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Abstract: Apraxia is one of speech disorder problems which lead to the difficulty of the movement of muscle for 
speech production that encountered among children. Research shows that Apraxia children are unable to compete 
among their peers and this cause to the interpersonal problems. Early detection of Apraxia for speech therapy is 
important and becomes one of the solutions to this problem. In this study, an Automatic Speech Recognition 
(ASR) system for early detection of Apraxia of speech is suggested. A database of normal and Apraxia speech 
samples is collected for the modeling and testing process. Mel Frequency Cepstral Coefficient (MFCC) and Linear 
Prediction Coding (LPC) are extracted as speech features while for the classification of normal and Apraxia sig-
nals; a Support Vector Machine (SVM) is used as classifier. Four types of   systems for validation are developed 
namely data dependent-speaker dependent, data independent-speaker dependent, data dependent-speaker indepen-
dent and data independent-speaker independent systems. Performance evaluations are measured using percentage 
of accuracy and Mean Squared Error (MSE). Experimental results prove that the ASR system can be a viable sys-
tem for early detection of Apraxia. Accuracy percentages for data dependent-speaker independent system and data 
independent-speaker independent system are observed as 99.86% and 81.88% using the MFCC method while 
99.31% and 78.54% for the LPC method.  
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INTRODUCTION 

 
 Speech disorders refer to the communication problems which correspond to the areas of oral motor func-
tion. These disorders are related to difficulties in producing speech sounds which lead to deterioration of the 
quality of the produced speech. It ranges from making simple sound deviation to the lack of ability in using oral 
motor mechanism for functional speech (Tian-Swee et al., 2007). According to Shriberg et al., (2006), there are 
four main categories of speech disorders, which are omission, addition, distortion and substitution. Omission 
occurs when the children drop out sounds or syllables whereas addition occurs when the children add an extra 
sound or syllable to a word. Subsequently, distortion is a condition when the children pronounce a word correct-
ly, but one of the sounds involved is not correct. Lastly, substitution is the case when the children consistently 
substitute one sound for another. Researches from previous works have indicated that children with speech dis-
order problems are found less intelligible than normal children of the same age. 
 Apraxia of speech is one of speech disorder problems focused on speech pathology research. According to 
Ogar et al., (2005), Apraxia is a neurogenic speech disorder resulting from disability of the sensor motor com-
mands to program the movement of muscles for speech production. It can be divided into three main categories, 
which are Apraxia among children, stroke-associated Apraxia and stress-induced Apraxia. However, Apraxia 
among children is different from Apraxia in adults which due to strokes, head injuries or stress as the children 
were born with the disorder. It is the least common form of Apraxia, which constitutes 15% of all reported cas-
es, but it is the most difficult to treat. From Bowen (2009), there are several characteristics of Apraxia speech. 
For instance, the utterances are not clearly spoken, although there may be some exceptions such as for a very 
clear word like ‘no’. The speech errors affect vowels and sometimes the sound that are used in different words 
are the same sound. Apart from that, unusual intonation, pausing and stress patterns and pronunciation of the 
same word in several different ways are also observed. Examples of the Apraxia words regarding the characte-
ristics in Apraxia speech is tabulated in Table 1 as reported by Bowen (2009). 

 
Table 1: Characteristics in Apraxia speech.  

Characteristics Examples 
Words not clearly spoken ‘ball’  ‘or’, ‘bor’ 

‘knee’  ‘dee’ 
Speech errors affect vowels ‘milk’  ‘mih’, ‘muh’, ‘meh’ 
Inconsistency in pronunciations ‘me’  ‘ee’, ‘dee’, ‘bee’, ‘mee’ 
Different words produce the same sound ‘happy’, ‘puppy’  ‘hah hee’ 

‘people’, ‘purple’  ‘pur pur’ 
Unusual intonation pattern ‘play’  ‘pay’ 
Unusual pausing pattern ‘top’  ‘to..pp’ 

‘arm’  ‘ar..mm’ 
Unusual stress pattern ‘pie’  ‘pa..ee’ 
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 Speech therapy session is one of the treatments that can be given to the Apraxia children. It is a clinical area 
concerned with disorder of human communication (Cleuren, 2003). Children with Apraxia must be taught with 
the skills required to program and sequence the movements for speech and they are required to practice the 
skills deliberately (Kumin, 2006). Early detection of Apraxia for speech therapy is imperative in order to avoid 
children from struggling and using incorrect oral communication during their learning years. Besides, it can 
shorten the duration of speech therapy treatment. According to Flipsen (2006), a general formula used by speech 
therapist to calculate the expected conversational intelligibility levels of preschoolers talking to unfamiliar 
people is given as equation (1), 

   
Age in years / 4 x 100 % = % understood by stranger                             (1) 

 
 From this formula, it can be calculated that children of aged 1, 2, 3 and 4 are 25%, 50%, 75% and 100% 
intelligible to strangers, respectively. According to Gordon-Brannan et al. (2000), children of four years with 
speech intelligibility score less than 66% should be considered as having speech disorders and become the can-
didates for speech therapy and treatment. Thus, for normal children, unfamiliar listeners should be able to un-
derstand at least 66% of the spoken by four year old children. 
 Normally, any speech impairments can only be traced by experts or therapists. However, as an alternative 
technique, Automatic Speech Recognition (ASR) system can be used for early detection of Apraxia. Various 
techniques of ASR for diagnosing speech disorders have been introduced over the years. One example of the 
techniques is the implementation of adaptive signal processing to compare the speech signal of children with 
speech disorders and normal children using feedback mechanism technique (Gudi et al., 2010). The resultant 
curve fitted is used to tune the constant values of speech disordered children by calculating the deviation values 
using correlation technique. In another study, implementation of ASR utilizing Hidden Markov Model technique 
has been done by Tian-Swee et al., (2007). The speech pattern of normal and speech disordered children are 
used to train the model for classifying the problem of speech disorder. The developed system also provides text-
to-speech system to guide the user during diagnosis process. 
 Another technique is the use of data mining technique in order to obtain the best results of speech disorders 
diagnosis in condition of maximum efficiency. Data mining involves analysis of mass data to produce a particu-
lar enumeration of data patterns. The proposed system gives information that enables the implementation of 
personalized therapy programs according to the characteristics of the speech disordered children (Danubianu, 
2009). In a research reported by Georgopoulos & Malandraki (2005), Fuzzy Cognitive Map (FCM) model is 
used to develop a diagnosis system for Apraxia. The implementation of Artificial Intelligence (AI) technique 
such as FCM model can integrate with decision making process in order to differentiate different types of 
Apraxia speech. Meanwhile, another diagnostic assessment by using ASR methods for Apraxia speech has also 
been described in Hosom et al., (2007). Training of Artificial Neural Network (ANN) is performed in order to 
evaluate the speech production in this study. The main objective of this study is to evaluate the feasibility of 
classifying normal and apraxia words using SVM classifier. Experiments are also conducted so as to seek out 
the suitable apraxia words and feature extraction methods for the ASR system application.  

 
MATERIALS AND METHODS 

 
 In this research, the apraxia and normal speech signal data is obtained by recording and saving the audio 
samples into WAV format files using digital audio editor. The digitized audio signals are 16 bit, monophonic 
and the sampling rate is 44.1 kHz, 705 kbps. Figure 1 shows the platform of Goldwave digital audio editor for 
recording and editing the speech signal samples. Apparently, the figure shows a recorded of one sentence with 
20 repetitions of speech signals. For data collection, the recording process is carried out in three different ses-
sions. For each session, the speaker performed 20 repetitions of 20 different normal and Apraxia sentences. A 
total of 3600 audio samples from all session are collected for the system development. 
 
Feature Extraction and Classification: 

Feature extraction is a process of transforming input data into reduced representation set of informative fea-
tures which involves the speech signal processing method (Lim Sin et al., 2009). For the purpose of speech 
recognition, speech samples are divided into frames and features are extracted from each frame. During feature 
extraction, speech features are extracted into a sequence of feature vectors in order to be classified in classifica-
tion stage (Chulhee et al., 2003). Before the feature extraction process taking place, 3 basic steps of pre-
processing i.e. pre-emphasis, framing and windowing are executed as shown in Figure 2. 

The first feature extraction used in this research is Mel Frequency Cepstral Coefficient (MFCC). All the pa-
rameters and steps involved for this method is illustrated as in Figure 3. This procedure produces 12 mel cep-
strum coefficients, one log energy coefficient, their delta and delta-delta coefficients for each frame as features 
(Ramli et al., 2011; Ramli et al., 2010). Linear Prediction Coding (LPC) is the second method for feature extrac-
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tion that has been employed in this study. It can be described as a linear combination of speech samples where 
unique set of predictor is determined by minimizing the sum of the squared differences between actual speech 
samples and predicted speech samples (Kondoz, 2000; Kesarkar, 2003). The implementation of LPC processing 
is illustrated in Figure 4. The parameters for the sampling frequency, pre-emphasis, frame length and window 
length used at each stage of the processing are also indicated in this figure. For this method, each feature set 
consists of 14 cepstrum coefficients per frame. 

 

 
 
Fig. 1: Platform of digital audio editor. 
 
  
 

 
Fig. 2: Speech signal pre-processing process. 
 

  
 
Fig. 3: Implementation of MFCC processing. 
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Fig. 4: Implementation of LPC processing. 

 
 For the purpose of speech classification, Support Vector Machine (SVM) is used as a classifier. It is a learn-
ing method used for classification with the basic idea is to find a hyperplane in order to separate the d-
dimensional data into two classes. In the original form, SVM is a training algorithm for linear classification. 
However, since example data is often linearly separable, SVM introduces the notion of a kernel induced feature 
space to transform the data into a higher dimensional space where the data is separable (Boswell, 2002). SVM 
also tunes the capacity of the classification function by maximizing the margin between the training patterns and 
the decision boundary. According to Gunn (1998) and Vapnik (1995), the solution of linearly separable case can 
be done by considering a problem of separating the set of training vectors of two separate classes as in equation 
(1) and (2) 

 
 , … , ,    1, 1                               (1) 

 
with a hyperplane 

 
,  0                                                                                      (2) 
 

 where  and  characterize the direction and position in space and  is normal to the plane. For each direc-
tion,  the hyperplane has the same distance from the nearest points where each class of the margin is twice this 
distance. The hyperplane is optimal when it is able to separate the set of vectors from both classes without error 
and the distance between the closest vectors to the hyperplane is maximal. For non-linear boundary case, the 
data sets of input space are mapped into higher dimensional feature space, by constructing an optimal separating 
hyperplane in the new higher dimensional space as described in Boswell (2002). In practice, the mapping is 
achieved by replacing the value of dot products between the data points in input space with the resultant value 
when the same dot product is performed in the feature space. 
 
ASR System Development: 
 The development of the ASR system consists of four types of approaches, which are data dependent-
speaker dependent system, data dependent-speaker independent system, data independent-speaker dependent 
system and data independent-speaker independent system. For each system, two influenced factors are manipu-
lated in term of word and speaker dependability. The data dependent means the testing data uses the same word 
as in the model data while data independent denotes the testing data uses different word from the model data. 
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Consequently, speaker dependent signifies the speaker for the modeling and testing process is the same person 
while speaker independent involves different person for the modeling and testing process.  
 In this study, the experiment is conducted through two phases as illustrated in Figure 5. The main intention 
of the first phase is for validation. All the four systems are evaluated using MFCC features in this phase and a 
set of words i.e. down, happy and milk are used for modeling and testing. While, for the second phase, only the 
most applicable systems toward real application are evaluated. For this experiment, a new set of words i.e. ball, 
down, happy, milk, pie and play are employed for modeling and testing. Apart from that, two types of features 
i.e. MFCC and LPC are experimented. In this phase, the words and feature that give consistent performance are 
observed. 

 

 
Fig. 5: Summary of system development. 

 
 After recording session, the collected audio data files are edited using the editor software to acquire the 
normal and apraxia data samples. A total of 4680 words are obtained from the editing process. The developed 
system is fully software based, implemented using Matlab programming. Three training data is used to train the 
ASR system and the system is executed through the following procedures: 
 
1. Read the WAV files of model data folder. Perform data collection using Hamming window with sampling 

frequency of 32 kHz to the 240 N data samples. Store the processing data in datasp_all_data array. 
2. Load the datasp_all_data array. Extract model data using MFCC and LPC methods. Store the extracted 

features in wordsp_mfcc_3_data array and wordsp_lpc_3_data array. 
3. Load the datasp_test_data array. Extract test data using MFCC and LPC methods. Store the MFCC features 

in wordsp_mfcc_test_data array and LPC features in wordsp_lpc_test_data array. 
4. Load the wordsp_mfcc_3_data array and wordsp_lpc_3_data array. Set the number of model data as 3. 

Train the model features using SVM method. Store the training model in wordsp_mfcc_model_3_data array 
and wordsp_lpc_model_3_data array, accordingly. 

5. Load the wordsp_mfcc_test_data array with its corresponding wordsp_mfcc_model_3_data array or 
wordsp_lpc_test_data array with its corresponding wordsp_lpc_model_3_data array. Set the number of 
training data as 20. Perform SVM model to match the data pattern between the two arrays. Evaluate the 
matching score using percentage of accuracy and MSE parameters. Store the data results in 
wordsp_result_mfcc_data array and wordsp_result_lpc_data array, accordingly. Display the evaluation pa-
rameters. 

 
RESULTS AND DISCUSSIONS 

 
 Two types of speech signal patterns have been obtained which are normal and Apraxia along with their 
spectrograms. The spectrograms are used to show the spectral density of a signal varies with the time which 
indicated by the darkness of the plot of the frequency analysis. During the period of voiced sound, frequency 
energy of spectral is seen in the spectrogram while in silence period, the spectral cannot be observed. The 
speech signal pattern and its spectrogram of normal and Apraxia for word down and word happy are depicted in 
Figure 6 and 7, respectively. The dissimilarity between normal and apraxia for word down is the characteristic 
of unusual pausing pattern for Apraxia word as shown in Figure 6. For word happy, there is an obvious differ-
ence between the normal and Apraxia utterances in the two syllables of word happy as shown in the following 
Figure 7. 
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Fig. 6: Speech signal pattern and spectrogram of (a) normal word down and (b)Apraxia word down. 

 

 
Fig. 7: Speech signal pattern and spectrogram of (a) normal word happy and (b)Apraxia word happy. 

 
 Whereas, Figure 8 displays the representation of normal word milk and Apraxia word milk. When compar-
ing the speech signals and spectrograms, the utterance of word milk affects the vowel resulting continuous lines 
at the end of the speech as in the Apraxia sample. 

 
Fig. 8: Speech signal pattern and spectrogram of (a) normal word milk and (b)Apraxia word milk. 
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 The word ball is utilized in the system since the word is not clearly spoken by the Apraxia candidates. The 
speech signal pattern and its spectrogram of normal word ball and Apraxia word ball are given in Figure 9. The 
difference between the normal and Apraxia utterance can be seen in the figure where the Apraxia sample holds 
longer at the end of the speech. 

 
Fig. 9: Speech signal pattern and spectrogram of  (a) normal word ball and (b)Apraxia word ball. 

 
 The following Figure 10 shows the speech signal pattern and corresponding spectrogram of normal word 
pie and Apraxia word pie, respectively. The word pie is used in the system due to its characteristic of unusual 
stress pattern for Apraxia of speech problem. From the figure, it can be seen that the Apraxia pie sample is dis-
played as two absurd syllables. 

 
Fig. 10: Speech signal pattern and spectrogram of  (a) normal word pie and (b)Apraxia word pie. 
 
 Meanwhile, the speech signal pattern and spectrogram of normal word play and Apraxia word play are 
displayed in Figure 11. The Apraxia characteristic of the word play is unusual intonation pattern, where the 
Apraxia word play is spoken like a single absurd syllable as shown in the corresponding figure. 

 
Fig. 11: Speech signal pattern and spectrogram of (a) normal word play and (b)Apraxia word play. 
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Performance of the First Phase System Development: 
 From the experimental result, the performance of data dependent-speaker dependent system gives the aver-
age of 99.86% accuracy and 0.01 MSE. Except for the word happy from speaker sp1, the systems are able to 
achieve 100% of accuracy as shown in Figure 12. This may be due to speech signals produced by this speaker 
are shaky and sometimes unstable.  

 

 
 
Fig. 12: Performance of data dependent - speaker dependent system. 

 
 For the data dependent-speaker independent system, the average accuracy is 81.20% and the average MSE 
is 0.75. The testing speech samples are taken from different speakers, independently from the speaker of the 
model samples. Figure 13 shows that among three types of words, the happy words are indicated as lower per-
centage of accuracy than the other words since the word has two syllables sound that may affect the accuracy 
consistency. Besides, the accuracy is also decreased for the input speech samples of speaker sp2 due to the 
speaker sp2 has the lowest pitch sound compared to the speaker sp0 and speaker sp1. 

 

 
 
Fig. 13: Performance of data dependent - speaker independent. 

 
 For data independent-speaker dependent system, the input of word samples is different from the model 
samples. Compared to the first system, this system reaches the average accuracy of 95.28% and average MSE of 
0.19. Otherwise, the accuracy is also decreased for the input speech samples of speaker sp1 when comparing 
with the other speakers as in the second approach as shown in Figure 14. 

 

 
 
Fig. 14: Performance of data independent - speaker dependent system.  



Aust. J. Basic & Appl. Sci., 5(9): 2060-2071, 2011 

 
2068 

 For the last system in the first phase of ASR system, the performance of data independent-speaker indepen-
dent system is the lowest compared to the other three systems due to the effect of system complexity. The aver-
age accuracy is 71.04% with average MSE of 1.16. The testing speech samples are taken from different speak-
ers, which independent from the speaker of the model samples. Besides, the input speech samples are also dif-
ferent from the model samples. The following Figure 15 indicates that among three types of words, the happy 
words are indicated as lower percentage of accuracy than the other words since the word has two syllables 
sound that can deteriorate the accuracy consistency. 
 

 
 
Fig. 15: Performance of data independent - speaker independent system. 
 
Performance of the Second Phase System Development: 
 The second phase of ASR system is implemented using different methods of feature extractions for perfor-
mance comparison. Besides, this phase is also conducted to seek out the consistent word samples that are prefer-
able to be used in real application of ASR system. The numbers of words are increased to six types of words. 
Two systems, which are data dependent-speaker independent and data independent-speaker independent, are 
experimented. These systems are selected since the manipulation of independent speaker is the most realistic 
approach to be applied for the real application. 
 Performances of data dependent-speaker independent system using MFCC and LPC methods are shown in 
Figure 16. From the results, the word ball and word play give lower result at the range below 60% of accuracy 
for both MFCC and LPC methods. The reason of this outcome is probably due to the Apraxia characteristic for 
these words are not clearly spoken and contain unusual intonation pattern that affect the data accuracy. The 
overall performances of the system based on words and feature extraction methods can also be found in Table 1. 
In general, yellow color indicates good performances while low performances are specified by grey color. 
  

 

 
 

 
 
Fig. 16:  Performance of data dependent - speaker independent system in the second phase of ASR system using 

(a) MFCC method (b) LPC method. 
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 Consequently, Figure 17 presents the performances of data independent-speaker independent system using 
the MFCC and LPC methods. The word play and word happy give poor result compared to the other data sam-
ples with accuracy below 60% for both MFCC and LPC methods. The Apraxia characteristic of unusual pattern 
for the word play is probably one of the factors that will affect the data accuracy. On the contrary, the word 
happy which is observed as lower performance is due to the word that has two syllables sound that may stray the 
accuracy consistency. The overall performances for this system can also be referred in Table 2 which yellow 
and grey colors indicate good and low performances, respectively. 
 
Table 1:  Result of data dependent - speaker independent approach. 

Speaker  
Word 

Percentage of accuracy (%) Mean squared error (MSE) 
Input Model MFCC LPC MFCC LPC 
 
 

sp1, sp2 

 
 

sp0 

ball 50 50.42 2 1.98 
down 97.08 67.92 0.12 1.28 
happy 72.92 61.67 1.08 1.53 
milk 74.58 48.33 1.02 2.07  
pie 100 99.17 0 0.03 

play 51.25 49.58 1.95    2.02 
 
 

sp0, sp2 

 
 

sp1 

ball 62.08 52.08 1.52 1.92  
down 97.92 59.17 0.08  1.63  
happy 76.25 84.58 0.95 0.62  
milk 90 69.58 0.4  1.22  
pie 100 98.75 0 0.05  

play 45.83 40.83 2.17 2.37  
 
 

sp0, sp1 

 
 

sp2 

ball 55.42 62.92 1.78 1.48  
down 76.67 77.08 0.93 0.92  
happy 70.83 64.58 1.17 1.42  
milk 51.67 55.83 1.93 1.77 
pie 99.58 100 0.02 0 

play 53.75 52.92 1.85  1.88 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 17:  Performance of data independent - speaker independent system of the second phase of ASR system 

using (a) MFCC method (b) LPC method. 
 
To sum up, obviously the performance of MFCC method in ASR system is better than the LPC method in 

term of accuracy as shown in the following Figure 18. From observation of the analysis graph, most of the data 
samples have reached above than 60% of accuracy for implementation of MFCC method. For other comparison, 
the word pie and word down are the most accurate data samples that reach above 90% of accuracy. Hence, these 
words are meaningful to be implemented as model data in real application since the data are consistent for 
processing of larger input testing data. For word pie, the system gives up to 99.86% and 81.88% of accuracy 
using MFCC feature extraction. While, by using the LPC feature extraction method, 99.31% and 78.54% of 
accuracy percentages are observed. Furthermore, the result of word pie data samples has also proved that MFCC 
method is better than LPC method 
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Table 2: Result of data independent - speaker independent approach.  
Speaker  

Word 
Percentage of accuracy (%) Mean squared error (MSE) 

Input Model MFCC LPC MFCC LPC 
 
 

sp1, sp2 

 
 

sp0 

ball 50.63 50 1.98 2  
down 86.25 46.25 0.55  2.15  
happy 48.75 21.88 2.05 3.125  
milk 75 50 1  2  
pie 94.38 76.25 0.23 0.95  
play 22.5 38.75 3.1 2.45  

 
 

sp0, sp2 

 
 

sp1 

ball 67.5 48.75 1.3  2.05  
down 70.63 38.75 1.18 2.45 
happy 85.63 71.88 0.58  1.13 
milk 60 43.13 1.6 2.28  
pie 70 88.75 1.2  0.45  
play 49.38 50 2.03 2  

 
 

sp0, sp1 

 
 

sp2 

ball 67.5 56.88 1.3  1.73  
down 76.25 66.25 0.95  1.35  
happy 52.5 50 1.9 2  
milk 50 56.88 2  1.73  
pie 81.25 70.63 0.75 1.18 
play 50 55 2  1.8  

  

 
 

Fig. 18:  Comparison between data dependent - speaker independent and data independent - speaker independent 
systems using different feature extraction methods. 
 

Conclusions: 
 In a nutshell, the experimental results have proved that the implementation of ASR system for early detec-
tion of Apraxia can be a viable system which gives up to 99.86% and 81.88 of accuracy percentages for data 
dependent-speaker independent and data independent-speaker independent systems, respectively. For modeling 
the most outstanding apraxia word, the experimental results have proved that the word pie and word down are 
the most preferable that give more than 90% of accuracy. Meanwhile, the implementation of MFCC as features 
to the ASR system achieves better performance compared to the implementation of the LPC feature extraction. 
For future research, a real time ASR system for early detection of apraxia speech disorder with the integration of 
speech therapy facilities will be developed.  

 
ACKNOWLEDGMENT 

 
 This research is supported by the following research grants: Research University Grant, Universiti Sains 
Malaysia, 1001/PELECT/814098 and Incentive Grant, Universiti Sains Malaysia.  

 
REFERENCES 

 
 Boswell, D., 2002. Introduction to Support Vector Machines: University of Carlifornia, San Diego. 
 Bowen, C., 2009. Children's Speech Sound Disorders, Oxford Wiley-Blackwell. 
 Chulhee, L., H. Donghoon, C. Euisun, G. Jinwook and L. Chungyong, 2003. Optimizing Feature Extraction 
for Speech Recognition. Speech and Audio Processing, IEEE, 11: 80-87. 
 Cleuren, L., 2003. Speech Technology in Speech Therapy? State of the Art and Onset to the Development 
of a Therapeutic Tool to Treat Reading Difficulties in the First Grade of Elementary School. SLT Internship at 
ESAT-PSI Speech Group, 2-3. 
 Danubianu, M., S.G. Pentiuc and T. Socaciu, 2009. Towards the Optimized Personalized Therapy of 
Speech Disorders by Data Mining Techniques. In:  Computing in the Global Information Technology. ICCGI, 
09: 20-25. 



Aust. J. Basic & Appl. Sci., 5(9): 2060-2071, 2011 

 
2071 

 Flipsen, P.J., 2006. Measuring the Intelligibility of Conversational Speech in Children. Clinical Linguistics 
and Phonetics, 20(4): 303-312. 
 Georgopoulos, V.C. and G.A. Malandraki, 2005. A Fuzzy Cognitive Map Hierarchical Model for 
Differential Diagnosis of Dysarthrias and Apraxia of Speech. In:  Engineering in Medicine and Biology Society. 
IEEE-EMBS, 27th Annual International Conference, pp: 2409-2412. 
 Gordon-Brannan, M. and B.W. Hodson, 2000. Intelligibility/Severity Measurements of Prekindergarten 
Children’s Speech. American Journal of Speech-Language Pathology, 9: 141-150. 
 Gudi, A.B., H.K. Shreedhar and H.C. Nagaraj, 2010. Signal Processing Techniques to Estimate the Speech 
Disability in Children. IACSIT International Journal of Engineering and Technology, 2(2). 
 Gunn, S.R., 1998. Support Vector Machines for Classification and Regression. Faculty of Engineering, 
Science and Mathematics, University of Southampton. 
 Hosom, J.P., A.B. Kain, X. Niu, J.P.H. Van Santen, M. Fried-Oken and J. Staehely, 2007. Improving the 
Intelligibility of Dysarthric Speech. Speech Communication, 49: 743-759. 
 Kesarkar, M.P., 2003. Feature Extraction for Speech Recognition: Electronic Systems Group, EE. Dept, IIT 
Bombay. 
 Kondoz, A.M., 2000. Digital Speech: Coding for Low Bit Rate Communication Systems, John Wiley & 
Son Ltd. 
 Kumin, L., 2006. Speech Intelligibility and Childhood Verbal Apraxia in Children with Down Syndrome. 
Down Syndrome Research an and Practice, 10(1): 10-22. 
 Lim Sin, C., A. Ooi Chia, M. Hariharan and S. Yaacob, 2009. MFCC based recognition of repetitions and 
prolongations in stuttered speech using k-NN and LDA. In:  Research and Development (SCOReD) IEEE. pp: 
146-149. 
 Ogar, J., H. Slama, N. Dronkers, S. Amici and M.L. Gorno-Tempini, 2005. Apraxia of Speech: An 
overview. Neurocase. Taylor & Francis LLC. 
 Ramli, D.A., N.C., Rani and K.A., Ishak, 2010. A Multi-Instance Speech Signal Data Fusion Approach for 
Biometric Speaker Authentication System Enhancement. World Applied Sciences Journal (IDOSI Journal), 
10(7): 847-852.  
 Ramli, D.A., N.C., Rani and K.A., Ishak, 2011. Performances of Weighted Sum-Rule Fusion Scheme in 
Multi-Instance and Multi-Modal Biometric Systems. World Applied Sciences Journal (IDOSI Journal), 12(11): 
2160-2167. 
 Shriberg, L.D., K.J. Ballard, J.B. Tomblin, J.R. Duffy, K.H. Odell and C.A. Williams, 2006. Speech, 
Prosody, and Voice Characteristics of a Mother and Daughter With a 7;13 Translocation Affecting FOXP2. 
Journal of Speech, Language and Hearing Research, 49: 500-525. 
 Tian-Swee, T., L. Helbin, A.K. Ariff, T. Chee-Ming and S.H. Salleh, 2007. Application of Malay Speech 
Technology in Malay Speech Therapy Assistance Tools. Intelligent and Advanced Systems, ICIAS, pp: 330-
334. 
 Vapnik, V.N., 1995. The Nature of Statistical Learning Theory, Springer-Verlag New York, Inc. 


