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Abstract 
This paper is focused on the optimization of features 

derived to characterize the acoustic perturbations encountered 
in a group of neurological disorders known as Dysarthria. The 
work derives a set of orthogonal features that enable acoustic 
analyses of dysarthric speech from eight different Dysarthria 
types. The feature set is composed by combinations of 
objective measurements obtained with digital signal 
processing algorithms and perceptual judgments of the most 
reliably perceived acoustic perturbations. The effectiveness of 
the features to provide relevant information of the disorders is 
evaluated with different classifiers enabling a classification 
rate up to 93.7%. 

Index Terms: Dysarthria, acoustic analysis, ULDA, SVM 

1. Introduction 
Dysarthria is a term associated with a group of speech 
disorders caused by neurological lesions in different location 
of the central or peripheral nervous system (CPNS) [1]. The 
disorders hinder fine control over the muscle that participates 
in the speech production such as: tongue, throat, lips, or lungs; 
originating acoustic perturbations that can be used for 
assessment.  The perturbations in this research are quantified 
with a combination of multiple features including perceptual 
and acoustical analysis of pathological speech signals.  

A differential diagnosis method to derive relevant acoustic 
features of Dysarthria was first proposed by Darley, Arson and 
Brown (DAB) [4]. This traditional assessment method 
included 38 acoustic dimensions to classify eight different 
types of dysarthria. A subset of these acoustic dimensions (20) 
were found relevant in [1] to discriminate the eight Dysarthric 
groups including flaccid, ataxic, spastic, Parkinson disease, 
corea, distonia, amyotrophic lateral sclerosis and organic voice 
tremor dysarthrias . This investigation relied on perceptual and 
acoustical analysis of the pathological speech. Out of 20 
acoustic dimensions, 12 were found to be better described by 
objective acoustical measurements and the remaining 8 were 
better described by perceptual judgments by clinicians.  

This work deals with the optimization of the twelve 
dimensions derived from objective acoustic measurements 
using regression analysis. The optimized set of dimensions is 
used then with the same database used in [1] (20 dimensions 
derived for 127 subjects) to compare the result of the analyses.  

The acoustic dimensions characterized more consistently 
using objective measures were: pitch level (PL); pitch breaks 
(PB); tremor (T); excess of loudness variation (ELV); harsh 
voice (HV); Breathy voice (BV); voice stoppage (VS), 
audible inspirations (AI), short phrases (SP); short rushes of 
speech (SRS); and hypernasality (HN). The acoustic 
dimensions derived from perceptual judgments were: 
monoloudness; reduced stress; variable rate; prolonged 
intervals; inappropriate silence; excess or equal stress; 
irregular articulatory breakdowns; and distorted vowels [1]. 
The analysis of each acoustic dimension was performed using 
“Best Subsets Regression Analysis” [3]. This statistical 

analysis generates models formed with linear combinations of 
all acoustic features. The maximum correlation criterion was 
used to select the models that described higher variability of 
the data. The model that provided the best compromise 
between performance and economy of variables was used to 
derive the optimized model for that particular acoustic 
dimension. A regression analysis was implemented with the 
best performing model to find the model index.  

These new optimized indexes for each of the twelve 
dimensions were then evaluated with a linear discriminant 
classifier (LDA), uncorrelated linear discriminant classifier 
(ULDA) and support vector machine classifier (SVM). Four 
types of statistics were used to evaluate the LDA and ULDA 
models: correlation coefficient (R), adjusted correlation 
coefficient (Radj), mallows statistic (C-p) and standard 
deviation (S) [1].  

2. Assessment of feature set 
Three assessment methods were implemented in [1] to study 
the original 20-dimensional feature set: the differential 
diagnosis of dysarthria (DAB), LDA and a method using self-
organized maps (SOM). DAB assessment is a traditional 
method which was implemented in [1] using only the average 
perceptual judgments (PJ) of clinicians on 38 original 
dimensions. The method indicated that the feature set only 
described 66.1% of the data variability. Further analysis of the 
feature set was made in [1] with the LDA conducted as an 
alternative approach to DAB. With this method, the feature set 
described 82.7% of the data variability, an improvement of 
16.5% over the traditional assessment method and 1.5% over a 
similar analysis implemented in [3].  

The SOM is another evaluation method used in [1]. It is a 
non-linear unsupervised artificial neural network that learns 
the regularities and correlations of the dataset adapting future 
responses according to the inputs. The reported performance 
of the original feature set with this method was 88.9% 
description of the data variability. This performance 
enhancement was a consequence of using non-linear surfaces 
to separate the different dysarthric groups. However, using 
non-linear surfaces to assess the dysarthric groups makes the 
study of the most relevant features of each group more 
complex. This is the main reason why this investigation was 
devoted to optimize the feature set so that lineal evaluation 
methods can describe the most prominent characteristics of 
each group of Dysarthria.  

The performance improvement of 1.5% reported in [3] 
over [1] using LDA was due to the optimization made to the 
features extracted for appraising the acoustic dimensions HN 
and BV. This was based on evidence from the research 
reported in [2], [3] and [4] that indicated that some of the low-
level features used in [1] to characterize each of the 12 
objective acoustic dimension could be optimized without 
deteriorating (sometimes enhancing) the descriptive power 
original feature set.  

This paper relies on LDA, ULDA and SVM to assess the 
performance of a new optimized feature set. The LDA 
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assessment technique was selected to compare the results of 
this research with [1]. It is also a commonly used technique for 
data assessment and dimensionality reduction. LDA provides 
class separation by enabling a decision region between the 
given classes using linear surfaces which help in this 
application to better understand the distribution of the data. 
Herein, it is assumed that all dysarthric groups are equally 
probable and that the probability densities of the feature 
vectors are multivariate normal with the same covariance 
matrix but different mean vector for each group [1]. A 
limitation of LDA is that, it is not applicable for undersampled 
data because of the singularity problem associated with the 
matrices. "LDA aims to find an optimal transformation that 
maps the data into a lower dimensional space (while 
preserving the class structure) that minimizes the within class 
distance and simultaneously maximizes the between class 
distance, thus achieving maximum discrimination"[5]. By 
applying eigen decomposition on the scatter matrices the 
optimal transformation can be computed. LDA requires that at 
least one of the scatter matrices be non-singular.  

To overcome the drawback of LDA, ULDA was also 
employed in this paper to reduce the dimensionality and 
descriptive power of the feature set [5]. ULDA has many 
advantages over LDA. The transformed features obtained are 
linear combinations of the original features. These transformed 
features are uncorrelated ensuring minimum redundancy 
among the features in the reduced space. ULDA utilizes 
Generalized Singular Value Decomposition (GSVD) to 
overcome the singularity/undersampling problem in LDA [6]. 

SVM has been used in many different applications for 
classification and regression tasks. SVM transforms the data 
into a higher dimensional space to construct optimal class- 
separating hyperplanes [7]. This mapping of higher 
dimensional features space is performed by means of a kernel 
function which enables the construction of linear optimal 
separation between classes. The data vectors nearest to the 
constructed line in the transformed space are called support 
vectors and contain valuable information required for 
classification and the analysis of feature relevance in this 
application [8]. 

3. Statistical Analysis of Acoustic 
Dimensions 

The feature set composed by 20 acoustic dimensions reported 
in [1] described 82.7% of the data variability exhibited in the 
studied database when evaluated with the LDA method. 
Twelve of the 20 objective acoustic dimensions in [1] were 
obtained as a linear combination of low-level features that 
provided best correlation with the perception of each acoustic 
dimension. The relevance of the contribution made by each of 
the low-level features to each acoustic dimension varies 
suggesting that some features may be redundant. A statistical 
analysis was conducted in this section to optimize the 
contribution of the low-level features in each of the acoustic 
dimension judged objectively. Seven of the twelve objective 
dimensions provided room for optimization as described in the 
next subsections.  

3.1.1. Harsh Voice 
The algorithm implemented in [1] for HV consists of linear 
combination of period perturbation quotient (J3), amplitude 
perturbation quotient (s15), harmonic to noise ratio (HNR), 
mean waveform correlation (MWC) and number of voiced 
frames (NVF). The linear model derived in [1] to match the 
perceptual judgements of clinicians for this dimension was:  

 
HVidx = 2.91 + 0.622 J3+ 0.381 MWC + 0.358 s15  
              - 0.103 HNR + 0.00152 NVF.                  (1) 
 
The model was derived based on the correlation coefficient 
between the objective measurements and the average 
perceptual judgments of clinicians. A best subsets regression 
analysis was conducted for the previously mentioned low-level 
features (shown in Table 1). It is observed that HNR 
accounted for the largest percent of the data variability 
(72.4%) followed by MWC, S15, J3 and NVF.   
 

Table 1: Best subsets regression analysis of HV data 
 

� of 
Var.

Performance Indices Measures 
R Radj C-p S J3 S15 MWC HNR NVF

1 72.4 72.1 42.0 1.2332    x  
1 59.3 58.8 102.1 1.4402 x     
1 36.0 35.0 179.1 1.6686     x 
2 78.1 77.7 14.1 1.1204    x x 
2 74.6 74.1 32.6 1.1947   x  x 
3 80.3 79.8 3.8 1.0726 x   x x 
4 80.6 79.9 4.4 1.0706 x  x x x

 
Three features J3, NVF and HNR were found to provide 
80.3% of the total possible correlation with PJs and enhanced 
the percentage of the data variability explained by the original 
set of acoustic dimension to 83.5%. Therefore, the features s15 
and MWC were reduced achieving a new model following the 
same maximum correlation criteria used in [1] expressed by: 

HVidx = 3.20 + 0.818 J3 - 0.138 HNR + 0.00142 NVF       (2) 

3.1.2. Breathy Voice  
The algorithm implemented in [1] for BV consists of a linear 
combination of period perturbation quotient, amplitude 
perturbation quotient, mean waveform correlation, harmonic 
energy (HE), harmonic energy of the residual (HEres), 
harmonic to signal ratio (HSR), harmonic to noise ratio 
(HNR), glottal to noise excitation ratio (GNE), number of 
voiced frames [2]. A best subsets regression analysis similar to 
the one implemented in section 3.1.1 was conducted 
considering the maximum correlation criteria with respect to 
the PJ for this acoustic perturbation. Features J3, GNE, HNR, 
HEres, and NVF were selected as optimal low-level features 
accounting 75% of the PJ data variability (further details given 
in [2]). This optimization did not affect the information 
contained in the feature set since the same performance was 
obtained with the LDA classifier (performance remained at 
82.7%). However, the processing requirements were optimized 
achieving a new model expressed by: 
 
BVidx = 1.46 - 1.18 GNE + 0.801 J3 + 0.0527 HNR - 0.0802   
               HEres - 0.000591 NVF   (3) 

3.1.3. Voice Stoppages  
The algorithm implemented in [1] for the dimension VS 
consisted of three measures: amplitude stoppages (AS), 
number of unvoiced frames (NUF), and number of stoppages 
(NS). The linear model was expressed by: 

VST = - 0.0166 + 0.86 ASmod + 0.0005 NUF + 0.0121 NS (4) 

A best subsets regression analysis was conducted for all the 
low-level features (shown in Table 2). ASmod accounted for the 
largest percent of the data variability (89.8%) followed by 
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NUF and NS. Two features ASmod and NUF were found to 
provide 90.1% of the total possible correlation with PJs. They 
also enhanced the percentage of the data variability explained 
by the original feature set to 83.5%. The index obtained for 
this acoustic dimension following the same correlation 
criterion as in [1] is expressed by: 

VST = - 0.0122 + 0.860 ASmod + 0.000961 NUF   (5) 

Table 2: Best subsets regression analysis of VST data 
 

� of 
Var. 

Performance Indices Measures 
R Radj C-p S NUF ASmod NS

1 89.8 89.4 8.1 0.5344  x  
1 73.8 73.6 179.4 0.8087 x   
2 90.2 90.0 2.1 0.5199  x x 
2 90.1 90.0 2.8 0.5214 x x  
3 90.2 90.0 3.1 0.5199 x x x 

3.1.4. Audible Inspiration  
The algorithm implemented in [1] for this dimension consisted 
of a linear combination of the low-level features: number of 
AI (NAI), average duration of the inspiration (DAI), and RMS 
value of the segment (AIrms) [3].  Features NAI was selected as 
optimal low-level features accounting for 79.6% of the PJ data 
variability. The LDA analysis of the resulting feature set did 
not enhance the description power of the feature set 
(performance remained at 82.7%) but a simpler model was 
achieved given by: 
 
AIidx = 0.780 + 0.554 NAI     (6) 

3.1.5. Speech Rate 
The algorithm implemented in [1] for this acoustic dimension 
consists of the low-level measurements: number of syllables 
per second (Ss), number of voiced frames (NVF) and the 
paragraph normalized duration (NTdur). A best subsets 
regression analysis was conducted for the previously 
mentioned low-level features (shown in Table 3). Ss accounted 
for the largest percent of the data variability (71.4%) followed 
by NTdur. A model formed with two features Ss and NTdur 
accounted for 74.0% correlation with the PJ and enhanced the 
percentage of the data variability explained by the original set 
of acoustic dimension to 83.5%. The index obtained for this 
acoustic dimension after reducing feature NVF and following 
the same correlation criterion as in [1] is expressed by: 
 
R = - 2.09 + 0.813 Ss - 6.72 NTdur   (7) 
 

Table 3: Best subsets regression analysis of R data 
 

� of 
Var. 

Performance Indices Measures 
R Radj C-p S Ss NT NVF

1 71.4 71.1 10.8 1.0961 x   
1 66.7 66.4 28.4 1.1662  x  
1 47.9 38.7 143.8 1.5479   x 
2 74.0 73.6 2.0 1.0553 x x  
3 74.0 73.3 4.0 1.0596 x x x 

3.1.6. Short Phrases  
The index for the dimension SP in [1] was found by 
normalizing the number of unvoiced segments by the average 
syllable number found for normal subjects. The index included 

normalized segments (NS) and NAI. The low-level feature NS 
contributed 64.2% to the total possible correlation with PJs. 
The LDA analysis of the resulting feature set did not reflect 
any change in description of the set (performance remained at 
82.7%), thus achieving a new model expressed by: 
 
SPidx = - 0.639 + 1.23 NS     (8) 

3.1.7. Short Rushes of Speech  
The algorithm implemented for the dimension SRS in [1] 
consists of linear combination of the effective length of 
articulated segments (ELS) and the percentage of voiced 
frames (PVF). ELS was found to contribute 64.2% of the total 
possible correlation with PJs (performance of the feature set 
remained at 82.7%) 
�
SRSidx = 15.2 - 15.2 ELS     (9) 

4. Results 
Table 4 shows the LDA classification method implemented 
with the original feature set reported in [1]. It shows that the 
original feature set explains 82.7% of the data variability with 
the groups ALS and AD being less accurately predicted. A 
new set of features was obtained after optimizing 7 of the 
acoustic dimensions as explained in section 3 while keeping 
the other 13 original acoustic dimensions. The ability of the 
new feature set to describe the variability of the data studied 
was evaluated with three different classification methods 
(LDA, ULDA and SVM). The analysis with the LDA 
classifier is shown in Table 4. The new feature set explained 
85% of the data variability (a 2.3% increment over the original 
feature set).  

Table 4: Summary of Confusion matrix obtained in [4] 
from LDA 

True Groups 
Groups AD ALS FD HC HD HO HP NS SD
Total 13 13 13 13 14 13 16 19 13

Correct 10 7 12 10 11 10 15 19 11
Ratio .77 .54 .92 .77 .79 .77 .94 1.0 .85
N total = 127  N correct = 105 Classification Rate= 0.827

Table 5: Result of LDA with new indexes 

Groups AD ALS FD HC HD HO HP NS SD
AD 10 0 0 0 0 0 0 0 0 
ALS 0 8 1 0 1 0 0 0 1 
FD 2 1 12 0 0 2 0 0 0 
HC 0 0 0 10 1 0 0 0 0
HD 1 0 0 3 12 1 0 0 0 
HO 0 1 0 0 0 10 0 0 0 
HP 0 0 0 0 0 0 15 0 0 
NS 0 1 0 0 0 0 0 19 0 
SD 0 2 0 0 0 0 1 0 12 

Total 13 13 13 13 14 13 16 19 13 
Correct 10 8 12 10 12 10 15 19 12 

Rate .77 .62 .92 .77 .86 .77 .94 1.0 .92
N total = 127  N correct = 108 Classification Rate= 0.850 

 
The ULDA algorithm was the second evaluation method. This 
method was implemented as suggested in [5] and [6]. The 
method allowed mapping the 20-dimensional input space into 
a smaller set of uncorrelated features with an expected feature 
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reduction q = rank of matrix Hb [6]. Figure 1 shows the 
classification performance of the uncorrelated linear 
discriminant method used to reduce the dimensionality of the 
new data set (named herein ULDA classifier) from q = 8 to 14. 
It is observed that the performance of the reduced datasets 
increased with the number of reduced dimensions until q = 13 
(rank of Hb). The dataset derived with 7 linear combinations of 
the original 20-dimensional feature set (q = 13) explained 
90.6% of the data variability while with 6, 8, 9, 10 and 11 
linear combinations explained 88.2%. The confusion matrix 
for the set with q = 13 is shown in Table 6. A minimum 
performance improvement of 3.2% was achieved with this 
method over the straight LDA analysis. 

 
Figure 1: Classification performance of ULDA 

 
Table 6: Confusion matrix obtained from ULDA with 13 

reduced dimensions 
 

True Groups 
Groups AD ALS FD HC HD HO HP NS SD

AD 10 0 0 0 0 0 0 0 0 
ALS 1 10 0 0 0 0 0 0 0 
FD 1 1 13 0 0 2 0 0 0 
HC 0 0 0 11 1 0 0 0 0 
HD 1 0 0 2 13 0 0 0 0 
HO 0 0 0 0 0 10 0 0 0 
HP 0 0 0 0 0 0 16 0 0 
NS 0 1 0 0 0 1 0 19 0 
SD 0 1 0 0 0 0 0 0 13 

Total 13 13 13 13 14 13 16 19 13 
Correct 10 10 13 11 13 10 16 19 13 

Rate .77 .77 1.0 .85 .93 .77 1.0 1.0 1.0 
N total = 127  N correct = 115 Classification Rate= 0.906 

 
The SVM algorithm was the third evaluation method used in 
this research. In this case of the optimized 20-dimensional 
feature set was evaluated using a linear kernel function for the 
SVM training with random training and testing data sets. The 
classification was performed on a one-against-all basis as 
suggested in [5] for multiclass problems like this. The method 
indicated that the feature set explained 93.7% of the data 
variability as shown in Table 7. This was an 8.7% 
enhancement over the LDA method and a 3.1% over the best 
feature set obtained with ULDA analysis. 

 
Table 7: Summary of the confusion matrix obtained for SVM 

 
True Groups 

Groups AD ALS FD HC HD HO HP NS SD 
Rate .92 .87 .88 .94 .97 .94 .98 1.0 .97 
N total = 127  N correct = 119 Classification Rate= 0.937 

5. Conclusion 
A new set of acoustic dimensions was determined from 
optimizing the features proposed in [1] to describe 8 types of 
dysarthria. The new feature set provides less redundant 
information about the disorders since similar assessment 
method provided higher classification performance. A number 
of low-level features were reduced in some of the acoustic 
dimensions which resulted in more effective description of the 
associated acoustic perturbations. 
The evaluation made in this research indicates that further 
optimization of the feature set can be obtained with the ULDA 
method which enables a set of orthogonal high level features 
that enhance the assessment rate. Similarly, the SVM method 
using a linear kernel further enhanced the assessment rate but 
the relationship between the internal acoustic dimensions is 
more obscure. Figure 2 shows the assessment rate of the three 
evaluation methods denoting the capacity of the optimized sets 
of features to provide unique characteristics of the dysarthric 
groups.  
This research is a forward step to determine an optimal set of 
features that can be used to implement acoustic analyses of 
subjects with Dysarthria. Further research is required to derive 
the most relevant features that contributed to the enhanced 
classification rate of the ULDA and SVM in order to provide 
meaningful information to clinicians and speech and language 
pathologists.  

 
Figure 2: Classification Performance 
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