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USING CORRELATION STRUCTURE OF 
SPEECH DYNAMICS TO DETECT 

NEUROLOGICAL CHANGES 

RELATED APPLICATION 

This application claims the benefit of U.S. Provisional 
Application No. 61/893,247, filed on Oct. 20, 2013. The 
entire teachings of the above application are incorporated 
herein by reference. 

GOVERNMENT SUPPORT 

This invention was made with Govermnent support under 
Grant No. FA8721-05-C-0002, Program 2232-41, awarded 
by the Assistant Secretary of Defense for Research and 
Engineering (ASD(R&E)). The Government has certain 
rights in this invention. 

BACKGROUND OF THE INVENTION 

Major Depressive Disorder (MDD) places a staggering 
global burden on society. Of all mental disorders, MDD 
accounts for 4.4% of the total disability-adjusted life years 
(DALYs) lost and accounts for 11.9% of total years lost due 
to disability (YLD). With current trends, projection for the 
year 2020 is that depression will be second only to ischemic 
heart disease as the cause of DALYs lost worldwide. 

2 
publication with color drawing(s) will be provided by the 
Office upon request and payment of the necessary fee. 

The foregoing will be apparent from the following more 
particular description of example embodiments of the inven-

5 tion, as illustrated in the accompanying drawings in which 
like reference characters refer to the same parts throughout 
the different views. The drawings are not necessarily to 
scale, emphasis instead being placed upon illustrating 

10 
embodiments of the present invention. 

FIG. 1 is a color-coded two-dimensional plot showing an 
example of a channel-delay correlation matrix computed 
from formant tracks from a healthy subject (top panel) and 
from a severely depressed subject (bottom panel). 

FIG. 2 is a plot of eigenvalues as a function of eigenvalue 
15 rank, with eigenvalues ordered from largest to smallest (i.e. 

an eigenspectra), derived from formant channel-delay matri­
ces shown in FIG. 1. 

FIG. 3 shows three scatter plots relating GMM test 
statistics to Beck score on Development set for three feature 

20 domain combinations. Top panel is a plot obtained using 
formant features only. Middle panel is a scatter plot obtained 
using Delta MFCC features only. Bottom panel is a scatter 
plot obtained using both feature domains combined. 

FIG. 4 is a plot of MAE as a function of the number of 
25 data partitions used in Gaussian staircase regression. 

FIG. 5 is a color-coded two-dimensional plot showing 
examples of channel-delay correlation matrices from delta 
mel-cepstral features for a healthy subject (top panel) and a 
depressed subject (bottom panel). 

FIG. 6 is a color-coded two-dimensional plot showing 
examples of channel-delay correlation matrices from mel­
cepstral features for a healthy subject (top panel) and a 
depressed subject (bottom panel). 

A standard method of evaluating levels of MDD in 
patients includes such questionnaire-based assessment tools 
such as the 17-question Hamilton Depression Rating Scale 30 

(HAMD) and the Beck Depression Inventory (BDI), a 
21-question multiple-choice self-report inventory. Both 
questionnaires result in a score of the patient, which is then 
translated into a clinical assessment by a physician. 
Although the HAMD and the BDI assessments are standard 
evaluation methods, there are well-known concerns about 
their validity and reliability. 

FIG. 7 is an illustration of delay time between two time 
35 intervals of two channels where the channels consist of 1 s', 

rd, and 3rd vocal tract formants. 
FIG. SA is a block diagram illustrating an example system 

and method of the present invention. 
SUMMARY OF THE INVENTION 

In one embodiment, the present invention is a method of 
assessing a condition in a subject. The method comprises the 
steps of measuring at least one speech-related variable in a 
subject; extracting a channel-delay correlation structure of 

FIG. SB depicts graphic representation of example for-
40 mant tracks and Delta-Mel-Cepstral features obtained from 

the input by the method and system shown in FIG. SA. 

DETAILED DESCRIPTION OF THE 
INVENTION 

the at least one speech-related variable; and generating an 45 

assessment of a condition of the subject, based on the 
correlation structure of the at least one speech-related vari­
able. 

A description of example embodiments of the invention 
follows. 

As used herein, the term "speech-related variable" means 
an anatomical or a physiological characteristic of a subject In another embodiment, the present invention is a system 

for assessing a condition in a subject. The system comprises 
a speech-related variable measuring unit that measures at 
least one speech-related variable in a subject; a channel­
delay correlation structure extractor that extracts a correla­
tion structure of the at least one speech-related variable; and 
an assessment generator that generates an assessment of a 
condition in the subject based on the correlation structure of 
the at least one speech-related variable. 

50 that can be measured during the subject's speech and can 
serve as a basis for generating an assessment of a condition 
of the subject, as described herein. Examples of speech­
related variables include formant frequencies, as defined 
below, Mel Frequency Cepstral Coefficents (MFCC) and 

55 Delta Mel Frequency Cepstral Coefficents (Delta MFCC), as 
defined below, prosodic characteristics of speech (that is any 
characteristic of speech that provides information about the 
timing, intonation, and/or energy), facial features of the The methods and the systems described herein are advan­

tageously language-independent. Additional advantages 
include channel-independence as the methods and systems 60 

disclosed herein employ data features that do not change 
with noise or power. 

speaker, and skin conductance of the speaker. 
Additional examples of speech-related variables include 

pitch, aspiration, rhythm, tremor, jitter, shimmer, other 
amplitude- and frequency-modulation functions, as well as 
their frequency decompositions. 

BRIEF DESCRIPTION OF THE DRAWINGS 

The patent or application file contains at least one drawing 
executed in color. Copies of this patent or patent application 

In some embodiments, certain speech-related variables 
65 are referred to herein as "low-level features." Such low-level 

features include the following. Harmonics-to-noise ratio 
(HNR):HNR is an estimate of the harmonic component 
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observable physical values such as blood pressure, skin 
conductance, and pulse rate, among others. 

As used herein, the term "channel" refers to a separate 
source of signal carrying information about the speech-

divided by the aspiration component in voiced speech, and 
can act as a measure of "breathiness" in a voice. It is 
computed over successive frames (e.g., every 10 ms). Aspi­
ration occurs when turbulence is generated at the vibrating 
vocal folds. 

Cepstral Peak Prominence (CPP): 
CPP is defined as the difference, in dB, between the 

magnitude of the highest peak and the noise floor in the 
power cepstrum for a time interval of greater than about 2 
ms and is computed over successive frames ( e.g., every 10 
ms). (The cepstrum is defined as the Fourier transform of the 
log-spectrum.) Several studies have reported strong corre­
lations between CPP and overall dysphonia perception, 
breathiness, and vocal fold kinematics. Facial action units 
(FAUs). FAU represent measurable differences between 
facial expressions, and relate to facial features derived from 
optical video of the face that correspond to muscle move­
ments of the face. The facial action coding system (FACS) 
quantifies localized changes in facial expression represent­
ing facial action units (FAUs) that correspond to distinct 
muscle movements of the face. 

5 related variable. Each channel can correspond to a unique 
sensor ( such as an EEG electrode) or to a unique extracted 
component of a signal, such as a feature of a speech signal. 
Although the speech signal can be detected using a single 
audio sensor, it can be subsequently separated into multiple 

10 channels. Examples of channels include formant frequency, 
defined below, and to Delta MFCC, defined below. 

The term "channel-delay," as used herein, refers to a 
series of values obtained by sampling the signal in a given 
channel at a certain time point over a certain time interval. 

15 The term "delay" refers to the time difference between the 
starting points of two time intervals. This is illustrated in 
FIG. 7, which is a plot showing frequency vs. time depen­
dencies of three example vocal tract formants carried over 
two example channels. Correlation and covariance values 

In further embodiments, a speech-related variable is a 
"pitch slope." The pitch slope is an estimate of the average 
pitch velocity over each phoneme. 

20 can be computed between any two series obtained as 
described above. For example, auto-correlation can be com­
puted when the series are obtained from the same channel, 
while cross-correlation can be obtained by using series 
obtained from different channels. 

25 As used herein, the term "channel-delay correlation struc-
ture" refers to a representation of the correlation (both auto­
and cross-) or covariance among channel-delay series of 
values described above. Such a representation can be con­
veniently expressed as a matrix. In one example embodi-

In a certain embodiment, a speech-related variable is not 
a phone. (As used herein, the term "phone" means "an 
instance of a phoneme in the actual utterances," where the 
term "phoneme" means "the smallest structural unit that 
distinguishes meaning in a language.") 30 ment, a channel-delay correlation matrix consists of the 

correlation coefficients from the Cartesian product of a set of 
channels and delays. 

As used herein, a "subject" includes mammals, e.g., 
humans, companion animals ( e.g., dogs, cats, birds, 
aquarium fish and the like), farm animals ( e.g., cows, sheep, 
pigs, horses, fowl, farm-raised fish and the like) and labo­
ratory animals (e.g., rats, mice, guinea pigs, birds, aquarium 35 

fish and the like). In a preferred embodiment of the disclosed 
methods, the subject is human. 

In various embodiments, the channel-delay correlation 
structure can employ the correlation or covariance among or 
between same or different speech-related variables. Sets of 
speech-related variables employs to compute such channel-
delay correlation structure can be referred to as high-level 
features" or "high-level coordination features." Examples of 
such high-level coordination features are provided below. 

Formant-CPP coordination features: Channel-delay cor­
relation and covariance measures computed between frame­
based formant and CPP features. 

CPP-coordination features: Channel-delay correlation 
and covariance measures computed between frame-based 

45 HNR and CPP features. 

As used herein, a "condition" includes any normal or 
pathological medical, physiological, emotional, neural, psy­
chological, or physical process or state in a subject that can 40 

be identified by the methods disclosed herein. Examples 
include, but are not limited to stress, traumatic brain injury, 
dementia, post-traumatic stress disorder, Parkinson's dis­
ease, aphasia, autism, Alzheimer's disease, dysphonia, 
Amyotrophic Lateral Sclerosis (ALS or Lou Gehrig's dis­
ease), stroke, sleep disorders, anxiety disorders, multiple 
sclerosis, cerebral palsy, and major depressive disorder 
(MDD). In further example embodiments, the condition is 
selected from traumatic brain injury, post-traumatic stress 
disorder, Parkinson's disease, aphasia, dysphonia, autism, 50 

Alzheimer's disease, Amyotrophic Lateral Sclerosis (ALS), 
stroke, multiple sclerosis, cerebral palsy, and major depres­
sive disorder (MDD). In a further example embodiment, the 
condition is selected from traumatic brain injury, dementia, 
Parkinson's disease, Alzheimer's disease, and major depres- 55 

sive disorder (MDD). Additionally, the term "condition" 
includes heat/cold exposure effects, effects of sleep depri­
vation, effects of fatigue and various emotional states such 
as anger, sadness, or joy. 

An "assessment" of the condition can be generated based 60 

on any known clinically used scale. Examples of such 
assessments include quantifiable values by which a condi­
tion can be predicted, diagnosed, or monitored by a clini­
cian. Examples of such values include clinical scores, such 
as Hamilton Depression Rating Scale (HAMD), the Beck 65 

Depression Inventory (BDI or Beck score), Quick Inventory 
of Depressive Symptomatology (QIDS) score, or directly 

FAU coordination features: Channel-delay correlation 
and covariance measures computed between pairs of FAUs 
(time-series at 30 Hz sampling). 

Formant-FAD coordination features: Channel-delay cor­
relation and covariance measures computed between frame­
based formant and FAU features. 

CPP-FAU coordination features: Channel-delay correla­
tion and covariance measures computed between frame­
based CPP and FAU features. 

HNR-FAU coordination features: Channel-delay correla­
tion and covariance measures computed between frame­
based HNR and FAU features. 

In another example embodiment, the correlation structure 
includes the eigenvalues of the channel-delay correlation 
and covariance matrices, which may be obtained using 
multiple sets of delays (i.e., multiple delay scales). 

In certain example embodiments of the methods described 
herein, a feature vector consisting of the rank-ordered eigen­
values is constructed from the channel-delay correlation 
matrix at a given delay scale. From the channel-delay 
covariance matrix at a given delay scale, in certain example 
embodiments, it is possible to construct a feature vector 
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contmmng two elements: (1) the log of the sum of the 
eigenvalues, and (2) the sum of the log of the eigenvalues. 

6 
include a formant frequency or, for example, at least two 
formant frequencies. Alternatively or additionally, the at 
least one speech-related variable can include a Mel Fre­
quency Cepstral Coefficient (MFCC), or a Delta Mel Fre-

As used herein, the term "formant frequency" ( or "for­
mant") refers to "one of the spectral peaks of the sound 
spectrum of the voice." A formant frequency usually corre­
sponds to an acoustic resonance of the human vocal tract. It 

5 quency Cepstral Coefficient (Delta MFCC) or, for example, 
at least two Delta MFCCs. 

is often measured as an mnplitude peak in the frequency 
spectrum of the sound, often displayed as a spectrogram. 
Formants are the distinguishing frequency components of 
human speech. The formant frequencies with the lower 10 

values are the "first formants" fl, f2, f3, etc. respectively. 
As used herein, the term "Mel Frequency Cepstral Coef­

ficents" (MFCC) refers to the coefficients that collectively 
make up a "mel-frequency cepstrum" (MFC), which is a 15 
representation of the short-term power spectrum of a sound 
signal. The term "cepstrum" refers to the result of taking the 
Inverse Fourier transform (IFT) of the logarithm of the 
spectrum of a signal. The term "me!" refers to the use of the 
"me! scale" or similar filterbank by the methods that obtain 20 

MFCC. The "me! scale" is a perceptual scale of pitches 
judged by listeners to be equal in distance from one another. 

The MFCCs are commonly derived as follows: (1) Take 
the Fourier transform of a windowed excerpt of a signal. (2) 
Apply the me! filterba!lk to the power spectrum obtained in 25 

(1), sum the energy in each filter. (The mel-scale filterbank 
is commonly implemented as triangular overlapping win­
dows.) (3) Take the logarithm of all filterba!lk energies. (4) 
Take the discrete cosine transform (DCT) of the list of 
values obtained in (3) to arrive at the MFCCs. The number 30 

of the filters in the mel-scale filter bank dictates the number 
ofMFCCs. 

The Delta MFCCs are computed based on the MFCCs as 
follows: 

To calculate the delta coefficients, the following formula 35 

can be used: 

In exmnple embodiments, the charmel-delay correlation 
structure includes charmel-delay correlation values and/or 
channel-delay covariance values. The correlation values and 
the covariance values can be represented by a charmel-delay 
correlation matrix or a channel-delay covariance matrix, 
respectively. 

In example embodiments, the method of the present 
invention can be used to generate an assessment of a 
condition selected from traumatic brain injury, post-trau­
matic stress disorder, Parkinson's disease, Aphasia, Dyspho­
nia, Autism, Alzheimer's disease, Amyotrophic Lateral Scle­
rosis (ALS), often referred to as Lou Gehrig's Disease, 
stroke, sleep disorders, anxiety disorders, multiple sclerosis, 
cerebral palsy, and major depressive disorder (MDD). In an 
example embodiment, the condition is MDD. 

In an exmnple embodiment, the present invention is a 
method of assessing MDD in a subject, comprising measur­
ing the first three formant frequencies in a subject; extracting 
from the first three formant frequencies a correlation struc­
ture that includes a charmel-delay correlation matrix or a 
channel-delay covariance matrix; and generating an assess­
ment of MDD in the subject, based on the correlation 
structure. 

In another example embodiment, the present invention is 
a method of assessing MDD in a subject, comprising mea­
suring the first sixteen Delta MFCCs in a subject; extracting 
from the first sixteen Delta MFCCs a correlation structure 
that includes a channel-delay correlation matrix or a chan­
nel-delay covariance matrix; and generating an assessment 
of MDD in the subject, based on the correlation structure. 

N 

.L n(Ct+n - Ct-n) 

dr= _n~_I __ N __ _ 

In an example embodiment, the condition is MDD, and 
generating the assessment of the condition includes gener­
ating an estimate of a Beck score, a Hamilton-D score, or a 

40 QIDS score of the subject. 

2.Z.: n2 

n=l 

where d, is a delta coefficient, from frmne t computed in 
terms of the MFC coefficients ranging from c,+N to c,-N. A 
typical value for N is 1 or 2. The number of Delta MFCC is 
determined by the number of MFCCs. 
A person of ordinary skill in the art of speech processing can 
implement the extraction of formant frequencies and Delta 
MFCC from a subject's speech using well-known algo­
rithms described, for example in T. F. Quatieri, Discrete­
Time Speech Signal Processing: Principles and Practice, 
Prentice Hall, 2001 (Chapter 5) and D. Mehta, D. Rudoy, 
and P. Wolfe. Kalman-based autoregressive moving average 
modeling and inference for formant and antiformant track­
ing. The Journal of the Acoustical Society of America, 
132(3), 1732-1746, 2012. The relevant portions of these 
publications are incorporated herein by reference. 

In exmnple embodiments, the method further includes 
displaying the estimate of the Beck score, the Hamilton-D 
score, or a QIDS score of the subject. 

In an example embodiment, the invention is a system for 
45 assessing a condition in a subject. The system comprises a 

speech-related variable measuring unit that measures at least 
one speech-related variable in a subject; a charmel-delay 
correlation structure extractor that extracts a correlation 
structure of the at least one speech-related variable; and an 

50 assessment generator that generates an assessment of a 
condition in the subject based on the correlation structure of 
the at least one speech-related variable. In exmnple embodi­
ments, the system further includes a display. The display can 
display the estimate of the Beck score, the Hamilton-D score 

55 or a QIDS score of the subject. 
The methods and systems disclosed herein can be used as 

a non-invasive clinical tool, for example for remote assess­
ment of a condition as well as for detection of emotional 
states of a subject. 

Accordingly, in an example embodiment, the present 60 

invention is a method of assessing a condition in a subject. 
The method comprises measuring at least one speech-related 
variable in a subject; extracting a charmel-delay correlation 
structure of the at least one speech-related variable; and 
generating an assessment of a condition of the subject, based 65 

on the correlation structure of the at least one speech-related 
variable. For example, the speech-related variables can 

The methods and systems of the present invention can 
employ either an estimation algorithms or a classification 
algorithm to generate an assessment of a condition. Any 
known estimation or classification algorithm can be 
employed. 

As used herein, "estimation" is a process of deriving a 
value ( or a measure) related to a condition from a set of 
speech-related variables. As used herein, "classification" is 
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a process of assigning a condition to one out of a plurality 
of possible discrete categories based on a set of speech­
related variables. Classification for major depressive disor­
der, for example, might involve categorizing a person as 
exhibiting clinical depression ( category 1) or not exhibiting 5 

clinical depression (category 2). 

8 
time-varying microphone placements. With these two 
complementary feature sets, using the AVEC 2013 depres­
sion dataset, a novel Gaussian mixture model (GMM)-based 
multivariate regression scheme was designed, referred to as 
Gaussian Staircase Regression. Gaussian Staircase Regres­
sion provides a root-mean-squared-error (RMSE) of 7.42 
and a mean-absolute-error (MAE) of 5.75 on the standard 
Beck depression rating scale. 

An example embodiment of a system implementing the 

Any of estimation approaches known to a person of 
ordinary skill in the art can be employed by the example 
embodiments of the system and methods described herein. 
Examples include: 

weighing the features derived from analyzing the channel­
delay correlation structure of a test utterance by a set of 
values derived from correlations between such features 
and a condition and summing these weighted values; 
the weights can optionally be normalized; 

10 methods described herein is illustrated in the block diagram 
shown in FIG. SA. Method 100 receives input 102 (e.g., 
subject's speech), which is preprocessed in step 104. The 
example results of such preprocessing, formant tracks and 
delta-Mel-Cepstral features, are illustrated in FIG. SB. The 

employing Pearson correlation and testing for a linear 
relationship between the features derived from analyz-
ing the channel-delay correlation structure of a test 
utterance and a measure of a condition; 

15 features of input 102 used in the analysis by the method and 
system described herein are extracted in step 106. The data 
is statistically analyzed in step 108, using machine learning 
techniques (step 110). The results of the statistical analysis 

employing Spearman correlation and testing for a mono- 20 

tonic relationship between the features derived from 
analyzing the channel-delay correlation structure of a 
test utterance and a measure of a condition. 

Further examples of algorithms suitable for estimation 
include: minimum mean squared error estimation (MMSE); 25 

Bayes least squared error estimation (BLSE); Maximum­
likelihood estimation; Maximum a posteriori (MAP) esti­
mation; Bayes estimation; linear classifiers; Fisher's linear 
discriminant; employing logistic regression; Naive Bayes 
classifier; Perceptron (a single layer, neural-net classifier 30 

which takes features as input and outputs a classification); 
support vector machines (SVM); least squares support vec-

are subjected to univariate regression in step 112. Method 
100 produces output 114, which is, in one embodiment, an 
assessment of a condition in a subject. 

2. AVEC 2013 Database 
The AVEC 2013 challenge uses a subset of the audio­

visual depressive language corpus (AVDLC), which 
includes 340 video recordings of 292 subjects performing a 
human-computer interaction task while being recorded by a 
webcam and a microphone and wearing a headset. The 
16-bit audio was recorded using a laptop sound card at a 
sampling rate of 41 KHz. The video was recorded using a 
variety of codecs and frame rates, and was resampled to a 
uniform 30 frames-per-second. For the challenge, the 
recording sessions were split into three partitions, with 50 
sessions each: a Training, Development, and Test set. 

Recording lengths fall between 20-50 minutes with a 
tor machines; quadratic classifiers; kernel estimation; 
K-nearest neighbor; boosting; decision trees; neural net­
works; Bayesian networks; and vector quantization. 

EXEMPLIFICATION 

Example 1: Vocal Biomarkers Based on Motor 
Incoordination are Indicative of Major Depressive 

Disorder 

35 25-minute mean value. The mean age is 31.5 years, with a 
standard deviation of 12.3 years over a range of 18 to 63 
years. The recordings took place in a number of quiet 
environments and consisted of: sustained vowel phonation; 
speaking loud while solving a task; counting from 1 to 1 O; 

40 read speech; singing; telling a story from the subject's own 
past; and telling an imagined story. Only the read speech was 
used (the 3rd read passage). 

1. Introduction 
In Major Depressive Disorder (MDD), neurophysiologic 

changes can alter motor control and therefore alter speech 45 

production by influencing the characteristics of the vocal 
source, tract, and prosodies. Clinically, many of these char­
acteristics are associated with psychomotor retardation, 
where a patient shows sluggishness and motor disorder in 
vocal articulation, affecting coordination across multiple 50 

aspects of production. In this paper, we exploit such effects 

3. Feature Construction 
Two vocal feature domains were selected in which to 

represent underlying changes in vocal tract shape and 
dynamics: formant frequencies and delta-mel-cepstra coef­
ficients (Delta MFCC). It was hypothesized that such 
changes occur with motor control aberrations due to a 
depressed state. The auto- and cross-correlations among 
"channels" of each measurement domain become the basis 
for key depression features. 

3 .1 Data Segmentation 
The goal of data segmentation is to provide, from each 

session in the Training and Development sets, representative 
55 speech data segments with as much extraneous variation 

removed as possible. It has previously been found that vocal 
biomarkers for depression assessment are sufficiently reli­
able when comparing identical read passages. Therefore, it 
was decided to focus on the third read passage, which has 

by selecting features that reflect changes in coordination of 
vocal tract motion associated with MDD. In a series of 
experiments, changes in correlation structure that occur at 
different time scales across formant frequencies and also 
across channels of the delta-mel-cepstrum were investi­
gated. More specifically, in the series of experiments 
described below, inter-relationships across aspects of speech 
production was exploited by selecting features that reflect 
dynamical changes in coordination within two particular 
vocal tract representations: (1) formant-frequency tracks, 
capturing coordination across vocal tract resonant frequen­
cies, and (2) temporal characteristics of mel-cepstral fea­
tures, capturing coordination in vocal tract spectral shape 
dynamics. Both feature domains provide measures of coor- 65 

dination in vocal tract articulation while reducing effects of 
a slowly-varying linear channel, which can be introduced by 

60 sufficient duration to provide robust feature estimates (mean 
duration of 226 seconds, with standard deviation of 66 
seconds), and which is also in the speakers' common native 
language (German). This passage was segmented using a 
semi-automated procedure. 

To remove an additional source of extraneous variation, 
all speech pause segments greater, than 0.75 seconds were 
detected, and then removed from both of the feature 
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The two feature sets used in this study consisted of the 
first 3 formants and the first 16 delta-mel-cepstra coeffi­
cients, both of which were provided at 10-ms frame inter­
vals. The cross-correlation analysis of these time series was 

domains, stitching together the feature values across each 
removed pause segment. This was performed because the 
presence of long speech pauses provides an extraneous 
source of low frequency dynamics in the formant and 
delta-mel-cepstral features that are not necessarily related to 
depression level. Pause detection was performed using an 
automated procedure that detects local smooth periods in the 
formant frequency tracks. These smooth periods occur when 

5 conducted at four different time delay scales. These scales 
involved computing correlations among time series that 
were shifted in time relative to each other at four different 
sample delay spacings: 1, 2, 4, and 8. These spacings 

the formant tracker (described below) coasts over non-
speech or steady regions. 10 

3.2 Formant Frequencies 
Vocal tract formant dynamics were loosely associated 

with vocal articulation as one means to represent articulatory 
changes in the depressed voice. There are a variety of 15 
approaches to the on-going challenge of formant estimation 
and tracking. We have selected an algorithm recently devel­
oped by Rudoy, Mehta, Spendley, and Wolfe based on the 
principle that formants are correlated with one another in 
both the frequency and time domains. (See, D. Ruday, D. N. 20 

Spcendley, and P. Wolfe. Conditionally linear Gaussian 
models for estimating vocal tract resonances, Proc. Inter­
speech. 526-529, 2007 and D. Mehta, D. Rudoy, and P. 
Wolfe. Kalman-based autoregressive moving average mod­
eling and inference for formant and antiformant tracking. 25 

The Journal of the Acoustical Society of America, 132(3), 
1732-1746, 2012. The entire teachings of both of these 
references are incorporated herein by reference.) Formant 
frequencies are computed at 10-ms data frames. Embedded 
in the algorithm is a voice-activity detector that allows a 30 

Kalman predictor to smoothly coast consistently through 
nonspeech regions. Because only formant frequencies were 
used, these features are approximately immune to slowly­
varying linear channel effects. 

corresponded to time delays in increments of 10-ms, 20-ms, 
40-ms, and 80-ms. 

A multi-scale approach was used to characterize the 
coupling patterns among the signals over different ranges of 
delays. For the formant frequency feature set, 30 time delays 
were used per delay scale, and for the delta-mel-cepstral 
feature set, 10 time delays were used per delay scale. The 
formant features were analyzed using a single feature frame 
that spans the entire data segment, whereas the delta-mel­
cepstral features were analyzed using a sliding 60 s feature 
frame, applied at 30 s intervals. 

The results are presented in FIG. 1. FIG. 1 shows channel­
delay correlation matrices (3rd delay scale, with time delays 
in increments of 40-ms) constructed from the formant tracks 
of two different subjects. These matrices each contain nine 
30x30 blocks, each block consisting of the within- or 
cross-channel correlation coefficients for a pair of formant 
tracks. These coefficients were computed using all possible 
pairwise combinations of the 30 time-delayed versions of 
each channel. The 30x30 blocks along the main diagonal 
contained the within-channel correlations and the 30x30 
off-diagonal blocks contained the cross-channel correla­
tions. The matrix shown in the top panel of FIG. 1 was 
derived using a healthy subject (Beck score 0) speech. The 
matrix shown in the bottom panel was derived from a 
severely depressed subject (Beck score 44) subject's speech. 

3.3 Mel-Cepstra 
To introduce vocal tract spectral magnitude information, 

standard mel-cepstra (MFCCs) was used, provided by the 
AVEC challenge, as a basis for a second feature set. Spe­
cifically, we use delta-mel-cepstra generated by differencing 

35 Note that the healthy-subject matrix had a more vivid 
appearance, containing auto- and cross-correlation patterns 
that look sharper and more complex. 

the first 16 mel-cepstra across consecutive 10-ms data 40 

frames, thus introducing a dynamic spectral component and 
also reducing slowly-varying channel effects through the 
cepstral difference operation. 

3.4 Correlation Structure Features 
It was hypothesized that the structure of the correlations 45 

of formant frequencies and of delta-mel-cepstral coefficients 
reflects the physiological coordination of vocal tract trajec­
tories, and thus reveals motor symptoms of depression. A 
multivariate feature construction approach, based on cross­
correlation analysis, was used to characterize the correlation 50 

structure among the signals from these two speech feature 
domains. A detailed description of this feature analysis 
approach is in J. R. Williamson, D. W. Bliss, D. W. Browne, 
and J. T. Narayanan. Seizure prediction using EEG spa­
tiotemporal correlation structure. Epilepsy & Behavior, 55 

25(2), 230-238, 2012, incorporated herein by reference in its 
entirety. 

These qualitative differences between the correlation 
matrices were quantified using the matrix eigenspectra, 
which are the rank-ordered eigenvalues. These features were 
invariant to the underlying ordering of the channels (ran-
domly permuting them will produce identical eigenspectra), 
capturing instead the levels of correlation among all the 
channels. The eigenspectra from the two matrices are shown 
in FIG. 2, with the eigenvalues from the healthy subject in 
blue and from the depressed subject in red. The eigenspectra 
from the depressed patient contains a greater fraction of 
power in the first few eigenvalues, so that there is relatively 
less high-frequency correlation, indicating reduced com­
plexity and independent variation in this subject's formant 
tracks. The divergence in eigenspectra between the healthy 
and the depressed subjects suggested that this technique 
could provide an effective basis for estimating depression 
levels. 

Additionally, eigenspectra from channel-delay covariance 
(as opposed to correlation) matrices at each delay scale were 
also used in order to characterize signal magnitude infor­
mation. From each covariance eigenspectrum, two summary 
statistics were computed that capture the overall covariance 

In this approach, channel-delay correlation and covari­
ance matrices were computed from multiple time series 
channels. Each matrix contained correlation or covariance 
coefficients between the channels at multiple relative time 
delays. The approach was motivated by the observation that 
auto- and cross-correlations of measured signals can reveal 
hidden parameters in the stochastic-dynamical systems that 
generate the signals. Changes over time in the eigenvalue 
spectra of these channel-delay matrices registered the tem­
poral changes in coupling strengths among the channels. 

60 power and entropy. 
The cross-correlation analysis produced, from each fea­

ture frame, a high dimensional feature vector of correlation 
matrix eigenvalues and covariance matrix power and 
entropy values. These feature vectors consisted of 368 

65 elements in the formant domain (3 formant channels, 4 delay 
scales, 30 delays per scale, and 2 covariance features per 
scale), and 648 elements in the delta-mel-cepstral domain 
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tially gender). The Gaussian means were adapted indepen­
dently in each data partition based on subject identity, using 
mixing weights computed as n/(0.5+n), where n is the 
number of 60 s frames from the currently evaluated Devel-

(16 delta-mel-cepstral channels, 4 delay scales, 10 delays 
per scale, and 2 covariance features per scale). The features 
within each domain were highly correlated, and so the final 
stage of feature construction was dimensionality reduction, 
using principal component analysis (PCA), into a smaller set 
of uncorrelated features. This was done independently 
within each feature domain. A critical step was to first 
normalize each of the features into standard units (zero mean 
unit variance), which allowed the variation of each feature 
to be considered relative to its baseline variation across the 
feature frames in all the sessions in the Training set. The top 
n principal components were input from each domain into 
the machine learning algorithm for depression estimation, 
which is described below. The appropriate n was empirically 
determined independently for each feature domain. 

5 opment subject that are in the Training set. 
The frame rates for correlation structure features were 

different for the two feature domains, and so multivariate 
fusion of the principal component features from the two 
domains required frame registration. The formant-based 

10 feature vector is computed using a single frame for each 
session, whereas the delta-mel-cepstral-based feature vec­
tors are computed using 60 s frames with 30 s overlap. 
Frame registration was done by duplicating the single for­
mant feature vector from each session, and pairing it (via 

4. GMM-Based Regression Analysis 
The feature construction approach described in Section 

3.4, above, may produce multiple principal component 
features that are each weakly correlated with the Beck score. 
In addition, the patterns of correlation between features and 
Beck score may differ from one subject to the next. There­
fore, a multivariate fusion and regression approach that can 
effectively combine the information from multiple input 
features and also take advantage of contextual information 
such as subject identity ( or potentially gender) in making its 
depression predictions was desired. For this purpose, Gauss­
ian Mixture Models (GMMs) was used in the experiments 
described herein. 

15 vector concatenation) with the 6-dimensional delta-mel­
cepstral feature vector from each frame, thereby creating the 
11-dimensional fused feature vectors. When evaluating the 
formant features by themselves, these duplicated formant 
feature vectors were also used, in order to make comparisons 

20 over different feature combinations consistent. Using fea­
tures extracted at fixed time intervals (60 second frames, 
with 30 second overlap) caused longer duration read pas­
sages to produce a larger number of feature vectors, thereby 
causing these passages to be slightly overrepresented in the 

25 Training set. 

4.1 Multivariate Fusion 

4.2 Training and Test Procedures 
The Beck score predictions were made for each Devel­

opment session based on parameters estimated from the 50 
sessions in the Training set. The Beck score predictions were 

The regression approach described herein accomplished 
fusion of the multivariate feature density for non-depressed 
(Class 1) and depressed (Class 2) subjects using a novel 
approach referred to herein as Gaussian Staircase Regres­
sion. This approach created a GMM for Class 1 and for Class 

30 generated as follows. The high-dimensional correlation 
structure features from the Training feature frames were 
normalized to have zero variance and unit standard devia­
tion, and these normalization coefficients were then applied 

2 based on multiple data partitions. The GMMs produced 35 

likelihoods for Class 1 and Class 2 on the multiple data 
frames for each session. The GMM test statistic for a session 
was the log likelihood ratio of the mean Class 2 likelihoods 
and mean Class 1 likelihoods. A univariate regression func­
tion was then created from the GMM test statistics on the 40 

(AVEC) Training set and the corresponding Beck scores. 
This regression function, when applied to the GMM test 
statistic from a (AVEC) Development session, was used to 
produce a Beck score prediction. 

Gaussian Staircase Regression used multiple partitions of 45 

the Training feature vectors. In each partition, vectors were 
assigned to the two classes by comparing their Beck scores 
to a different Beck score threshold. Eight partitions were 
used, corresponding to Beck score thresholds of 5, 10, ... 
, 40. Therefore, rather than the standard approach of training 50 

a GMM using Expectation-Maximization from a fixed data 
partition between depressed and non-depressed subjects, the 
GMM was formed directly from an ensemble of Gaussian 
classifiers that were trained from multiple data partitions. 
This partitioning approach thereby created a "staircase" of 55 

increasing Gaussian density support in the feature space for 
Class 1 along the continuum of lower Beck scores, and for 
Class 2 along the continuum of higher Beck scores. The 
Gaussian densities used full covariance matrices, with a 
constant value of 0.2 added to the diagonal terms for 60 

improved regularization. 
This approach resulted in a test statistic that tended to 

smoothly increase with increasing depression, providing a 
strong basis for subsequent univariate regression. In addi­
tion, by using explicit Gaussian densities, it allowed the use 65 

of Bayesian adaptation of the Gaussian densities from 
contextual information such as subject identity (and paten-

to the high-dimensional correlation structure features from 
the Development feature frames. Next, PCA was applied 
independently to each feature domain, generating the fol-
lowing number of components per feature domain: 5 prin­
cipal components for the formant domain, and 6 principal 
components for the delta-mel-cepstral domain. As with the 
feature normalization procedure, the PCA transformation 
coefficients were determined from the Training features and 
then applied to the Development features. The principal 
component features were subsequently normalized to zero 
mean, unit standard deviation (again, with normalizing 
coefficients obtained from the Training set only) and applied 
to the Development set prior to the GMM-based multivariate 
regression, described in Section 4.1. 

The following procedure was repeated for all of the 50 
sessions in the Development set to obtain the 50 Beck score 
predictions. Given the subject identity for each Develop­
ment session, subject adaptation of the Training set GMMs 
was performed, and test statistics for the 50 Training set 
sessions was produced. Because GMM likelihoods were 
produced at each of multiple feature frames per session, the 
single test statistic per session was the log likelihood ratio of 
the mean of the GMM likelihoods for Class 2 and for Class 
1. The 50 Training set test statistics were used to create a rd 

order regression with the corresponding Training set Beck 
scores. This regression equation was then applied to the 
single Development test statistic value to obtain a predicted 
Beck score for that session. Because negative Beck scores 
are impossible, negative predictions were set to zero. 

5. Prediction Results 
The feature extraction and regression approach described 

above was applied to the 3rd read AVEC passage from each 
session as a basis for predicting depression. FIG. 3 shows 
scatter plots, with the GMM Development set test statistics 
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on the x-axis and the Development set Beck scores on the 
y-axis. These plots represent three different combinations of 
the two feature sets: top panel-formant features only, 
middle panel----delta-mel-cepstral features only, and bottom 
panel-both feature domains combined. A solid line shown 

14 
number of partitions corresponded to the number of Gauss­
ian components in the Class 1 GMM and Class 2 GMM 
created by the Gaussian staircase technique. An alternative 
method of training the GMMs using expectation-maximiza-

5 tion from a single fixed data partition was also attempted, 
but produced inferior results compared to Gaussian staircase in each panel represents a rd order regression fit to these 

Development test statistics. It is noted that the regressions 
shown in FIG. 3 are different from those used to generate the 
Beck predictions. As described in Section 4.2, above, the 
Beck score predictions were made using different regres- 10 

sions for each Development set subject, based on subject­
adapted Training set GMMs. 

regression. 
Another interesting data comparison concerned the rela­

tive usefulness of mel-cepstral versus delta-mel-cepstral 
features as input to the cross-correlation analysis technique. 
Both features were useful, but better performance was 
established using the delta mel-cepstral features, obtaining 
MAE=7.92 as opposed to MAE=S.52 for the mel-cepstral 

TABLE 1 

Prediction results for three feature domain 
combinations, witb speaker-based adaptation. AVEC baseline 
audio prediction scores are RMSE - 10.75 and MAE - 8.66 

18 . 

Feature Domain 

Formant only 
Delta-mel-cepstral 
Combined 

RMSE 

8.50 
9.66 
7.42 

MAE 

6.87 
7.92 
5.75 

R 

0.68 
0.61 
0.80 

Table 1 shows the error metrics and Pearson correlations 
for the three feature set combinations introduced in FIG. 3. 
The best Beck score predictions were obtained using the 
combined feature sets (in which the feature vector consists 
of 11 principal components), thereby demonstrating their 
complementary nature. These results had a root-mean­
squared-error (RMSE) of 7.42 and a mean-absolute error 
(MAE) of 5.75 on the standard Beck depression rating scale. 
These results also demonstrate large performance improve­
ments compared to the AVEC baseline audio prediction 
scores, which are RMSE of 10.75 and MAE of 8.66. 

TABLE 2 

Prediction results for three feature domain 
combinations, witbout speaker-based adaptation. AVEC 

baseline audio prediction scores are RMSE - 10.75 and MAE -
8.66 18. 

Feature Domain 

Formant only 
Delta-mel-cepstral 
Combined 

RMSE 

9.97 
10.05 
8.68 

MAE 

7.92 
8.24 
7.12 

R 

0.56 
0.53 
0.70 

It is useful to understand the relative importance of 
different elements of the prediction system. One element is 
subject-based adaptation of the Gaussian components. Table 
2 illustrates the importance of this step, showing that pre­
diction accuracy was degraded if this step was removed. 
Another element was the use of multiple data partitions in 
the Gaussian staircase regression technique. The results 
shown in FIG. 3 and Tables 1 and 2 were obtained with eight 
data partitions, corresponding to Beck score thresholds of 5, 
10, ... , 40. The effect of varying the number of partitions 
was also investigated. The results are shown in FIG. 4. The 
MAE values from the combined features were plotted as a 
function of the number of data partitions. For multiple 
partitions, the outside partition threshold values of 5 and 40 
were kept fixed, and intermediate threshold values spaced at 
equal intervals were used. For the single partition case, the 
midpoint threshold value of22.5 was used. As FIG. 4 shows, 
the algorithm was relatively insensitive to the number of 
partitions, provided there were at least four of them. The 

15 features (processed with smallest delay scale only, and three 
principal components). While using these two cepstral fea­
ture sets in conjunction improved performance compared to 
either one alone (MAE=7.32), it was found that adding the 
mel-cepstral features to the combined formant and delta-

20 mel-cepstral features slightly degrades performance 
(MAE=5.92 vs. MAE=5.75). 

Insight into these cepstral variants was obtained by view­
ing examples of their channel-delay correlation matrices. 
FIG. 5 shows the delta-mel-cepstral matrices at the smallest 

25 delay scale for the same healthy and depressed sessions that 
are also illustrated in FIG. 1 for the formant-based correla­
tion matrices. It was noted that the healthy subject (top 
panel) showed sharper and less erratic cross-correlation 
patterns compared to the depressed subject (bottom panel). 

3° FIG. 6, on the other hand, shows the corresponding corre­
lation matrices for these sessions derived from the original 
mel-cepstral features. These matrices showed greater differ­
entiation in the correlations between different channel pairs, 

35 
which is due to slowly varying channel effects. This resulted 
in lower relative differentiation within the same channel pair 
across time delays. 

6. Conclusion 
The ability to achieve good prediction accuracy of depres-

40 sion using only two vocal feature domains, and only a single, 
roughly 4-minute long read passage, demonstrates that a 
solid foundation for depression estimation from vocal bio­
markers was achieved. 

45 Example 2: The Use of Additional Speech-Related 
Variables to Assess Major Depressive Disorder 

Harmonics-to-Noise Ratio (HNR): 
A spectral measure of harmonics-to-noise ratio was per-

50 formed using a periodic/noise decomposition method that 
employs a comb filter to extract the harmonic component of 
a signal. This "pitch-scaled harmonic filter" approach used 
an analysis window duration equal to an integer number of 
local periods (four in the current work) and relied on the 

55 property that harmonics of the fundamental frequency exist 
at specific frequency bins of the short-time discrete Fourier 
transform (DFT). In each window, after obtaining an esti­
mate of the harmonic component, subtraction from the 
original spectrum yielded the noise component, where inter-

60 polation filled in gaps in the residual noise spectrum. The 
time-domain signals of the harmonic and noise components 
in each frame were obtained by performing inverse DFTs of 
the respective spectra. Overlap-add synthesis was then used 
to merge together all the short-time segments. The short-

65 time harmonics-to-noise ratio is the ratio, in dB, of the 
power of the decomposed harmonic signal and the power of 
the decomposed speech noise signal. 
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Cepstral Peak Prominence (CPP): 
16 

15 delays per scale, top 20 eigenvalues per scale, and 2 
covariance features per scale). For delta MFCC xcorr fea­
tures, the vectors consisted of 968 elements (16 channels, 4 
scales, 15 delays per scale, and 2 covariance features per 

There is an interest in developing improved acoustic 
measures that do not rely on an accurate estimate of funda­
mental frequency, as required for jitter and shimmer mea­
sures A strong correlations between cepstral peak promi­
nence (CPP) and overall dysphonia perception, breathiness, 
and vocal fold kinematics exists. CPP, defined as the differ­
ence, in dB, between the magnitude of the highest peak and 

5 scale). 

the noise floor in the power cepstrum for frequencies greater 
than 2 ms ( corresponding to a range minimally affected by 
vocal tract-related information) was computed every 10 ms. 

Facial coordination features were obtained by applying 
the xcorr technique to the FAU time series using the same 
parameters that were used to analyze the vocal-based fea­
tures. Because of the 30 Hz FAU frame rate, spacing for the 
four time scales corresponded to time sampling in incre-

lO ments of approximately 33 ms, 100 ms, 234 ms, and 500 ms. 
Facial Action Unit (FAU): 
Measurable differences exist between facial expressions 

of people suffering from MDD and facial expressions of 
non-depressed individuals. EMG monitors can register 
facial expressions that are imperceptible during clinical 15 

assessment, and can find acute reductions in involuntary 
facial expressions in depressed persons. The facial action 
coding system (FACS) quantifies localized changes in facial 
expression representing facial action units (FAUs) that cor­
respond to distinct muscle movements of the face. Although 

20 
the FACS provides a formalized method for identifying 
changes in facial expression, its implementation for the 
analysis of large quantities of data has been impeded by the 
need for trained annotators to mark individual frames of a 
recorded video session. For this reason, the University of 
California San Diego has developed a computer expression 25 

recognition toolbox (CERT) for the automatic identification 
of FAUs from individual video frames. Each FAU feature 
was converted from a support vector machine (SVM) hyper­
plane distance to a posterior probability using a logistic 
model trained on a separate database of video recordings. 30 
Henceforth, the term FAU refers to these frame-by-frame 
estimates of FAU posterior probabilities. 

In the present study, certain speech-related variables 
("high level features") used in this study were designed to 
characterize properties of coordination and timing of other 
speech-related variables ("low level features"). The mea- 35 

sures of coordination used assessments of the multi-scale 
structure of correlations among the low-level features. This 
approach was motivated by the observation that auto- and 
cross-correlations of measured signals could reveal hidden 
parameters in the stochastic-dynamical systems that gener- 40 

ate the time series. This multivariate feature construction 
approach-first introduced for analysis of EEG signals for 
epileptic seizure prediction-has been successfully applied 
to speech analysis for estimating depression, the estimation 
of cognitive performance associated with dementia, and the 45 
detection of changes in cognitive performance associated 
with mild traumatic brain injury. 

Channel-delay correlation and covariance matrices were 
computed from multiple time series channels ( of given vocal 
and facial parameters). Each matrix contained correlation or 
covariance coefficients between the channels at multiple 50 

relative time delays. Changes over time in the coupling 
strengths among the channel signals caused changes in the 
eigenvalue spectra of the channel-delay matrices. The matri-
ces were computed at four separate time scales, in which 
successive time delays corresponded to frame spacings of 1, 55 

3, 7, and 15. Overall covariance power (logarithm of the 
trace) and entropy (logarithm of the determinant) were also 
extracted from the channel-delay covariance matrices at 
each scale. 

After investigating multiple combinations of the low-
60 

level vocal features as input to the xcorr analysis, it was 
found that the best overall performance is achieved using the 
following three combinations: 1) Formant-CPP, 2) CPP­
HNR, and 3) delta MFCC. 

For Formant-CPP xcorr features, vectors consisted of 248 
elements ( 4 channels, 4 time scales, 15 delays per scale, and 65 

2 covariance features per scale). For CPP-HNR xcorr fea­
tures, vectors consisted of 88 elements (2 channels, 4 scales, 

EQUIVALENTS 

While this invention has been particularly shown and 
described with references to example embodiments thereof, 
it will be understood by those skilled in the art that various 
changes in form and details may be made therein without 
departing from the scope of the invention encompassed by 
the appended claims. 

What is claimed is: 
1. A computer implemented method of assessing a con­

dition of a subject, the method comprising: 
receiving, at a computing device, a digitized microphone 

signal representing an acoustic signal, including the 
subject's speech, received at a microphone of the 
device; 

processing, using the computing device, the digitized 
microphone signal to produce successive values of at 
least one speech-related variable; 

determining, using the computing device, a plurality of 
delays of the at least one speech-related variable; 

calculating, using the computing device, a channel-delay 
correlation or covariance matrix from the plurality of 
delays of the at least one speech-related variable; 

determining, using the computing device, a correlation 
structure of the at least one speech-related variable, 
including determining a matrix eigenspectrum from the 
channel-delay correlation or covariance matrix; 

generating, using the computing device, an assessment of 
the condition of the subject, based at least in part on the 
matrix eigenspectrum of the correlation or covariance 
matrix of the correlation structure of the at least one 
speech-related variable; and 

displaying, on a display, the assessment of the condition 
of the subject for use by a clinician to predicted, 
diagnosed, or monitor the condition of the subject. 

2. The method of claim 1, wherein the at least one 
speech-related variable includes a formant frequency. 

3. The method of claim 2, wherein the at least one 
speech-related variable includes two or more formant fre­
quencies. 

4. The method of claim 1, wherein the at least one 
speech-related variable includes a facial action unit, the 
facial action unit corresponding to muscle movements of the 
face. 

5. The method of claim 1, wherein the at least one 
speech-related variable includes a Mel Frequency Cepstral 
Coefficient. 

6. The method of claim 1, wherein the at least one 
speech-related variable includes a Delta Mel Frequency 
Cepstral Coefficient. 

7. The method of claim 6, wherein the speech-related 
variables are two or more Delta Mel Frequency Cepstral 
Coefficients. 

8. The method of claim 1, wherein the channel-delay 
correlation or covariance matrix includes channel-delay 
correlation values. 

9. The method of claim 1, wherein the channel-delay 
correlation or covariance matrix includes channel-delay 
covariance values. 
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10. The method of claim 1, wherein the condition is 
selected from traumatic brain injury, post-traumatic stress 
disorder, Parkinson's disease, Aphasia, Dysphonia, Autism, 
Alzheimer's disease, Amyotrophic Lateral Sclerosis, often 
referred to as Lou Gehrig's Disease, stroke, sleep disorders, s 
anxiety disorders, multiple sclerosis, cerebral palsy, and 
major depressive disorder. 

11. The method of claim 1, wherein the condition is major 
depressive disorder. 

12. The method of claim 1, wherein: 
10 the at least one speech-related variable are includes the 

first three formant frequencies; 
and 

18 
14. The method of claim 1, wherein the condition is major 

depressive disorder, and wherein generating the assessment 
of the condition includes generating an estimate of a Beck 
score of the subject, an estimate of a Hamilton-Depression 
score of the subject, or an estimate of a Quick Inventory of 
Depressive Symptomatology score of a subject. 

15. The method of claim 14, further including displaying 
the estimate of the Beck score, the Hamilton-Depression 
score or a Quick Inventory of Depressive Symptomatology 
score of the subject. 

16. The method of claim 1, wherein processing the 
digitized microphone signal comprises determining a vocal the condition is major depressive disorder. 

13. The method of claim 1, wherein: 
the at least one speech-related variable includes the first 

sixteen Delta Mel Frequency Cepstral Coefficients; 
and 

tract representation, and wherein generating the assessment 
15 of the condition of the subject is based at least in part on time 

the condition is major depressive disorder. 

correlation structure of the vocal tract representation. 

* * * * * 




