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Abstract—Speech is the primary means of human 

communication. Speech production starts in early ages and 

matures as children grow. People with intellectual or learning 

disabilities have deficit in speech production and faces difficulties 

in communication. These people need tailor-made therapies or 

trainings for rehabilitation to lead their lives independently. To 

provide these special trainings , it is important to know the exact 

nature of impairment in the speech through acoustic analysis. 

This study calculated the spectro-temporal features relevant to 

brain structures, encoded at short and long timescales in the 

speech of 82 subjects including 32 typically developing children, 

20 adults and 30 participants with intellectual disabilities 

(severity ranges from mild to moderate). The results revealed 

that short timescales, which encoded information like formant 

transition in typically developing group were significantly 

different from intellectually disabled group, whereas long 

timescales were similar amongst groups. The short timescales 

were significantly different even within typically developing 

group but not within intellectually disabled group. The findings 

suggest that the features encoded at short timescales and ratio 

(short/long) play a significant role in classifying the group. It is 

shown that the classifier models with good accuracy can be 

constructed using acoustic features under investigation. This 

indicates that these features are relevant in differentiating 

normal and disordered speech. These classification models can 

help in early diagnostics of intellectual or learning disabilities. 

Keywords—speech development; spectro-temporal; intellectual 

disabilities; timescales; learning disability; classification model 

I. INTRODUCTION 

Humans use speech, the vocalized form of communication, 
to express their thoughts, emotions, necessities etc. In speech 
research, psycholinguistics, auditory cognitive neurosciences 
and psychoacoustics focused on cues essential for production 
and perception of speech sound along with processing done by 
the brain. Language acquisition process [1], requires to 
perceive sound, produce sound and relate both of them. Speech 
perception starts at very early stage, when child is in mother's 
womb but speech production starts with cooing and babbling in 
infants and children take several years to become fluent 
speakers. Speech is a primary key, used by the children at the 
age of 2-3 years to express their thoughts, necessities, feelings 
and in creating and maintaining social relationships. While 
growing children master this skill to intervene higher level 
complex cognitive tasks. Children [10] take years to learn these 
complex patterns. Communication is rated as abnormal in 
children with learning and intellectual disabilities [11-13]. It is 
beneficial to investigate the nature of speech impairment in 

these special children that will aid in developing tailor made 
therapies for their rehabilitation. Also, spotting a common 
speech features deficit pattern in disorders can help in 
classifying the group and aid in early stage diagnosis of the 
disease. In this study , we have examined acoustical differences 
between normal and group of people with mild to moderate 
intellectual disability  to determine a pattern of speech 
impairments in the given disability. 

Intellectual disability is the state in which deficits in the 
basic intelligence, social and practical skills to execute day to 
day necessities occur. According to American Association on 
Intellectual and Developmental Disabilities (AAIDD)[14], 
Intellectually disability can be characterized by limitation in 
both intellectual functioning (mental capacity : Intellectual 
Quotient (IQ) <=70 (approx)) and adaptive behaviour 
(conceptual, social and practical skill) originate before the age 
of 18 years. In DSM-5 [15], the severity of intellectual 
disability is measured by comparing the functional ability with 
age matched norms. It involves impairment in general mental 
abilities in three domains, the first is conceptual domain ( 
language, reading, writing, reasoning, math, memory, and   
knowledge), the second is social domain which includes lack 
of interpersonal communication skills, friendship, social 
judgments  and empathy. The third practical domain includes  
deficit in personal care, responsibilities, money management, 
job duties and organizing school and tasks. To enhance the 
quality of life of these special people, many rehabilitation 
methods/techniques which were specific to these skills have 
been evolved [16,17]. One of the crucial adaptive skill i.e. lack 
of communication ability is most salient hurdle in rehabilitation 
of intellectually disabled population. 

The children with mental retardation (including mild and 
moderate impaired population) lack in phonological 
development [18-20] in their speech. These children also 
exhibit many articulatory deficit, delays in expressive language 
[21,22] and show significant limitations in grammar and syntax 
development[23,24] as compared to age matched control. 
Several neuro-anatomical and neuro-imaging studies [25] have 
tried to correlate the disorder with impairments in different 
parts of the brain. All of these research studies look at the 
phonological and linguistic  aspect of speech of normally 
developing children, normal adults and subjects with 
intellectual disabilities. There is a shortfall in bringing 
quantitative base for finding a common pattern of speech 
impairments in the subjects with intellectual disabilities. In 
speech perception, auditory mechanism act as frequency 
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analyzer. Numerous studies [2-6] analyse speech production 
development using spectral acoustic measures. One of the 
Study [5] estimated pitch and intensity in the speech of 
children and adults for differentiating normal and intellectually 
disabled population. However, a different line of thought have 
shown that temporal structure of speech plays a crucial role [7-
9] in speech perception and production. These studies [26, 27] 
have proposed that amplitude envelope of speech between 
20msec-500msec carry information representing phonetic 
segment duration, formant transition, place of articulation, 
stress and syllabicity. The spectro-temporal features [28- 33] at 
these timescales highly correlated speech intelligibly and 
ability to understand or comprehend. Studies reported  
impairments in short time scales [34- 36] and  long time scales 
[37, 38, 40] on the speech signal of children with neuro-
developmental disorders. Most of these studies focused on the 
impairments in the spectro-temporal features in the speech of 
subjects with intellectual disabilities but none has developed 
the classification model for these groups based on features 
encoded at multiple timescales. The present study has partially 
filled this gap by extracting spectro-temporal features at two 
timescales followed by building a classification model based 
on these features. It focuses on spectro-temporal features 
encoded at two timescales: short (25-50msec) and long (100-
500msec). 

The study was completed in two phases. During the first 
phase, the statistics of short and long timescales for all speech 
samples in each group were calculated. In the second phase 
different classification models to classify  normal and 
intellectually disabled group based on the statistics obtained in 
first phase were made. All the models showed good accuracy 
which demonstrates the differentiating power of the features 
that are investigated in the present study. This indicates that 
these features can be used for designing diagnostic and 
therapeutic tools for children with mild to moderate intellectual 
disabilities. 

II. METHODS AND MATERIAL 

A. Subjects 

The speech database included two groups, TD (Typically 
developing) and ID (Intellectually disabled) with ages between 
5 to 20 years. TD group was further divided into three 
subgroups TD1,TD2 and TD3. Detailed description is provided 
in Table I. 

B. Experimental settings and procedure 

The 3 minutes (approx) speech recording was done at the 
sampling rate of 22.5 kHz and 16 bit PCM (Pulse Code 
Modulation) using head fitted microphone of Sony recorder 
(ICD-UX533F). The recording procedure consisted of picture 
naming and reading task. Picture naming task included the 
pictures of common animals, birds, vegetables, fruits and 
objects. The participant has to speak the name of the picture 
presented before them. Reading task compromised reading of  
the phonetically rich article from a book. Children ages (4-5 
years) from TD1 group and all participants of  ID group could  
perform picture naming only. As children in TD1 group were 
too young to read the book and similarly, participants from ID 
group could not read the book but could perform picture 

naming as they were familiar with these pictures. Participants 
of TD2 and TD3 group have performed both the tasks. The 
tasks were explained to all the participants  before taking their 
recordings. The low quality speech recordings were checked 
and poor quality samples were excluded from the experiment 

TABLE I.  SPEECH SAMPLES DATABASE 

S/No 

Data Acquisition 

Group  Age  No of Subjects 

1. 

TD 5-20 years 
52                              

(25 male + 27 female) 

1.TD1 4.8 years ± 0.8 
10                            

(6 male + 4 female) 

2.TD2 7.5 years ± 0.7 
22                                   

(10 male + 12 female) 

3.TD3 19.5 years± 0.8 
20                                  

(9 males +11 female) 

2. ID 5-20 years 
30                                     

(22 male + 8 female) 

TD :Typically Developing 
ID: Intellectually disabled 

III. DATA ANALYSIS 

A. Spectro-temporal feature extraction 

Speech is a complex signal that fluctuates rhythmically in 
time and timbrally in frequency. As mentioned earlier (section 
I: Introduction), the speech signals can be effectively analysed 
by investigating spectro-temporal features that are encoded at 
different timescales. In the present study, we have extracted 
spectro-temporal features encoded at two different time-scales 
(short timescales: 25- 50 msec and long time scales: 100-500 
msec) and developed a classification model to differentiate the 
speech of the normal children and children with mild to 
moderate intellectual disabilities. The block diagram and 
workflow of the proposed system is mentioned in Fig. 1. Each 
speech sample was pre-processed for the removal of 
background noise. Spectrogram was then generated for each 
speech sample using 512 point FFT (Fast Fourier Transform) 
and 22 msec time windowing. The resultant spectrogram image 
was pre-processed by applying filtering and thresholding for 
removing noise and extracting spectro-temporal  from the 
converted binary image. The resultant  binary image holds 
spectro-temporal features separated from its surrounding. 
These features can be extracted using 8-connected component 
algorithms[39]. These spectro-temporal features were encoded 
at different timescales (for detail  section I: Introduction). 
Speech signal carries acoustic and linguistic information at 
multiple timescales [ 26 , 37, 40]. For each speech sample, the 
spectro-temporal features were classified into two time-scales 
short time-scales (25-50 msec) which carries information such 
as stress, intonation, voicing and formant transition  and long 
time scales (100-500 msec) which include features representing 
tempo, syllabicity and rhythm. As discussed earlier, both 
timescales altogether define the prosodic information in the 
sample, hence it is meaningful to calculate the ratio of short 
versus long timescales and consider it as one of the important 
attribute. The statistics of short timescales, long timescales and 
their ratios were taken as the prime input attributes to design 
the feature vector for classification. To analyse the 
developmental pattern of these spectro-temporal features 
encoded in different timescales with age and compare these 
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patterns with intellectually disabled population, different 
classification algorithms were constructed. 

B. Classification techniques 

The spectro-temporal features measured during phase-I ( 
mentioned in Fig. 1) served as input to the classifier. The count 
of spectro-temporal features at short timescales, long 
timescales and their ratios were calculated for each speech 
sample in both the groups. The created feature vector is shown 
in Table II. and it represents the number features in short 
timescales range, the number of features in  long timescales, 
their ratios and the age of the subjects as attributes. These input 
attributes were used to train five different types of classifiers to 
develop a predictive model for distinguishing speech of normal 
and intellectually disabled subject. We have applied k-Nearest 
Neighbour, Naive Bayes, SVM (Support Vector Machine), 
Decision tree and Neural Network approaches. The statistical 
performance of learning in the dataset was estimated by 
applying 10 fold cross-validation. In this process,  model was 
first trained and then trained model was used to measure the 
performance. The present model used 70% cases for training 
and rest 30% for testing. k-NN is an instance based learning 
that takes the  input of k closest training examples in the 
feature vector and assign the unknown example to the class of 
single nearest neighbour if k is 1. Gain ratio was used as a 
criteria to predict the output attribute based on input attributes 
in decision tree. Naive Bayes is a conditional probabilistic 
model assumes that the contributions of the attributes are  
independent to the probabilistic label. Lib-SVM (Support 
Vector Machine) used with C-SVC and rbf kernel for two class 
classification, it maps samples nonlinearly into higher 
dimensions. Neural Network learns with feed forward neural 
network trained by a back propagation algorithm. Neural 
network is based on adaptive system that changes the structure 
based on the information passes in learning phase with 
propagation and weight update provided in supervised 
learning. The objective of the current study is to classify the 
speech of typically developing and intellectually disabled 
population. The results are discussed in next section 

 

Fig. 1. Block diagram of the proposed work 

TABLE II.  CLASSES AND ATTRIBUTES USED IN CLASSIFICATION 

S/No. Attribute Type Mean ± SD 

1 Number of short timescales Numeric 6269.1  ± 2492.3 
2 Number of long timescales Numeric 407.7 ± 107.3 

3 Ratio (short/long timescales) Numeric 16.6 ± 6.7 

4 Age Numeric 11.7 ± 6.4 

Output Classes : Typically Developing (TD) 
                            Intellectually Disable (ID) 
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IV. RESULTS 

Fig. 2 shows the number of spectro-temporal features at 
short and long timescales for two children (ages:4-5 years) 
representative from TD1 and ID group and two adults(male) 
representative from  TD3 and ID group. The Fig 2. inspection 
reveals that the number of short timescales is more in number 
than long timescales. Table 3. represents the statistics of short 
and long timescales in TD1,TD2 ,TD3 and ID groups. In order 
to examine the validity of these stats significance testing was 
done. The unpaired t-test for features encoded at short 
timescales between age matched peers in TD and ID found to 
be significantly different (p=0.005521), where as long 
timescales measure (p=0.120905) did not show any significant 
effect on groups. To check whether the short and long 
timescales were affected by gender of the participant, unpaired 
t-test between male and female subjects for TD1, TD2 and 
TD3 were performed and no significant difference was found 
amongst genders in these groups. These findings suggest that 
the short and long timescales in the speech were not influenced 
by the gender of the speaker.  A one-way ANOVA between 
children of ages 4-5 years, 7-8 years and adult for short 
timescales was performed in Intellectually disabled group and 
no significant difference was found (F=0.472523, df=2, 
p=0.629). However, in case of Typically developing (TD) 
group,  the short timescales measures were significantly 
different (F=10.04, df=2, p=0.000677). The similar pattern was 
present for the ratio (short/long) of  timescales. Hence, it can 
be concluded that the short timescales are changes with age in 
typically developing children but this growth is not happening 
in intellectually disabled subjects. The changes in long 
timescales were not significant in typically developing ( 
F=3.43, df=2, p=0.048). On the other hand, the long timescales 
are developing relatively well in subjects with intellectual 
disabilities ( F=9.176132, df=2, p=0.001368). 

From these findings, we can conclude that features 
belonging to long-timescales (100 - 500 msec) develop earlier 
than those belonging to short timescales (25-50 msec). 
Whereas in intellectually disable population, spectro-temporal 
features at short timescales were not matured even in adults. It 
is important to understand the relationship of these timescales 
so, ratio (short/long timescales) was calculated and considered 
as one of the attribute. This differentiation of groups can be 
quantified further by classifying them into two classes, 
typically developing (TD) and Intellectually disabled (ID). The 
feature vector for classification consisted of short timescales, 
long timescales, their ratios and age. Table II. represents the 
feature vector for classification using k-NN, Naive Bayes, 
SVM, Decision tree, SVM and Neural Network respectively. 
The statistical distribution of attributes is shown in Table III. 

A. Classification 

The accuracy, class recall and class precision for 
classification of typically developing (TD) and Intellectually 
disabled (ID) using different classification techniques listed in 
Table IV. (a), (b), (c), (d) and (e). A good accuracy results 
were obtained by all five classification techniques. Neural 
Network and decision tree approach showed better accuracy 
than other four techniques.  Neural Network showed highest 
accuracy of 95.28% as shown in Table IV (E) where as k-NN 

model was least accurate for this dataset amongst all five 
classification techniques. The decision tree approach gave 
better results than Naive Bayes, k-NN and SVM with the 
accuracy of 91.39%. In Fig. 3, the Receiver Operating 
Characteristics(ROCs) for visualizing the performance of 
different classification techniques are provided. An optimistic 
ROC curve was calculated which consider correct classified 
examples before false. From  Fig. 3 , it is clear that the decision 
tree approach has more area under the curve (AUC) than neural 
network and other three classification techniques. In the next 
section, conclusion and future scopes are provided. 

 

 

 

Fig. 2. Comparative graph representation of randomly selected 

representative from children and adult from Typically Developing(TD) and 

Intellectually Disabled (ID) (A) Short-timescales, (B) Long-timescales, (C) 

Ratio (Short/Long) 

TABLE III.  STATISTICAL DISTRIBUTION OF SHORT AND LONG 

TIMESCALES 

Number of Timescales 

 

Groups 

Short Timescale Long Timescale 

Ratio                        

(Short /Long 

Timescale) 

M 
SD 

M 
SD 

M 
SD 

SEM SEM SEM 

TD1 

(n=10) 
4123.75 

711.77 
406.31 

83.01 
10.2 

1.82 

165.44 21.73 0.44 

TD2 7047.81 1096.03 406.44 92.85 17.8 3.05 
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(n=22) 274.00 27.0 0.76 

TD3 

(n=20) 
8194.56 

1038.79 
378.19 

55.84 
22.1 

3.68 

259.07 25.20 0.88 

MD  

(n= 30) 
4535.66 

2119.68 
373.33 

189.76 
13.1 

4.13 

387.00 34.64 0.75 

SD: Standard Deviation, SEM: Standard Error of the mean. 

TABLE IV.  CLASSIFICATION RESULT: PERFORMANCE VECTOR AND 

CONFUSION MATRIX FOR NORMAL AND INTELLECTUALLY DISABLED 

POPULATION (A) K-NEAREST NEIGHBOUR (B) NAIVE BAYES, (C) SVM 

(SUPPORT VECTOR MACHINE), (D) DECISION TREE METHOD, (E) NEURAL 

NETWORK 

(a)  k-NN                                                         Accuracy: 70.28%± 15.33%                

 True TD True ID Class precision 

Pred. TD 39 11 78.00% 

Pred. ID 13 19 59.38% 

Class recall 86.54% 66.67%  

 

(b) Naive Bayes                                                Accuracy: 86.67%± 8.45%                                 

 True TD True ID Class precision 

Pred. TD 46 5 90.20% 

Pred. ID 6 25 80.65% 

Class recall 88.46% 83.33%  

 

(c) Support Vector Machine                              Accuracy: 80.42%± 6.13%                                   

 True TD True ID Class precision 

Pred. TD 52 16 76.47% 

Pred. ID 0 14 100% 

Class recall 100% 46.67%  

 

(d) Decision Tree Method                                 Accuracy: 91.39%± 7.95%                                  

 True TD True ID Class precision 

Pred. TD 48 3 94.12% 

Pred. ID 4 27 87.10% 

Class recall 92.31% 90.0%  

 

(e) Neural Network                                           Accuracy: 95.28%± 7.64%                                

 True TD True MD Class precision 

Pred. TD 50 2 96.15% 

Pred. ID 2 28 93.33% 

Class recall 96.15% 93.33%  

    

V. CONCLUSION AND FUTURE SCOPE 

In the present study, statistical properties of spectro-
temporal features encoded at two different timescales were 
examined in the speech of normal and intellectually-disabled 
groups. The spectro-temporal features encoded at short 
timescales were developing well  in normal developing 
children but this development was inadequate in  the speech of 
age matched children with intellectual disabilities. The spectro-
temporal features encoded at short and long timescales were 
tested on 52 normal and 30 participants with mild to moderate 
intellectual disabilities. The results revealed that features of 
short timescales, long timescales and their ratio were 
significantly different in intellectually disabled and age match 
control. These features were used to classify intellectually 
disabled and normal population by developing different 
classification models.  A good accuracy of range of 90% was 
achieved through decision tree and neural networks. The above 

system can be used as an early assessment aid for speech 
disorders and intellectual disabilities. In Future, we wish to 
apply this system for specific disorders like autism, ADHD,  
SLI etc . The study can be made more robust by further 
classifying the intellectually disabled in to mild and moderate 
level. 

 
Fig. 3. Basic ROCs (Receiver Operating Characteristics)  graph showing 

five classifier: K-Nearest Neighbour, Naive Bayes, Decision Tree Method, 
SVM and Neural Network 

REFERENCES 

[1] Doupe, Allison J., and Patricia K. Kuhl. "Birdsong and human speech: 
common themes and mechanisms." Annual review of neuroscience 22.1 
(1999): 567-631. 

[2] P. F.Assmann, Peter F., Terrance M. Nearey, and Sneha V. Bharadwaj. 
"Developmental patterns in children’s speech: patterns of spectral 
change in vowels." Vowel inherent spectral change. Springer Berlin 
Heidelberg, 2013. 199-230. 

[3] Ballard, Kirrie J., et al. "Developmental trajectory for production of 
prosody: lexical stress contrastivity in children ages 3 to 7 years and in 
adults."Journal of Speech, Language, and Hearing Research 55.6 
(2012): 1822-1835. 

[4] Traunmüller, Hartmut, and Anders Eriksson. "Acoustic effects of 
variation in vocal effort by men, women, and children." The Journal of 
the Acoustical Society of America 107.6 (2000): 3438-3451. 

[5] Gautam, Sumanlata, and Latika Singh. "Classification of the Speech of 
Normally Developing and Intellectually Disabled 
Children." International Journal of Data Mining And Emerging 
Technologies 6.1 (2016): 28-37. 

[6] Gautam, Sumanlata, and Latika Singh. "Developmental pattern analysis 
and age prediction by extracting speech features and applying various 
classification techniques." Computing, Communication & Automation 
(ICCCA), 2015 International Conference on. IEEE, 2015. 

[7] Rosen, S. "Temporal information in speech and its relevance for 
cochlear implants." Cochlear Implant: Acquisitions and Controversies, 
ed. B. Fraysse, N. Couchard (1989): 3-26. 

[8] Moon, Il Joon, and Sung Hwa Hong. "What is temporal fine structure 
and why is it important?." Korean journal of audiology 18.1 (2014): 1-7. 

[9] Chait, Maria, et al. "Multi-time resolution analysis of speech: evidence 
from psychophysics." Frontiers in neuroscience 9 (2015). 

[10] Nittrouer S, Estee S, Lowenstein JH, Smith J. The emergence of mature 
gestural patterns in the production of voiceless and voiced word-final 
stops. The Journal of the Acoustical Society of America. 2005 Jan 
1;117(1):351-64. 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 7, No. 8, 2016 

264 | P a g e  

www.ijacsa.thesai.org 

[11] Tallal P, Gaab N. Dynamic auditory processing, musical experience and 
language development. Trends in neurosciences. 2006 Jul 31;29(7):382-
90.  

[12] Tallal P, Stark RE, Mellits ED. Identification of language-impaired 
children on the basis of rapid perception and production skills. Brain and 
language. 1985 Jul 31;25(2):314-22.  

[13] Goswami U, Thomson J, Richardson U, Stainthorp R, Hughes D, Rosen 
S, Scott SK. Amplitude envelope onsets and developmental dyslexia: A 
new hypothesis. Proceedings of the National Academy of Sciences. 
2002 Aug 6;99(16):10911-6.  

[14] Schalock RL, Borthwick-Duffy SA, Bradley VJ, Buntinx WH, Coulter 
DL, Craig EM, et al. Intellectual disability: Definition, classification, 
and systems of supports. American Association on Intellectual and 
Developmental Disabilities. 444 North Capitol Street NW Suite 846, 
Washington, DC 20001; 2010. 

[15] DSM-5 American Psychiatric Association. Diagnostic and statistical 
manual of mental disorders. Arlington: American Psychiatric 
Publishing. 2013. 

[16] Maber-Aleksandrowicz S, Avent C, Hassiotis A. A Systematic Review 
of Animal-Assisted Therapy on Psychosocial Outcomes in People with 
Intellectual Disability. Research in Developmental Disabilities. 2016 
Mar 31;49:322-38. 

[17] Cabanas R. Some findings in speech and voice therapy among mentally 
deficient children. Folia Phoniatrica et Logopaedica. 1954 Jul 1;6(1):34-
7. 

[18] Cardoso-Martins C, Mervis CB. Maternal speech to prelinguistic 
children with Down syndrome. American Journal of Mental Deficiency. 
1985 Mar. 

[19] Mervis CB. Early conceptual development of children with Down 
syndrome. Children with Down syndrome: A developmental 
perspective. 1990 Mar 30:252-301. 

[20] Mervis CB, Bertrand J. Developmental relations between cognition and 
language: Evidence from Williams syndrome. Research on 
communication and language disorders: Contributions to theories of 
language development. 1997:75-106. 

[21] Ingram D. First language acquisition: Method, description and 
explanation. Cambridge University Press; 1989 Sep 7. 

[22] Stoel-Gammon C. Down syndrome phonology: Developmental patterns 
and intervention strategies. Down Syndrome Research and Practice. 
2001 Jan 1;7(3):93-100. 

[23] Singer Harris NG, Bellugi U, Bates E, Jones W, Rossen M. Contrasting 
profiles of language development in children with Williams and Down 
syndromes. Developmental Neuropsychology. 1997 Jan 1;13(3):345-70. 

[24] Tager-Flusberg H, Calkins S, Nolin T, Baumberger T, Anderson M, 
Chadwick-Dias A. A longitudinal study of language acquisition in 
autistic and Down syndrome children. Journal of autism and 
developmental disorders. 1990 Mar 1;20(1):1-21. 

[25] Fowler AE. Language abilities in children with Down syndrome: 
Evidence for a specific syntactic delay. Children with Down syndrome: 
A developmental perspective. 1990 Mar 30;9:302-28. 

[26] Rosen, Stuart. "Temporal information in speech: acoustic, auditory and 
linguistic aspects." Philosophical Transactions of the Royal Society B: 
Biological Sciences 336.1278 (1992): 367-373. 

[27] Greenberg, Joseph H. Language universals: With special reference to 
feature hierarchies. Walter de Gruyter, 2005. 

[28] Greenberg, Steven, and A. R. A. I. Takayuki. "What are the essential 
cues for understanding spoken language?." IEICE transactions on 
information and systems 87.5 (2004): 1059-1070. 

[29] Obleser, Jonas, Frank Eisner, and Sonja A. Kotz. "Bilateral speech 
comprehension reflects differential sensitivity to spectral and temporal 
features." The Journal of Neuroscience 28.32 (2008): 8116-8123. 

[30] Elliott, Taffeta M., and Frédéric E. Theunissen. "The modulation 
transfer function for speech intelligibility." PLoS comput biol 5.3 
(2009): e1000302. 

[31] Ghitza, Oded. "On the role of theta-driven syllabic parsing in decoding 
speech: intelligibility of speech with a manipulated modulation 
spectrum."Frontiers in psychology 3 (2012): 238. 

[32] Peelle, Jonathan E., Joachim Gross, and Matthew H. Davis. "Phase-
locked responses to speech in human auditory cortex are enhanced 
during comprehension." Cerebral Cortex 23.6 (2013): 1378-1387. 

[33] Doelling, Keith B., Luc H. Arnal, Oded Ghitza, and David Poeppel. 
"Acoustic landmarks drive delta–theta oscillations to enable speech 
comprehension by facilitating perceptual parsing." Neuroimage 85 
(2014): 761-768.  

[34] Tallal, Paula, Steve L. Miller, Gail Bedi, Gary Byma, Xiaoqin Wang, 
Srikantan S. Nagarajan, Christoph Schreiner, William M. Jenkins, and 
Michael M. Merzenich. "Language comprehension in language-learning 
impaired children improved with acoustically modified speech." Annual 
progress in child psychiatry and child development (1997): 193-200. 

[35] Rocheron, Isabelle, Christian Lorenzi, Christian Füllgrabe, and Annie 
Dumont. "Temporal envelope perception in dyslexic 
children." Neuroreport13, no. 13 (2002): 1683-1687. 

[36] Lehongre, Katia, Franck Ramus, Nadège Villiermet, Denis Schwartz, 
and Anne-Lise Giraud. "Altered low-gamma sampling in auditory cortex 
accounts for the three main facets of dyslexia." Neuron 72, no. 6 (2011): 
1080-1090. 

[37] Goswami, Usha. "A temporal sampling framework for developmental 
dyslexia." Trends in cognitive sciences 15.1 (2011): 3-10. 

[38] Leong, Victoria, and Usha Goswami. "Acoustic-emergent phonology in 
the amplitude envelope of child-directed speech." PloS one 10.12 
(2015): e0144411. 

[39] Di Stefano, Luigi, and Andrea Bulgarelli. "A simple and efficient 
connected components labeling algorithm." Image Analysis and 
Processing, 1999. Proceedings. International Conference on. IEEE, 
1999. 

[40] Singh, Latika, and Nandini C. Singh. "The development of articulatory 
signatures in children." Developmental science 11.4 (2008): 467-473. 


