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Abstract: When reviewing his clinical experience in

treating suicidal patients, one of the authors

observed that successful predictions of suicidality

were often based on the patient’s voice

independent of content. Using the Gaussian

mixture model to represent the mel-cepstral

features of voiced speech, speech of suicidal

persons can be distinguish from that of depressed

and control persons. The question then becomes

can warping of the frequency axis improve the

classification. The results show that warping of the

frequency axis using the third format or Gaussian

mixture model technique produces the best

classification results.
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I. INTRODUCTION

Identification of individuals at imminent suicidal

risk requires gathering and weighing a variety of

information and data from numerous sources by

experienced clinicians [1]. Our own studies are

showing that near-term suicidality is associated with

changes in speech production and articulation that

differ from non-suicidal persons [2],[3]. One of the

challenges that immediately arose is what speaker

normalization method best improves speaker

categorization? While studies on normalization

mostly concentrate on reducing error rates in word or

speaker recognition systems, none have been

conducted on emotionally disturbed patients. Vocal

tract length normalization (VTLN) is an acoustic

normalization aiming at decreasing speech variability

due to differing vocal tract lengths among speakers.

VTLN performs a transformation in the frequency

domain known as frequency warping in order for the

formants of all the speakers to be located at the same

frequency in the spectrum [4]. There are two main

methods; formant-based normalization, and

maximum-likelihood-based normalization. The

former determines the warping factor directly based

on the location of the formant frequencies. The latter,

generates a model and designates the warping factor

that maximizes the likelihood of the test data given

the statistical model. Eide et al. [5] and Zhan et al. [6]

also proposed that a nonlinear warping may be more

effective than linear warping.

The model of VTLN is crucial for the

implementation of the normalization method

correctly. For the formant-based normalization, the

models will be based on the median of the formants of

the training speakers, while for the maximum-

likelihood based normalization; Gaussian Mixture

Models (GMM) will model the form of the standard

speaker. Gender dependant and gender independent

models of VTLN  and the effects of linear and

nonlinear warping are also investigated.

II. DATABASE FORMULATION

Analyses were performed on sets of audio

recordings for 15 males and 15 females. Each set

contained 5 near-term suicidal patients, 5 depressed

patients, and 5 non-depressed control subjects

collected from existing databases. All the patients

used in this research were white Caucasians between

the ages of 25 and 65.  Because of the inability to

record psychiatric speech in controlled settings, all of

the speech samples were recorded during real-life

situations. A high-risk, near-term suicidal patient was

defined as one who has committed suicide or

attempted suicide and failed within minutes to weeks

from the time of their voice recordings. The audio

recordings of the depressed and control groups were

extracted from the database of an ongoing study in the

Vanderbilt University Department of Psychiatry. The

selected non-depressed control subjects met the

following criteria: 1) a Hamilton rating scale (17 item

version) for a depression score of 7 or less [7]; 2) a

Beck depression score of 7 or less [8]. The depressed

patients met the following criteria: 1) major

depressive disorder as defined by the research

diagnostic criteria [9]; 2) a Beck depression score of

20 or greater; 3) a Hamilton rating scale for

depression score 14 or greater.

All of the selected audio recordings were

digitized using a sixteen-bit analog to digital

converter. The sampling rate was 10 KHz, with an

anti-aliasing filter (i.e., 5KHz low-pass) precisely

matched to the sampling rate. The digitized speech

waveforms were then imported into a MicroSound

Editor where silence pauses exceeding 0.5 seconds

were removed to obtain a record of continuous
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speech. Thirty seconds of continuous speech from

each subject were stored for analyses.

III. METHODS

A. General Procedures

For all audio recordings, the formants were

estimated by taking the roots of the autocorrelation

LPC function of each voiced sample segment of the

waveform. Subsequently, the speech was divided into

overlapping segments of 30 ms per segment sample.

The sample segments went through a voiced/unvoiced

classification process and the unvoiced segments were

discarded.

Three different normalization procedures were

compared: normalization based on median of the third

formant; normalization based on the first three

formants; and normalization based on the Gaussian

Mixture model (GMM). The features used for

classification were the cepstral coefficients. A GMM

was used to model the features and each was trained

using the hold-out procedure [10]. The Maximum

Likelihood (ML) classifier was used to classify each

pattern in pair-wise comparisons and assess the

effectiveness of the normalizations.

B.  Mel-Cepstral Feature Extraction

The mel-cepstral features were extracted using

the following procedure:

1. Each signal is divided into segments of 30

ms of voiced speech,

2. The logarithm of the discrete Fourier

transform (DFT) of each segment is

computed,

3. Each log-spectrum is filtered with 16

triangular filters whose center frequencies

are based on the mel-scale,

4. The frequency scale is normalized to account

for variations in vocal tract length,

5. The inverse DFT is calculated to obtain the

cepstral coefficients,

6. The first four coefficients are retained as

features [10].

C. Normalization based on median of F3

In order for a segment to be included in the

warping factor estimation, the following criteria had

to be met:

1. The probability that the segment is voiced is

(pv > 0.8),

2. F1 > 400 Hz

3. 2000 Hz < F3 < 3000 Hz

For the sequence of Ti segments that meet these

requirements for a speaker i, the median of the third

formant is calculated and stored. This process was

repeated for all 30 speakers. The normalization factor

i, for a given speaker i, would be the median of

his/her third formant over the median of the third

formant of the remaining speakers. This is represented

by the following equation:

  

i
=
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3 i

{ }
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T
i
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30

               (1)

where the numerator is a representation of the speaker

i’s vocal tract length and the denominator is a

representation of the baseline vocal tract length.

D. Normalization based on median of F1, F2, F3

The median of the first three formant frequencies

for each speaker was recorded. The warping function

_i, for a given speaker i, was subsequently computed

by calculating the slope of a plot with the median of

the formant frequencies F1, F2 and F3 of speaker i, on

the abscissa, over the average of the median of each

formant of all remaining speakers in the training set

on the ordinate.  These formants are represented by

the following equations:

for new speaker i;

  

[F
n
]
i
= median F

n{ }
t=1

T
i              (2)

for the standard speaker:

  

F
n
= median [F

n
]
i{ }

i=1

30
            (3)

For n = 1, 2 ,3, where Ti is the number of sample

segments for speaker i, and Fn are the formant

frequencies. The best-fit line is set to intercept at zero,

and the calculated slope represents the warping factor

for that given speaker. This process is repeated for all

30 recordings in the database.

E. Normalization based on one GMM model for all

warping factors

The acoustic vectors used to train and test the

model are the Mel-cepstral coefficients of speech as

described in A1.  The procedure used to determine the

best warping factor is a multi-step procedure

developed by Welling et al. [11].

1. For each class, one Gaussian probability

density function is trained on all

unnormalized features for that class.

2. Using the class conditional density functions

determined in step 1, the warping factor that

maximizes the maximum likelihood function

for each subject is chosen as the first

estimate of the subject's i. Warping factors

ranging from 0.80 to 1.12 with an increment

of 0.02 were used [12].
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3. Using the warping factors in step 2 a four

component GMM was developed for each

class. Using the GMM, step 2 was repeated

to determine the best warping factor for each

subject.

F. Gender Dependant and Independent Normalization

Two sets of warping factors were calculated for

each subject. One set was gender-dependant and

constructed from two subsets of 15 females and 15

male speakers considered separately. The gender-

independent set was determined by combining the

male and female data into one data base.

G. Nonlinear Warping

For nonlinear warping the warping equation is

                   
  f ' = f 3 f 8000

            (4)

IV. RESULTS AND DISCUSSION

Table 1 presents the sample statistics of the

warping factors derived from the three techniques.

Female speakers are shown to have lower warping

factors when compared to the male speakers in the

gender-independent computations.

Table 1. Average, Ave, and standard deviation, Std, of

warping factors for male, m, and female, f, subjects for the

three methods and gender independence and dependence.

Independent Dependant

GMM F3
1-3

F2,
GMM F3

1-3

F2,

Ave-f 1.04 1.00 0.99 1.06 1.01 1.00

Std-f 0.02 0.04 0.06 0.02 0.05 0.07

Ave-m 1.05 1.02 1.02 1.04 1.00 1.00

Std-m 0.02 0.04 0.05 0.02 0.05 0.05

These results are somewhat inconsistent with that of

the researches who proposed this technique [13].

Females, due to their shorter vocal tracts are expected

to present higher warping factors (greater than 1.00).

This is slightly true for the gender dependent factors.

However, there is no clear distinction between the

warping factors of males and females in both gender

dependant and gender independent computation of the

warping factor. Both genders exhibit warping factors

around the 1.00 value.

Table 2 tabulates the classification performance

results using the baseline system with no VTLN, the

various speaker normalization techniques grouped

under gender dependant and gender independent

models, and implementation of these techniques

through linear or nonlinear warping functions,

whenever possible. The first row reports the

classification rate observed when testing with

unwarped feature vectors.

Table 2: Results of Classification rates. Highest in each main category is highlighted

% Correct Classification

Warping Factor

Derivation

Warping Function Control-Depressed Control-Suicidal Depressed-Suicidal

Baseline (No VTLN) 85 80 75

GENDER INDEPENDENT

Linear 80 85 80
1. GMM

Non-linear 85 85 85

Linear 85 80 80
2. F3 Non-linear 80 85 85

3. Slope F1, F2, F3 Linear 85 75 85

Average F3+ F4 [24] Linear 75 80 80

Gender Dependant

Linear 80 85 75
1. GMM

Non-linear 80 80 80

Linear 80 85 80
2. F3

Non-linear 80 85 85

3. Slope F1, F2, F3 Linear 90 80 85



Implementation of the various normalization

techniques yielded encouraging results. The ML

classifier yielded a classification as high as 90%

between control and depressed patients and 85%

between depressed and suicidal subjects.

Surprisingly, for our baseline investigation, the results

obtained were relatively higher than some obtained

with normalization. In a comparison between gender

independent and gender dependant normalizations,

gender independent normalizations showed superior

classification performance. Except for the formant-

based technique via the use of the first three formant

frequencies, all classification rates using gender

independent models are consistently high (up to 85%)

for all three diagnostic classes. The Maximum-

likelihood technique with nonlinear warping seems to

be the best, yielding 85% in all cases. Although

warping with the third format is slightly less effective

but its simplicity makes the arguement for its use on a

large scale. In a comparison between linear and

nonlinear frequency warping, nonlinear frequency

warping showed an overall superior classification

performance for all diagnostic classes.
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