
response for the monitoring and diagnosis of ambulatory MDD patients. In fact,
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using speech analysis, depressive mood could be assessed in a non-invasive and
comfortable way. Moreover, a joint analysis of additional parameters, such as jitter
or shimmer, with other physiological signals, such asHRV features, can be conducted
using different classifiers.

6 Conclusion

A preliminar study about speech analysis during a cognitive stress in a database
recorded on MDD patients and matched controls has been presented. The analysis
of speech parameters during Stroop Test tasks has revealed significantly decreased
speech ratio values in MDD patients with respect to matched controls and differ-
ences in fundamental frequency related parameters within the same subject among
different tasks. Thus, it can be concluded that the analysis of speech can be used
for the objective diagnosis of MDD patients in a non-invasive, straightforward, and
comfortable way. In conclusion, SR, not only because of its simplicity but also due to
its robustness to inter-session variations due to recording conditions, can be thought
as a suitable feature for distinguishing between populations in non-controlled envi-
ronments, as it has shown the best performance among the analysed features.
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