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Abstract—While acoustic-based links between clinical depression and
abnormal speech have been established, there is still however little
knowledge regarding what kinds of phonological content is most
impacted. Moreover, for automatic speech-based depression
classification and depression assessment elicitation protocols, even less is
understood as to what phonemes or phoneme transitions provide the
best analysis. In this paper we analyze articulatory measures to gain
further insight into how articulation is affected by depression. In our
investigative experiments, by partitioning acoustic speech data based on
lower to high densities of specific phonetic markedness and gestural
effort, we demonstrate improvements in depressed/non-depressed
classification accuracy and F1 scores.

articulatory precision, reduced prosody, decreased intensity, and
atrophied speech intelligibility [4-7].

1. Introduction

A promising, practical and inexpensive method to evaluate
articulatory-physiological speech parameters is analysis of phoneme
occurrences/transitions based on spoken transcript analysis and
acoustic-based features. Early key influential physiological
articulation parameter investigations concentrated on articulatory
descriptors, such as English vowel attributes [13], universal phonetic
markedness [14, 15] and spoken articulatory gestures [16, 17]. These
linguistically motivated investigations provided further insight on
natural speech production, including static phoneme analysis and
non-static articulatory transitions called articulatory gestures, which
are essentially parameterized dynamic systems based on overlapping
coordinated muscular movements. In [18, 19], a gestural score was
proposed to help measure articulatory movements based on the
linguistic order of articulatory change. Unlike a discrete sequence of
phonemes, a gestural score has an advantage because it encodes a set
of hidden states present in natural interconnected speech.

Of the 300 million individuals globally afflicted by depression, it
is estimated that fewer than half will receive treatment [1]. While
dozens of clinical depression assessment methods include self-report
and verbal interview, these approaches have an inherent degree of
subjective bias. Moreover, in recent years, healthcare professionals
have expressed doubts as to the overall effectiveness of current
criteria guidelines for depressive disorder diagnosis [2].
Consequently, there is a crucial necessity for more objective
diagnostic tools in helping identify and monitor individuals with
depression. In the future, noninvasive affective sensing technology,
such as automatic speech analysis tools, will assist physicians during
clinical depression evaluations.
For at-risk patients, many clinical depression disorder
assessments, such as the Mental State Examination (MSE) and Quick
Inventory of Depressive Symptomatology (QIDS) require behavioral
observations concerning a patient’s verbal ability. Physicians often
take into account a patient’s rate of speech, volume, tonality, mood,
and cognitive awareness during depression disorder evaluations [3].
Many depression disorder assessments contain sections for
observational accounts related to patients’ speech behaviors; a
common symptom of clinical depression denoted as psychomotor
retardation hinders an individual’s cognition and fine motor control
[3, 4]. Speech-based depression analysis literature has steadily
reiterated that patients with depression audibly demonstrate
abnormal speech patterns, including sluggish phonation rates, less

Recently, phono-articulatory complexity score-based systems
have been investigated as a measure of articulatory kinematic effort
for detection of pathological speech disease/disorder. Yet, in this
literature, such as [8-12], only a small set of articulatory
characteristics, speakers, and languages were examined.
Furthermore, these investigations were primarily designed for speech
pathology evaluation applications. It is conceivable that for
depression, the loss of articulatory control and kinematics in
individual’s speech can also be measured using similar descriptive
phonologically driven metrics.

While analysis of articulatory measure aspects in spoken
language-specific disorders/diseases is common, fewer studies exist
that examine the impact of depression on individual’s articulation,
and perhaps more importantly, which phoneme or syllable
combinations are most affected by depression. In [20], it was alleged
that acoustic-based depression classification should place more
emphasis on finding a correlation between depression severity and
changes in articulatory acoustic phoneme parameters. [21] examined
the correlation of individual phonemes and broad phoneme classes
(i.e. vowels, consonants, nasals) to psychomotor retardation by
individually evaluating average phoneme lengths and centroid

energy spread. However, in this study, several articulatory attributes
were left unexplored (e.g. placement, roundness, tenseness).
Moreover, dynamically, no investigative analysis of phonetic
gestures including the degree of articulatory transformation from one
phoneme to the next was considered. To date no investigation has
examined the use of articulatory gestural effort in a speech-based
acoustic feature depression classification framework.
In a previous work [22], it was discovered that the relative age of
phoneme acquisition mastery could be used as a measure of
articulation effort. This measure was used to partition spoken phrases
into subsets from low to high articulation effort. The experimental
results indicated that phrases with higher articulation effort generated
higher depressed/non-depressed classification accuracy than lower
ones. As a follow up extended analysis, we examine a different set of
articulatory measures proximately grounded on phonetic markedness
[14] and gestural efforts [18, 19]. Based on the aforementioned
depression disorder speech behaviors [4-7], our hypotheses are:
For depressed speakers, it is believed the symptom of
psychomotor retardation, which reduces articulatory motor
control, will exhibit itself to a greater extent in the production of
some phoneme manners more than others.
As changes in the demand for articulation gestural effort
activation increases, depressed speaker characteristics will
become acoustically more evident within these phrases.
The balance of this paper is organized as follows: Section 2
describes the experimental dataset. Section 3 contains the
articulatory measures along with the acoustic-based system design.
Lastly, Section 4 comprises of our experimental results and provides
further discussion on how these measures can be applied during
clinic depression assessment protocol.

2. Experimental Data
All experiments utilized a subset of the training and development
from the Distress Analysis Interview Corpus (DAIC) [23]. The
DAIC ‘Wizard-of-Oz’ subset utilized an animated virtual interviewer
and its data collection protocol was explicitly designed for elicitation
of behavioral data to assist diagnosis of psychological distress
disorders (e.g. anxiety, depression, post-traumatic stress). This
experimental subset was chosen because it has 82 female/male
speakers, natural speech in a clinical room environment, a virtual
human interviewer (providing neutral, unbiased emotion consistency
in speech elicitation), a limited number of questions, phrase-level
spoken transcriptions with time stamps, and a Patient Health
Questionnaire (PHQ-8) score per speaker.
In addition to audio recordings in the DAIC, each speaker
completed a PHQ-8 self-assessment [24]. The PHQ-8 consists of
eight questions, which produces total scores between 0 and 24 (the
higher the score the greater the depression severity). In our
experimental research, two different classification speaker groups
were analyzed based on a two restricted PHQ score ranges: nondepressed (0-4) and depressed (15-24) [similarly to 22, 25, 26].
Speakers within the mid-PHQ-8 range were purposely removed to
better establish far-end class trends. According to the descriptors
associated with the PHQ-8 scores [24], the non-depressed group can

be considered to have “no current depression”, whereas the
depressed group has “current moderately severe to severe
depression”. Nearly 20% of speakers in this experimental subset
were in the latter group (i.e. clinically diagnosed as depressed).
All phrases were sorted and partitioned into low, mid-low, midhigh, and high for the 17 individual phonetic markedness (Mk) and
Hamming Distance (DHD) measures. There were ~2,500 phrases per
partition and all speakers had phrases represented within each
partition.

3. Methods
3.1. Articulatory Effort Measures
DAIC transcripts were converted from standard text format to
phoneme representations using the Carnegie Mellon University
(CMU) phonetic dictionary [27]. This dictionary consists of phonetic
spellings for over 130k American English words using 39 phoneme
representations (see Table I - column one). Two different types of
articulation measures were examined per phrase based on the
Chomsky-Halle phonetic model [14]: (1) phonetic markedness; and
(2) Hamming distance mean. In total there were 18 articulatory
measures extracted per phrase. These articulatory measures were
then used to partition phrases in low-to-high sorted order to
determine which partitions produced the greatest discrimination
between depressed and non-depressed speakers.

3.1.1 Phonetic Markedness
The phonetic markedness is a percentage-based distribution
calculated by the following simple equation:
𝑚𝑘 = 𝑦𝑖,𝑘

(1)

where mk is the markedness of the kth manner. Per utterance, the
mean of mk is represented by Mk. This percentage-based approach
provided articulatory markedness distributions within each phrase,
and allowed all different phrase lengths to be compared equally to
each other. For example, according to Fig. 1, the name “John” /JAO-N/ is represented by the three phonemes that have each of the
following phonetic markedness distributions: voice (Mk = 1.0), back
(Mk = 0.33), and anterior (Mk = 0.66).

Figure. 1. Illustration of the Hamming distance for a 3-bit string. The
Hamming distance between 000 and one of 100, 010, or 001 is only 1,
whereas there is a distance of 3 between 000 and 111. This was applied to
calculate the articulatory distance between consecutive phoneme pairs, by
calculating the distances between the relevant pair of rows found in Table 1.

3.1.2 Hamming Distance Mean
Considering Table 1, the articulatory gestural effort due to the
transition between a pair of consecutive phonemes can be reflected
by the difference in the Chomsky-Halle phonetic markedness
corresponding to each parameter. Since the Chomsky-Halle

parameters are binary, this is a bitwise distance. The Hamming
distance [28] is a bitwise metric that measures the minimum number
of substitutions required to transform from one binary string to
another binary string of equal length. It can be represented by the
following equation:
𝑑𝐻𝐷 (𝑖, 𝑗) = ∑𝑛−1
𝑘=0 |𝑦𝑖,𝑘 − 𝑦𝑗,𝑘 |

(2)

where the value difference between yi and yj is determined by the
index k based on the total number of variables n. The Hamming
distance gives the number of mismatches between variables paired
by k, and in this context, is related to how many changes in manner
occur during a particular sequence of phonemes. This is treated
herein as a proxy for the articulation effort of phoneme transitions. In
Fig. 1, the higher the Hamming distance, the greater the difference
between two binary string representations. The illustrated example
previously shown in Fig. 1, indicates the phonetic markedness mk
within phoneme /HH/ is least like /AO/, hence the larger gestural
effort (dHD = 1.0) than similar phonemes /SH, JH, K/ (dHD = 0.66).
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Lateral (1)

Distributed (6)

Interrupted (8)

Sonorant (22)

Strident (8)

Nasal (3)

Continuant (27)

Voice (30)

Tense (7)

Round (7)

Coronal (14)

Anterior (21)

Low (4)

Back (9)

High (13)

Consonantal (25)

Vocalic (15)

TABLE I.
ARTICULATION EFFORT MATRIX BASED ON CHOMSKYHALLE’S 17 PHONETIC MARKEDNESS [14]. THE COLUMNS (k) ARE THE
MANNER AND THE ROWS (i) ARE ENGLISH PHONEMES; WHITE INDICATES
INACTIVE (yi,k = 0), WHEREAS BLACK INDICATES ACTIVE (yi,k = 1). THE
PARENTHESES INDICATE TOTAL NUMBER OF PHONEMES CONTAINED WITHIN.

During experimental work, in an identical fashion to Fig. 1, each
phoneme was represented as a 17-bit string (see Table I). For every
phrase a Hamming distance mean was calculated by calculating dHD
between all consecutive phoneme pairs across all 17 phonetic
markedness articulation manners. After a Hamming distance measure
according to Mk for each kth manner, DHD was calculated as the mean
of all dHD for the phrase.

3.2. Acoustic System Configuration
For experiments herein, the open-source COVAREP speech
toolkit [29] was used to extract 74 acoustic features (i.e. glottal flow,
MFCC, pitch) by aggregating 20-ms frame-level features across
individual utterances. Each feature had its mean, standard deviation,
kurtosis, and skewness calculated, which generated a total feature
vector dimensionality of 296. For a baseline, each speaker’s acoustic
features were averaged based on all phrases without partitioning.
During the partitioning experiments, the acoustic features
corresponding to only those speaker phrases belonging to the
identical partition were averaged. The COVAREP feature set was
chosen because it has been used previously for emotion and speechbased depression research on this dataset [30, 31].
Similarly to [32], depression classification was conducted using
decision trees, which performed well in preliminary experiments. All
experiments used the simple decision tree classification from the
MATLAB toolkit using a few leaves with coarse decision-making
and a maximum of 4 splits. Experiments utilized 2-class
classification (depressed/non-depressed) with 5-fold cross validation
using a 20/80 training/test split. Classification performance was
determined using overall accuracy, individual class F1 scores, and
F1 average scores [similarly to 30]. The F1 score is a common
metric that determines precision and recall based on true/false
positives and true/false negatives, and is a helpful evaluation
criterion for unbalanced classification problems. The F1 score is
computed as follows (a large F1 score implies better discrimination):
𝐹1 =

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

(3)

4. Results & Discussion
The baseline acoustic feature experiment resulted in an average
accuracy of 69.5% with F1 scores of 0.07(0.82), i.e. depressed and
non-depressed, respectively. In comparison to the baseline, results in
Fig. 2(a) show depressed/non-depressed classification accuracy
performance for each static phonetic markedness parameters for low
(light gray), mid-low, mid-high, and high (dark gray) phrase
partitions. In regards to our first hypothesis, for several phonetic
markedness parameters, the results indicate that depressed/nondepressed accuracy is better for higher than lower density phonetic
markedness partitions. This is particularly the case for consonantal,
round, and voice phonetic markedness, wherein classification
accuracy improved as these parameters had greater prominence in
phrases. Surprisingly, the opposite effect was recorded with strident
and lateral phonetic markedness parameters – where phrases with
fewer of these parameters produced higher classification accuracy.
Fig. 2(b) shows the F1 scores for depressed for individual
phonetic markedness parameters. The F1 depressed classification

of depressed speakers are correctly classified using acoustic features
from phrases that have a larger Hamming distance mean. These
improvements found with the mid-high and high Hamming distance
partitions suggest that elicitation of potentially depressed patients’
speech should contain the widest phoneme-to-phoneme activation
range of articulatory gestural transitions.
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results in Fig. 2(b) display a great deal of variance in scores across
nearly every phonetic markedness parameter, whereas for Fig. 2(c)
the F1 non-depressed classification score ranges are significantly
narrower. The depressed F1 scores are considerably lower than the
non-depressed F1 scores. One reason for this difference in results
could be the 1:5 ratio of depressed to non-depressed speakers, which
means significantly less training data available for the depressed than
the non-depressed class. Preliminary experimental results (not shown
here) using balanced speaker classes showed classification
improvements for depressed F1 scores, albeit with minor costs in
classification accuracy. However, from a clinically realistic sample
standpoint, moderately severe to severe depressed speakers typically
make up a smaller percentage of the population [33].
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Figure. 3. Classification accucracy, depressed (star) and non-depressed (dot)
F1 score performance results for the baseline (all phrases) versus phrase
phonetic markedness DHD Hamming distance partitions.

Differences in the number of phonemes per phonetic markedness
parameters suggest that if the 17 different articulatory marked
parameters were weighted, the results might achieve better
classification performance, especially in regards to the additional
Hamming distance metric. But, the issue of determining suitable
weights per articulatory trait is a problem found in many of the
score-based systems mentioned earlier in Section I [8-12]. Moreover,
there is surprisingly a scarcity of literature related to the kinematic
demand and processes of speech [34-36]. While it is presumed that
greater muscular involvement equals greater articulatory effort, there
is however, no literature for instance that provides a quantitative
guide on whether the rounding of the lips requires less, equal, or
more effort than voicing a phoneme. To gain greater insight into
speech affected by depression along with other common
disease/disorders, additional research in the area of measurable
phono-articulatory kinematics is needed.

Figure. 2. (a) Classification accuracy, (b) depressed F1 score, and (c) nondepressed F1 score results for acoustic features based on sorted mean phrase
activation (Mk) of all 17 phonetic markedness parameter partitions.

Utilizing the Hamming distance (DHD) to partition speakers’
acoustic features per phrase, Fig. 3 results show absolute accuracy
gains of around 5% when using mid-high to high partitions rather
than low to mid-low partitions. While the absolute accuracy gain is
only a small improvement for higher Hamming distance partitions
over the all phrase baseline (~2%). However, there were
considerable depressed F1 score absolute accuracy gains for the
higher partitions (to 0.21). As suggested by our second hypothesis,
the depressed F1 score improvement indicates that a greater number

Although the experiments herein rely heavily on human
transcribed speech, current Automatic Speech Recognition (ASR)
software is achieving near-human word error rates. It has also been
suggested in [37, 38] that hidden gestures or articulators could be
automatically identified using speech recognition algorithms. Hence,
rather than a standard phoneme to readable written text-transcript
output, the output contains non-text gestural or articulator
information. As for collecting a diverse set of phonemes and
transitions, one obvious articulatory limitation is the naturally
occurring frequency of phonemes in spoken English.

5. Conclusions
Our experimental approach using Chomsky-Halle phonetic
markedness and the Hamming distance mean shows initial promise
as an expanded area research for speech-based depression analysis.
Most interesting is the implication of greater articulatory knowledge
on depressive disorder elicitation protocol design and speech data
selection. By better understanding what speech sounds and

combinations are altered by depression, more effective elicitation
protocols for speech can be developed to futher ameliorate automatic
acoustic analysis performance and reliability. To help counter
naturally occurring phoneme distributions found across all
languages, specifically designed read excerpts could be used for
depression assessments that contain the most salient and
discriminant phonetic markedness and/or transitions. This would
thereby guarantee a higher degree of articulatory demand, resulting
in improved depression classification accuracy.

6. Future Work
Likewise to the phonetic markedness parameters investigated
herein for depression, other levels of prominence should be
analyzed, such as lexical stress, vowel reduction, and pitch contours.
It is suggested that these phonetic markedness measures might also
work well for automatic speech-based classification severity of
Parkinson’s disease, especially noting the abnormal articulatory
productions and manner characteristics found in [39].
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