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Abstract

As research in speech processing has matured, there has been
much interest in paralinguistic speech processing problems in-
cluding the speaker’s mental and psychological health. In
this study, we focus on speech features that can identify the
speaker’s emotional health, i.e., whether the speaker is de-
pressed or not. We use prosodic speech measurements, such
as pitch and energy, in addition to spectral features, such as
formants and spectral tilt, and compute statistics of these fea-
tures over different regions of the speech signal. These statis-
tics are used as input features to a discriminative classifier that
predicts the speaker’s depression state. We find that with an
N-fold leave-one-out cross-validation setup, we can achieve a
prediction accuracy of 81.3%, where random guess is 50%.
Index Terms: Depression, Emotion Detection, Prosodic Fea-
tures

1. Introduction

As automatic speech processing has advanced in the last few
years, research attention has shifted away from linguistic prob-
lems, such as automatic speech recognition, to applications fo-
cusing on paralinguistic speech problems that aim to detect
“beyond-the-words” information. Researchers have focused on
automatically deriving speaker characteristics from speech and
classifying speakers into categories ranging from age [1, 2],
identity [3, 4], idiolect and sociolect [5] to truthfulness [6], cog-
nitive health [7] and emotion.

Prosodic features in speech, such as speaking rate, pitch,
energy or intensity, and pause duration have been used for emo-
tion detection in previous work [8, 9, 10, 11, 12, 13]. In ad-
dition, other acoustic features such as voice quality [10, 11],
spectral features [8, 12], and mel frequency cepstral coefficients
(MFCCs) [12] have also been explored.

In an initial interdisciplinary study combining psychiatry
and speech science, Darby et al. published work analyzing
speech patterns of depressed patients before and after treat-
ment with antidepressant medication [14, 15]. Dr. S. Silverman
of Vanderbilt University studied decades of his recorded psy-
chotherapy sessions and found that the speech of a depressed
person undergoes a subtle shift as the person becomes near-
term suicidal. In preliminary work at Vanderbilt, mean vocal
jitter was found to distinguish suicidal individuals from treated
patients who are no longer depressed [16, 17].

Other changes in acoustic features have also been explored
in detecting depression and suicide risk. Prosodic features
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(pitch, energy, and speaking rate) [18, 19, 20, 21], spectral fea-
tures (formants, their corresponding bandwidths, power spectral
density (PSD), and spectral tilt) [18, 19, 21, 22, 23], and MFCCs
have been found useful in identifying depression [21, 22].

Researchers at SRI have already been successful in apply-
ing acoustic analysis to tasks such as the detection of different
types of emotions and deception. Ang et al. employed human-
computer dialog strictly used for research making feigned air
travel reservations in order to classify annoyed and frustrated
versus neutral emotion [8]. Sanchez et al. used prosodic (pitch,
energy, and speaking rate) features along with domain compen-
sation to detect fear in real emergency 911 phone calls [13].
Graciarena et al. used both prosodic (pitch, energy, and duration
patterns) and lexical features in detecting deceptive speech [6].

In this paper, we use prosodic and spectral features simi-
lar to those used in previous work to try to predict whether a
speaker is depressed or not. In the following sections, we de-
scribe the dataset used for our experiments, present the prosodic
features and classification algorithms used for this work, and
analyze the experimental results on our dataset. We conclude
with possible directions of future work.

2. Dataset

We used the Western Collaborative Group Study (WCGS) [24]
dataset, collected by SRI International in 1988, which consists
of 1182 older Caucasian men (mean age of 70). Although this
study focused on personality types, it also contains data on the
psychological health of the participants, including the Center
for Epidemiologic Studies Depression Scale (CESD) [25] mea-
sure of depression. In our study, speakers with a CESD score of
greater than or equal to 26 are assigned the category severely de-
pressed, speakers with a CESD score of less than 26 and greater
than 15 are assigned the category mildly depressed, and speak-
ers with a CESD score of less than or equal to 15 are assigned
the category of nondepressed. This categorization is in agree-
ment with the clinical literature [26]. There were 16 severely
depressed subjects, 52 mildly depressed subjects, and 1114 non-
depressed controls in this dataset.

Our paper focuses on classifying the severely depressed
speakers from the nondepressed controls. For our experiments,
in order to have a similar number of severely depressed and
nondepressed participants, we used only 16 nondepressed par-
ticipants along with all 16 severely depressed participants, giv-
ing us a total of 32 male participants from ages 65 to 82. The
nondepressed controls were chosen to match the severely de-
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pressed subjects on certain factors such as age, marital status,
and number of years of education.

The data in this study consists of mono-audio recordings
of 15-minute structured interviews for type-A personality char-
acteristics and associated CESD measure of depression. The
recordings were digitized and downsampled to 16 kHz for use
in our experiments. In order to have accurate times of the par-
ticipant speech in the interviews, the entire recordings for the
speakers that were chosen were manually transcribed.

Each interview was broken into utterances of the partici-
pant’s voice. These utterances were obtained by a turn in the
interview or a sentence of the participant. On average, there
were 107 utterances per participant, where each utterance was
on average 4.3 seconds.

3. Methodology
3.1. Features

As in past literature, we model acoustic features in our exper-
iments like prosodic and spectral characteristics. The acous-
tic features are extracted using the SRI Algemy toolkit using
the time alignments of the participants’ speech from the manual
transcriptions. Algemy contains a graphical user interface that
allows users to easily read and program scripts for the calcu-
lation of acoustic features using modular algorithms as build-
ing blocks. These blocks are strung together in directed acyclic
graphs to extract the desired features.

We explored acoustic features at both the speaker level and
the utterance level. Speaker level features are overall statistics
for each speaker, and utterance level features are the same statis-
tics, which are extracted for each utterance of each speaker.

Our prosodic features consist of maximum, minimum,
mean, standard deviation, and range (maximum-minimum) of
the following measurements, computed for each speaker at the
speaker level and each utterance at the utterance level:

e Pitch, extracted as the fundamental frequency (F0) on a
log scale (F0)

e Pitch normalized by subtracting the overall mean of the
speaker on a log scale (FONorm)

e Pitch normalized by subtracting the overall mean of the
speaker and dividing by the overall standard deviation of
the speaker on a log scale (FOZNorm)

e Pitch normalized by subtracting the mean of the speaker
in the first five questions of the interview on a log scale
(FONormkFirst)

e Pitch normalized by subtracting the mean of the speaker
in the first five questions of the interview and dividing
by the standard deviation of the speaker in the first five
questions of the interview on a log scale (FOZNormFirst)

e Energy, extracted as the root mean square (RMS) of the
amplitude of the signal, normalized by dividing by the
maximum energy during the interview on a log scale
(Eg)

e Voiced energy, the energy over only the voiced regions
or regions with speech, normalized by dividing by the
maximum energy during the interview on a log scale
(VoicedEg)

e Energy normalized by dividing by the maximum energy
during the first five questions of the interview on a log
scale (EgFirst)
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e Voiced energy, the energy over only the voiced regions
or regions with speech, normalized by dividing by the
maximum energy during the first five questions of the
interview on a log scale (VoicedEgFirst)

The pitch and energy signals are extracted using the gez_f0 func-
tion, which also contains whether the frame is voiced or not for
use in finding the voiced energy features. We first normalized
each speaker’s pitch by the overall speaker mean (FONorm) and
by the overall speaker mean and standard deviation (FOZNorm),
but we were concerned that if a participant was depressed,
then this would affect his overall mean and standard deviation.
Therefore, we decided to also normalize based on the first five
questions of the interview (FONormFirst, FOZNormFirst) where
the participants are asked simple questions like “May I ask your
age?” and “Are you retired now?”, which in theory gives their
normal pitch for more accurate normalization. After the first
five questions, the participants are asked more probing ques-
tions that could bring out more depressive speech affecting their
pitch like “Are satisfied with your work situation?” or “In your
work or career, have you accomplished most of the things that
you wanted to accomplish?”. We also performed the same first
five question normalization on the energy and voiced energy
features (EgFirst, VoicedEgFirst) in case the speaker’s depres-
sion level affected the energy features as well.

Our spectral features, extracted over only the voiced re-
gions, consist of maximum, minimum, mean, standard devia-
tion, and range of the following for each speaker at the speaker
level and each utterance at the utterance level:

e Spectral Tilt, defined as the slope of the line that connects
the values of the formants, extracted using Praat [27]
(SpecTilt)

e First four formants, extracted on a log scale (FI, F2,
F3, F4). The first five formants and their correspond-
ing bandwidths were also extracted using Praat. The last
formant extracted from Praat is usually a characteristic
of the background noise. Therefore, if all five formants
existed, the first four formants were used in the calcula-
tion of our feature statistics.

e Corresponding bandwidths to the first four formants, ex-
tracted on a log scale (BW1, BW2, BW3, BW4)

This gives us a total of 90 acoustic features for use in de-
tecting depression.

3.2. Classification

Because of the small dataset size, we use IN-fold leave-one-out
cross-validation to maximize the use of our data, where N is
the number of speakers in the experiment. The features are fed
into a support vector machine (SVM) discriminative classifier.
SVM Light with default parameters was used in all our classi-
fication experiments [28]. We performed normalization on the
features so no one feature affects the objective function of the
SVM more than any other. The features used in the training data
are normalized to mean zero and variance one. The statistics of
each feature, which are found from the training data, are then
applied to the test data to normalize based on the same criteria.

3.3. Feature selection

Backward elimination was used to perform feature selection on
the entire set of features. The statistics (max, min, mean, stan-
dard deviation, and range) of each feature are considered one
group. A group was removed one at a time until a small subset



Features Accuracy | Specificity | Sensitivity Features Accuracy | Sensitivity | Specificity
Baseline 50% 0%/100% | 100%/0% Baseline 50% 0%/100% | 100%/0%
F1(5) 65.6% 87.5% 43.8% BW2 (5) 65.6% 43.8% 87.5%
BW2 (5) 65.6% 50% 81.3% FO (5) 68.8% 43.8% 93.8%
FONorm (5) 65.6% 31.3% 100% All (90) 59.4% 25% 93.8%
FOZNorm (5) 68.8% 43.8% 93.8% F0, FONormFirst, F1,
FONormFirst (5) 68.8% 43.8% 93.8% F4, BW2 (25) 81.3% 68.8% 93.8%
FOZNormFirst (5) 71.9% 56.3% 87.5%
FO (5) 75.0% 75% 75% Table 2: Results in detecting depression at the utterance level.
All (90) 65.6% 56.6% 75% The number in parentheses represents the number of input fea-
FO0, FONorm, VoicedEg, tures used in each classifier.
F1, BW2 (25) 81.3% 75% 87.5%

Table 1: Results in detecting depression at the speaker level.
The number in parentheses represents the number of input fea-
tures used in each classifier.

of features that gave the best overall performance accuracy and
reduced the number of false negatives was found. Aside from
obtaining the best overall performance, we wanted to minimize
the number of false negatives or misses, which is when a de-
pressed speaker is labeled as a nondepressed speaker. In the de-
pression setting, it is better to mistake a patient for depressed,
even when he is not depressed, and provide help for him for this
depression (label a nondepressed speaker as depressed), than
mistake a patient for not depressed, when he is actually de-
pressed, and neglect providing assistance to the patient (label
a depressed speaker as nondepressed).

Aside from the accuracy, the other performance metric that
is the most useful in the depression setting is sensitivity!. Re-
ducing the number of false negatives is equivalent to maximiz-
ing the sensitivity. When there are 0 false negatives, sensitivity
is 100%. Therefore, the goal here is to maximize both perfor-
mance accuracy and sensitivity.

4. Experiments and results

In all of the following experiments, each of the 18 groups of fea-
tures consisting of maximum, minimum, mean, standard devia-
tion, and range were tried individually. In addition, all features
were tried together and the best set of features that were ex-
tracted using feature selection. There are 16 severely depressed
speakers and 16 nondepressed speakers. Therefore, the priors
are equal, giving a baseline accuracy of 50%.

4.1. Speaker level

For this experiment, each feature was extracted at the speaker
level, and the speaker depression category was used as the target
to train the SVM. This resulted in very few samples for training.
In Table 1, we show the seven speaker level features that had
the best overall performance individually: F0, FOZNormFirst,
FONormFirst, FOZNorm, FONorm, BW2, and F1. These were
the seven groups of features that performed as well as using all
90 features. Using all 90 features resulted in an overall perfor-
mance accuracy of 65.6% with a specificity’ of 56.6% and a
sensitivity of 75%.

It is not surprising that training the SVM classifier on all 90
features performed worse than some features individually. Be-
cause there are only 32 samples (31 for training and 1 for test-

1 NP TruePositives
Sensitivity = TruePositives+FalseNegatives
2g ST TrueNegatives
'peci ficity =

TrueNegatives+FalsePositives

3003

ing), using a large number of features for training the classifier
causes overfitting. Feature selection was performed to reduce
the feature space and cause less overfitting. After performing
feature selection, the best groups of features were found to be
F0, FONorm, VoicedEg, F1, and BW2. These five groups of
features (25 features in total) resulted in an overall performance
accuracy of 81.3%’ with a specificity of 75% and a sensitiv-
ity of 87.5%. Even though the VoicedEg features did not per-
form well by themselves, they contain information additional
to what is contained in the F0, FONorm, F1, and BW2 features
so the VoicedEg features combine well with these features and
improve performance over these features by themselves.

4.2. Utterance level

In this experiment, all the utterances of the interview for a
particular speaker are assigned the depression label of each
speaker, and each utterance is used as a sample to extract fea-
tures and train the classifier. Although our SVM results are
then produced per utterance, we combine the predictions per
utterance for each speaker to get an overall depression label of
severely depressed or nondepressed for that speaker. We tried
various approaches to combine the utterance level predictions.
The easiest and most basic method we tried was averaging the
prediction values for each speaker (mean). We also tried us-
ing the median instead of the mean in order to reduce the effect
of outliers (median). Last, we tried normalizing based on the
length of the utterance or the length of the voiced regions in
each utterance to see if the longer utterances gave better results
than the shorter ones (length, voiced_length, respectively). All
methods seemed to give similar results, so mean is the combi-
nation method used to report the results in Table 2.

As seen in Table 2, the two features that had the best overall
performance were F0 and BW2. Using all 90 features resulted in
an overall performance accuracy of 59.4% with a specificity of
25% and a sensitivity of 93.8%. We were surprised that training
the SVM classifier on all 90 features performed worse than at
the speaker level even though there were a large number of sam-
ples both for training and testing. We believe we are modeling
noisy changes in the statistics of the features that are not seen as
much at the speaker level. We would like to improve the mod-
eling of the utterance level features because they should contain
more information about the emotional state of the speaker than
the speaker level features.

After performing feature selection, the best groups of fea-
tures were found to be F0, FONorm, F1, F4, and BW2. These
five groups of features (25 features in total) resulted in an over-
all performance accuracy of 81.3% with a specificity of 68.8%
and a sensitivity of 93.8%. Even though the FONormFirst, F1,
and F4 features did not perform well by themselves, they con-

3 According the the Z-test with p-value=0.005




tain information in addition to what is contained in the F0 or
BW?2 features, so they combine well with these features and im-
prove performance over the F0 or BIW2 features by themselves.

5. Conclusions and future work

We have found that both prosodic and spectral speech features
can be good indicators of the speaker’s emotional state and, in
particular, can be used to predict with high accuracy whether the
speaker is suffering from depression. Since the utterance level
and the speaker level results were the same, we would like to
model features at an even smaller level - like at word or syllable
regions - to explore whether we can obtain added improvement.

In future work, we will explore more acoustic features such
as speaking rate, pause duration, power spectral density, and
cepstral features, and also investigate the use of lexical features.
We will also verify that the features found in this work can be
useful with other datasets in identifying depressed patients or
other emotional problems in individuals. In addition, we intend
to perform feature selection in an unbiased way using N — 1-
fold leave-one-out cross-validation and use the selected features
on the remaining speaker. We would repeat this procedure N
times to obtain the overall performance.
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