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One of the most debilitating disorders is adductor 1.2. Treatment
spasmodic dysphonia (ADSD), a voice disorder caused

by involuntary movements of the muscles of the larynx It is known that botulinum toxin (BT) injections of the
(voice box). For treating ADSD, botulinum toxin (BT)  yocal folds improve the speech of ADSD patients; see,
injections turned out to be very useful. However, the ¢ g, [8].
effects of BT are highly variable, so at present, there  Not only do patients themselves feel the improvement,
is no objective criterion of when such a BT treatment  thjs improvement can also be detected — in a blind-control
is'nec_:essary. Itis therefore desirable to develop such a sjtuation — both by measurements and by expert listen-
criterion. ers [3,7]. Specifically, expert listeners “perceived sig-
In this paper, we show that traditional statistical nificant improvement in ADSD connected speech at one

techniques are unable to generate such a criterion, month following botulinum toxin injection relative to pre-
while a natural expert system approach seems to be jnjection levels” [3].

capable of generating reasonably simple rules that de-
termine when a BT treatment is necessary.

Keywords: Expert systems, voice disorders 1.3. Problem

The problem with BT treatment is that while there

have been studies evaluating pre- and post-BT treatment
. " changes in the voice and speech fluency of ADSD individ-

1.1. Clinical Condition uals (see, e.g., [3,7,8]), the nature of speech stability of

In this paper, we analyze a voice disorder caldduc-  individuals with spasmodic dysphonia (SD) treated with
tor spasmodic dysphoni@DSD). Spasmodic dysphonia botulinum toxin (BT) is still poorly understood.
(SD) is a voice disorder caused by involuntary movements The situation is made even more complex by the fact
of the muscles of the larynx (voice box). Patients with that the severity of SD varies from time to time and from
SD have occasional difficulty saying words and/or expe-place to place; see, e.g., [4].
rience sufficient difficulty that interfere with communica-  As a result, a patient him/herself, in collaboration with
tion. Spasmodic dysphonia causes the voice to break or ta clinician, decided when it is time to get a BT injection.
have a tight, strained, or strangled quality. This is typically based on subjective impressions of vocal

ADSD is one of the three main types of SD, when sud-quality and the amount of speaking effort. For example,
den involuntary muscle movements or spasms cause thd5] concludes that “objective parameters used to measure
vocal folds (or vocal cords) to slam together and stiffen.vocal function may not adequately reflect the handicapped
These spasms make it difficult for the vocal folds to vi- experienced by the patient.”
brate and produce voice. Words are often cut off or diffi- There is no known method for determining when such
cult to start because of the muscle spasms. As aresult, then injection is necessary based on the measurable char-
voice of an individual with adductor spasmodic dysphoniaacteristics of the patient’s speech. The objective of this
is commonly described as strained or strangled and full ofesearch is to describe a methodology which is, in our
effort. opinion, capable of providing such a method.

1. Introduction
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2. Which Speech Characteristics Should We nic by a speech language pathologist and an otolaryngol-
Use ogist approximately one year before this study was initi-
ated. He had three BT injections during the year preced-
Not only it is difficult, based on the objective measure- ing this study. He did not exhibit nor was he diagnosed
ments of speech, to determine when a patient needs With any neurological disorders; he did not have a history
BT treatment, it is sometimes difficult even to determine, of any psychiatric disorder. During the duration of this
based on the measured speech characteristics, whethestudy, he was reporting that he was in good health.
patient has a speech disorder at all and whether this speechHe is employed as an insurance agent, is successful
disorder is SD or some other type of speech disorder.  and carries on a very active life style. The participant did
For example, in [6], it was proposed that the speakingnot receive any directed behavioral treatment for his vocal
rate may be one of the measures that provide us with an indisorder during this study other than some periodic coun-
formation on whether an individual has a SD (and, corre-seling following his reading of “The Rainbow Passage”
spondingly, whether a BT treatment is needed). However[5] suggesting that he should project his voice when he
by comparing the speaking rate of normal and SD speakfelt laryngeal tightness. This attempt to project his voice
ers, the authors of [2] found out that speech disfluergy ( is a vocal behavior that does not affect the corresponding
stuttering) is “not a defining feature of SD”, although “it speech disorder.
does contribute significantly to the overall clinical impres- He had to travel to another city for his BT injections.
sion of severity of the disorder.” He resided in the same city where the speech recordings
A similar conclusion was reached in [13] with respect were made. He signed a consent form approved by the
to other speech characteristics such as vowel prolongaJniversity of Texas at El Paso Institutional Review Board.
tion.
While each individual characteristic is not sufficient to ;
distinguish between normal and SD individualgombi- 3.2. Recgrdlng Procedu_r(? ,
nationof these characteristics helps. Specifically, in [11], R&cordings of the participant's speech were made ap-
it was shown that it is possible to differentiate betweenProximately one week before a scheduled injection, one

normal speakers and SD individuals using the following €€k after an injection, and monthly after the injection.
characteristics: There was some variability in this schedule due to job de-

_ mands, vacations, and holidays.

» total words per minute, The participant was given a large-print version of the
first paragraph (98 words) of “The Rainbow Passage” [5].
The participant was instructed to read the passage aloud
« total inter-word interval, using his normal speaking pattern. The audio recording of
his reading was carried out in an IAC booth. A Marantz
PMD430 audio recorder and a Realistic dynamic omni-
« total reading errors, and directional microphone placed approximately 15 cm from
the participant’s mouth were used to record the partici-
pant’s readings.

« disfluencies per 100 words,
« total articulation time,

« total speaking time.

(This selection is also justified by the fact that while, as
we have mentioned, the severity of SD varies from time3_3_ Temporal Acoustic Analysis

to time and from place to place, the above characteristics , i
The primary software/hardware system for signal

remain reasonably stable [4].) ) X
In a follow-up study [12], it was shown that the same analysis was the Computerized Speech Lab (CSL) (Kay
rElemetrics). Each audio recording of each passage read-

six fluency measures can not only differentiate betwee >) 4
normal and SD individuals, they also enable us to differ-Ng Was digitized at a sampling frequency of 20 KHz us-

entiate between normal, SD, and stuttering individuals. N9 commercial software and 16-bit hardware with anti-
@liasing at 10 KHz. A constant input intensity level was

This differentiation success supports the position that™"<>""% ) S
the above six fluency measures reflect the status of thgwalntalned across samples during digitization to preserve

speech behaviors that characterized a variety of disorder&t€r-sample intensity relationships. The passages were
such as SD. then analyzed using the CSL.

Therefore, in this research, we use the same six fluency A 9raduate student in speech-language pathology who

measures to determine when a BT treatment should b82d experience in acoustical analysis evaluated the tem-
applied. poral characteristics of the 24 readings. The following

fluency measures were analyzed and calculated:

. .. « total pause time,
3. Experiment: Description

« total articulation time,
3.1. Participant

The participant was a 54 year-old male when the study
began. He was diagnosed as adductor spasmodic dyspho- « frequency of speech disfluencies, and

« words per minute,

2 Journal of Advanced Computational Intelligence Vol.0 No.0, 200x
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« total speaking time.

Specifically:

Total speaking time (TST) was determined by position-
ing the left vertical time cursor at the onset of acoustic
energy for the first word of the reading and the right verti-
cal time cursor at the offset of acoustic energy for the last
word in the passage.

The syntactic pause time (SP) was determined by mea-
suring the duration of all syntactic inter-word intervals at
or exceeding 20 ms in duration. The measured results
were then tabulated and summed.

The non-syntactic pause time (NSP) was determined by
measuring the duration of all non-syntactic inter-word in-
tervals at or exceeding 20 ms in duration. The measured
results were then tabulated and summed.

These measurements were made with a millisecond ac-
curacy.

3.4. Counting and the Resulting Analysis
We also counted:

« the number NN of non-syntactic pauses,
« the number NS of syntactic pauses,

« the number NE of reading errors, and

« the number of disfluencies ND.

Since the text consisted of 98 words, these nhumbers al-
most coincide with the corresponding frequencies — e.g.,
ND almost coincides with the disfluency frequency that is
defined as the number of disfluencies per 100 words.

Based on these measured and counted values, several
other characteristics were also determined:

« The average NSP time (AN) was computed by di-
viding the total NSP time by the number NN of non-
syntactic pauses.

» The average SP time (AS) was computed by divid-
ing the total SP time by the number NS of syntactic
pauses.

« The total inter-word interval (pause) time (TPT) was

Expert System-Type Approach to Voice Disorders

[ No.| date |

Y1 | 03/26/01

Y2 | 08/20/01

Y3 | 04/22/02

Y4 | 08/27/02

Y5 | 02/11/03

Y6 | 05/12/03

N1 | 05/04/01

N2 | 09/24/01

N3 | 10/02/02

N4 | 03/11/03
[No.[NSP[NN] AS [ SP [ NS AS |
Y1l | 157| 16 | 0.10| 6.36| 10 | 0.64
Y2 | 098] 10 | 0.10| 4.61| 9 | 0.51
Y3 | 007] 11 | 0.01|5.88| 9 | 0.65
Y4 | 043 6 | 007|560 9 | 0.62
Y5 | 0.33] 8 | 004|477 9 | 0.53
Y6 | 050 7 | 0.07|570| 7 | 0.81
N1]|166]| 11 |0.15]6.66] 9 | 0.74
N2 | 1.03| 11 | 0.09| 850 10 | 0.85
N3 | 1.93| 12 | 0.16| 6.39| 10 | 0.64
N4 | 0.04| 9 | 000|581 7 | 0.83

[No. [ TST [ TPT | TAT [ WPM | NE [ ND ||

41.6| 7.93| 33.7| 141 2 0
Y2 | 39.4| 559 | 33.8| 149 1 1
Y3 | 36.5| 5.95| 30.5| 161 1 0
Y4 | 33.6| 6.03| 27.5| 175 0 0
Y5 | 324|511 27.3| 182 1 0
Y6 | 36.7| 6.19| 30.6| 160 1 0
N1 | 36.2| 8.32| 27.8| 163 1 0
N2 | 36.1| 9.53| 26.5| 163 1 0
N3 | 34.7| 831 | 26.4| 170 2 0
N4 | 34.7| 5.85| 28.8| 169 0 0

determined as the sum of SP and NSP pause times. S+ Traditional Statistical Approach
Did Not Work Well

« The total articulation time (TAT) was determined by

subtracting total inter-word interval time/pause time 5 1 General Idea

TPT from total speaking time TST.

Our objective is to differentiate between pre- and post-

« The number of words per-minute WPM was calcu- botox situations. The traditional statistical approach to
lated by dividing the total number of words read (98) such a differentiation would be to find a linear or non-

by the total speaking time (TST) in minutes.

results.

4. Results 5.2. Linear Approach

First, we applied, to the above data, statistical software
that provides linear discrimination, i.e., that looks for a
linear expressiom(x) = Co+C1 - X1 + ...+ Cn - Xy Of the
measured values that is positive for all pre-botox values
and negative for all post-botox points.

As a result, we got the following 10 measurement
records, 6 immediately pre-botox (Y1-Y6), when the pa-
tient felt that a BT treatment is necessary, and 4 post
botox (N1-N4):
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Alas, the best linear separation correctly classified only6.3. New ldea: Motivation
8 out of 10 points: readings Y4 and Y5 were erroneously The ideal case is when a single rule will suffice, i.e.,

classified as post-botox. when it is sufficient to select a single variatjea thresh-
) old t;, and then classify the object to Class 1 or Class 2
5.3. Quadratic Approach depending on whether the valuexfis larger or smaller

In principle, we could extend this procedure to usethan the threshold.
quadratic discrimination techniques, i.e., techniques in This is a rare situation, so what we can do instead is
which we look for a quadratic discrimination expression find the variableg and a thresholg for which the corre-
0 non sponding threshold-based rule covers as many objects as
c(X) = Co+ Zci X+ Z Z Cij - X - Xj. possible. This WI|.| be our first clg35|f|cat|on rule.
= =g Then, we consider two new situations:

The problem with this approach is that even fior: 6 di- « asituation in whichg <t;j, and
rectly measured and counted _varlables, we iep6+ 6 _ « a situation in whichg > t;.
(6+1)/2 = 28parameters to find a general quadratic dis- o _
crimination function, and we only have 10 measurementor each of these situations, we select a subtable consist-
results —i.e., 10 equations to determine these parameter#d of only the objects for whick; <t; (correspondingly,

Of course, we can always fit 28 parameters so that the@nly the objects for whicl > t;). For each of these sub-
satisfy 10 equations — but there are many such fits, andables, we select a new variabieand a new thresholg
each of them will be a purely mathematical fit which says— in general, different variableg and different threshold

nothing about the actual separation between pre- and post; for different subtables. This will be our second rule.
botox cases. For each subtable, the second rule divides the subtable

into two new sub-subtables, etc.
At the end, we get a hierarchical tree of rules that pro-

6. New ldea: Expert System Approach vide the desired classification.

6.1. Expert System Approach: General Idea 6.4. Applying This Idea to the Patient Data Table

Since the traditional statistical approach does not work By testing all the measured, counted, and computed
well, we decided to apply a new approach motivated byvaluesx described in the above tables, we can see that
expert systems. In expert systems, relations betweeihe best classification happens when we select TST as the
quantities are usually described not in terms of numeri-classifying parametex; and select the value 36.3 as the
cal relations, but rather in terms of rules, like “if the robot corresponding threshold. Specifically:
is too close to the obstacle, it should slow down”. The
simplest interpretation of this rule is that we select some
threshold for distance, so that:

« when the total speaking time TST exceeds 36.3, then
we are guaranteed to be in a pre-botox situation;

« when TST is smaller than 36.3, then we probably
are in a post-botox situation, but there are two cases
when it is not so: cases Y4 and Y5 (by the way, the

« if the distance is smaller than the selected threshold, =~ same cases for which linear discrimination did not
the robot should slow down. work).

Usually, there are several rules. For example, for the roSo, our firstrule is: if TST is larger than 36.3, apply botox,
bot control, if there is an obstacle nearby, then we shouldtherwise, we need a second rule.

slow down. However, if the robot is far from all the obsta- ~ To derive the second rule, we need to consider all the
cles, it does not necessarily mean that we should continugecords for which TST is smaller than 36.3, i.e., we need
moving: there may be other reasons to slow down — e.g.t0 consider a subtable consisting of all the post-botox (N)

« if the distance exceeds the selected threshold, the ro-
bot should continue its movement, while

if the target destination is close. records plus the records Y4 and Y5. For this subtable, we
So, in general, we must consider a hierarchy of rulesagain consider all possible variablesand all possible
Let us discuss how we can generate these rules. thresholdg;. It turns out that there exists a variabjeand
a threshold; that enables us to completely classify this
6.2. Formulation of the Problem subtable: namely, ag, we can take the average syntactic
Suppose that we have the table consisting of sever n%“;: dt_'me AS, and as the threshold, we cantiake.63

records (corresponding to several objects).

There are two classes of objects. We know, for each « the value of AS exceeds 0.63 for all post-botox
record, whether this record describes an object of Class 1  records, and
or an object of Class 2. Each record containsumbers
X1,...,%n that characterize the corresponding object. Our
objective is to find the rules that classify the objects into
classes based on the corresponding vakues As a result, we arrive at the following classification rules:

« the value of AS is smaller than 0.63 for both pre-
botox records Y4 and Y5 from this subtable.

4 Journal of Advanced Computational Intelligence Vol.0 No.0, 200x
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6.5. Resulting Classification Rules [7]
To check whether a patient needs a botox injection, we
must use the total speaking time TST and the average syn-
tactic pause time AS: 8]
« if TST exceeds 36.3, the patient needs an injection;
9

«» otherwise, the patient needs an injection if and only
if AS is smaller than 0.63.

These two simple rules use only two variables and per- [10]
fectly describe all the measurement results.
[11]

7. Conclusion and Future Work [12]

Botulinum toxin (BT) injections are a useful tool for
taking care of the adductor spasmodic dysphonia — a [13]
rather severe voice disorder. Unfortunately, little is known
about the exact effect of BT, so at present, there is no ob-
jective criterion of when such a BT treatment is necessary. [14]
In this paper, we have shown that it is possible to produce
simple rules that describe when to use and when not to
use the BT treatment for a given patient. To derive these
rules, we used an expert system-type approach.

Of course, the exact thresholds are currently based on [16]
a single patient. More experimental data is needed to de-
scribe how these thresholds will vary across patients (and
what other rules are necessary for other patients).

(18]
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