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Abstract— Aphasia is a communication disability
that falls under the category of neurological speech disorder.
The main cause of the aphasia individual speech impairment
damages certain portion of the cerebrum. The aphasic speech
impairment ranges from mild level to the extreme level of
severity in which the individual will not be able to
communicate. The aphasia individuals face difficulties on the
different communication categories like some individual have
difficulty in formation of the clear and meaningful sentence,
some have problem with understanding and some have trouble
in the reading process. The aphasic speech impairment
experience will be unique for each individual. It purely
depends on the portion of the impairment in the cerebrum,
position of the impairment in brain, degree of the severity and
also individual age factor. This research work focuses on the
assessment of speech impairment in the aphasia patients,
basically in order to evaluate the communication aptitude of
the aphasia individual. The assessment approach is based on
the analysis of factors related to speech such as articulation,
phonation, prosody and intelligibility. Through the assessment
approach, degree of the severity level of patient will be
identified through the automatic speech recognition (ASR)
methodologies. This work helps the medical examiners namely
neurologists and speech therapists to perform the effective
speech analysis for the individuals with aphasia speech
disorder.

Keywords— Aphasia, speech assessment, automatic speech
recognition, speech analysis

[. INTRODUCTION

Aphasia is a communication disability caused because
of the damage in certain portion of the cerebrum which
basically deals with the individual’s language capability.
Neurological disorder is related to the nervous system of
human being. Due to damage in nervous system results in
neurological disorder. Aphasia comes under the
neurological disorder which is caused by stroke, paralysis,
damage to the part of cerebrum where the language skills
are associated. This kind of disorder takes time to recover.
Aphasia speech disorder affect approximately 1,000,000
people in United States of America and also as per the
survey 180,000 are estimated to acquire stroke every-year in
2020.  Various types of aphasia such as anomic, broca,
conduction, wernicke, global etc. Each type has different
cause. Therefore, speech disorder individual face problems
in communication. This disorder affects the communication
skills such as reading, difficulty in formation of sentences,
expressing thoughts or feelings, problem in pronunciations,
to convey ideas in professional life etc.
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The aphasic speech impairment experience remains
unique for each individual. It purely depends on the portion
of the impairment in the cerebrum, position of the
impairment in brain, degree of the severity and also
individual age factor. This work focus on assessment of the
speech impairment in the aphasia patients, basically in order
to evaluate the communication aptitude of the aphasia
individual. The assessment approach is based on the
analysis of factors related to speech such as articulation,
phonation, prosody and intelligibility. Through the
assessment approach, degree of the severity level of the
patient will be identified through the automatic speech
recognition (ASR) methodologies. Speech analysis plays an
important role in the assessment process of the aphasia
patient.

This motivated us to work on assessment system, which
will help the medical examiners namely neurologists and
speech therapists to perform the effective speech analysis of
the individual with aphasia speech disorder to identify the
degree of the severity level of the aphasia patient.

Feature Feature Classificati Aphasia
Extraction Seleetion assification Severity

Aphasia Speech
Database

Fig 1: Abstract model of automatic speech assessment
system

Various techniques are used in the development of
assessment systems such as feature extraction; feature
selection and classification, which is wused in the
identification of severity level in the aphasiaindividual.

In this survey work, different approaches used for the
Automatic assessment system has been reviewed in which
speech analysis of the aphasia individual is done by
considering the speech evaluation parameters.

II. BACKGROUND RELATED WORK

A lot of research works have been undergone in the area
related to the automatic assessment system for the aphasia
individual. Previously work has been carried out on
identification of the severity level for the aphasia patient by
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C. Kohlschein et al. (2017), An automatic assessment
system for the evaluation of the aphasic speech, which
benefits medical examiners namely neurologists and speech
therapists to perform the effective speech analysis of the
individual with aphasia speech disorder is proposed. In
order to recognize the aphasic speech vocal, biomarkers are
used. A database is required to map aphasic speech to the
type of aphasia and its severity level by using aphasia
individual speech recording. SVM is considered for the
classification of the aphasic speech [1].

Le et al. (2015), proposed an automated assessment
systemto help rehabilitation for an aphasia individual which
has potential to provide feedback with respect to the verbal
production of the aphasia patient. Extraction of the features
and rhythm from the aphasia individual speech sample is
done through the introduction of the powerful method which
is with respect to the template match. The draw out features
are combined with the GOP metrics and the previous draw
out features set helps the systemto achieve the performance
equal to the human in classification of the speech quality of
the aphasia patient [2].

Fraser et al. (2013), demonstrated diagnosing
progressive aphasia and the two subtypes of it namely
semantic variant primary-progressive-aphasia (PPA) and
progressive-non-fluent-aphasia (PNFA) from the recorded
speech samples and the analysis of the transcripts. Three
classifiers are applied namely NB, SVM and RF. Two
approaches of selection of features are compared, one
according to the statistical relevance and other according to
the minimum Redundancy Maximum Relevance (mRMR).
After the optimization of the classifier, PPA classified
correctly 75.6% of time and other two subtypes are
classified correctly 87.4% of time [3].

Y. Liu et al. (2019), demonstrated an investigation on
application of ASR based technology to the speech disorder
assessment system for the individual who speaks Cantonese.
The ASR technology based on DNN is trained with the
continual utterances of normal speaker who speaks
Cantonese which is phonetically abundant in nature. It is
observed that the obtained phonetic posterior at frame level
from ASR is firmly correlated with speech disorder degree
of severity. For the categorization of disorder into low,
medium and high severity level an SVM classifier is utilize
to categories the speaker utterances. Accuracy obtained for
the low and high severity level disorder is 90.3% and also
there is an observation of confusion with respect to the low
and medium level of severity. In some cases related to the
severe level disorder classification outcome is more
inconsistent [4].

R. Guptaetal. (2016), This work focus on reviewing the
machine learning application and the techniques of signals
processing for the pathological speech and also precisely
focus on the three divergent aspects. Firstly, challenges are
listed such as supervising subjectivity with respect to
assessment of the pathologic speech and imp le mentation of
ML-SP techniques and tools to domain specific in
accordance with the patients’ variability. Secondly,
discussion on ML algorithms and design of extraction of
feature are done [52]. Lastly discussion on few case study
with respect to the analysis of pathologic speech [5].

D. Huang et al. (2016), demonstrated identification of
the pathological speech. A novel method is proposed for

representation of every utterance of speech using three types
of representation with respect to signal namely Gaussian
distribution, linear subspace and covariance matrix. In order
to measure difference and similarity. Variants of kernel is
applied on representations. Classifiers namely KNN, LR,
SVM, Kemel partial-least-squares are explored for the
comparison of the classifiers efficiency with respect to
classification. Finally in order to enhance the performance a
combinational learning classifier from various acoustic
representation is carried at the score level decision. The
proposed model achieved a accuracy of 78.0% on test set
[6].

D. Le et al. (2016), demonstrated investigation of the
practicality of the assessment system with respect to 3
aspects namely fluidity, prosody and clarity of the aphasia
individual speech intelligibility. Corpus for the aphasia
disorder is introduced which contains the speech samples
related to the interaction of the aphasia individuals. An
Application based on tablet is also designed for the therapy
purpose. The classification efficiency of the system is
investigated under 2 conditions: one based on transcripts
labelled by human and the other based on transcripts
generated automatically. The acoustic model based on DNN
is applied. Thus this assessment system demonstrated the
groundwork to bridge gap in between the human and the
automatic assessment speech intelligibility system for the
aphasiaindividual [7].

Assessment of speech plays a very comprehensive action
for the aphasia individual. Y. Qin et al. (2018), proposed an
automatic Assessment System for the aphasia patient who
speaks Cantonese. Through word embedding approach
feature extraction from the erroneous Automatic Speech
Recognition system output is carried out. The texts feature
which is extracted is used to differentiate stories narrated by
unimpaired person from impaired person. The Automatic
Speech Recognition system follows the architecture namely
DNN-HMM. The supra segmented time span features are
also extracted from the syllable level which is obtained as a
outcome of the automatic speech recognition systemused to
distinguish the prosody of the aphasia individual speech. In
the proposed system the extracted text features and the time
span features are evaluated in the classification investigation
along with the prediction of the score of the assessment.
Thus the result shows both the extracted features is very
useful in the assessment process for the aphasia individual
[8].

Y. Qin et al. (2016), proposed an automatic Assessment
System which is based on automatic speech recognition
approach for the aphasia patient who speaks Cantonese. The
ASR is built to aid acoustic and language analysis of the
aphasia individual who speaks Cantonese. The performance
of the ASR is analyzed based on severity level of the
aphasia individual speech samples. The assessment system
performance is investigated using two acoustic models
GMM-HMM and DNN-HMM [9].

The rehabilitation of the speech disorder in aphasia
individual requires a practice which is followed by a proper
feedback. D. Le et al. (2014), in the proposed system
feedback is provided to the aphasia individual through by
giving description of pictures and the sentence formation.
The classifiers are developed to estimate the quality of
speech automatically. The performance of the classifiers is
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assessed in association to the evaluation done by human in
an average level [10].

Lee et al. (2016), presented investigation on the
assessment of voice wusing continual utterances of
individual’s speaking Cantonese is demonstrated. An ASR
systembased on DNN-HMM is undergone training with the
speech of the unimpaired individual voice. As the severity
level of the disorder is increased there is a slight decrease in
the accuracy with respect to recognition. The obtained
phonic posteriors for the continual speech through the low,
medium and the severe level are more distinctive, this helps
in diagnosis of the severity level [11].

The extraction of the MFCC feature is the very
important step in the recognition application which is based
on speech. This feature is wildly utilize in lot of
applications. Trang et al. (2015), proposed recognition
application which is based on speech using three methods
for the extraction of the MFCC-Feature and the HMM
model built in embed system successfully with matlab and
ARM base A8. The accuracy of the recognition depicts
effect of extraction approaches on entire system
Combination of the extraction approach of the MFCC-
Feature and PCA approach demonstrated high performance
with respect to the accuracy of the recognition and also with
respect to the speed calculation [12].

M. Shahin et al (2020), presented assessment
approaches used in analysis of the speech of children having
different types of speech disorders. Investigation i carried
on the usage of paralinguistic feature-extraction in order to
reduce the necessity for the low annotation level. The
anomaly-detection approach performance was better than
DNN-GOP based approach with F1 accuracy score 0.83.
Demonstration of the usage of pre-trained deep-learning-
network for the extraction of embeddings fromthe segments
of therapy session [13].

V. Balaji et al. (2019), this work aim is to bridge the
communication barriers faced by the dysarthric individual.
This is achieved through the mapping severe dysarthric
speech sample audio signals to the normal people speech
signal or with less severity speech signal. The investigation
is carried out through the comparison of speech signal
waveforms of individuals having no communication speech
disorder and the individuals having communication speech
disorder. Then the features are extracted from audio signal.
The features are processed using HMM which is followed
by decoding features to phonemes and the mapping of
phonemes are done. GMM-HMM model is generated in
order to observe the probability of state transition as HMM
is non deterministic machine [14].

Povey et al. (2011), presented description on Kaldi, an
open source and freely available toolkit for recognition of
speech. Toolkit is supported by modeling the phones which
is context dependent in nature having different context
length and also general used approaches is estimated
through max likelihood. It also supports SGMM (subspace-
Gaussian-mixture-models) and also standard GMM
(Gaussian-mixture-models). It is written in C++. Release of
Kaldi is under Apache v2.0 license and it is available for
wide users’ community as it is non-restrictive [15].

In order to modeling emission-distribution of HMM for
the recognition of speech task, Gaussian-mixture-models
considered as one of the most dominant approach.

Mohamed et al. (2012), demonstrated that a better
recognition of phones on TIMIT datasets will be achieved
through replacement of GMM by DNN(Deep-neural-
networks) which contains layers of feature and also contains
many parameters which are pre-trained in an generative
method. This approach is used in the training of language-
models and also acoustic-model with the usage of complete
utterance instead of frames window. After the pre-training
fine tuning is performed through backpropagation for the
better predictions [16].

T. N. Sainath et al. (2011), this work focus on
application of DBNs (Deep-Belief-Networks) for the
LVCSR (Large-Vocabulary-Continuous-Speech-
Recognition) system. In this work the performance of DBNs
over the HMM and MLPs has been improved through pre-
training of the weights in DBNs for the variant feature
expansions. And also an approach is demonstrated in this
work for parallel-training of the DBNs in order to make it
more feasible with respect to computational aspect for
LVCSR work without influencing WER [17].

Assessment of the Speech plays a very important role in
the rehabilitation for aphasia patients. Analysis of the
factors related to speech such as articulation, phonation,
prosody and intelligibility has larger impact on the clarity of
aphasic speech. S. Mahmoud et al,, proposed Automatic
assessment system. The proposed system adopts the
Convolutional neural network approach in order to map the
association in between the degree of severity of the aphasia
patient speech and three factors related to speech such as
fluency, articulation tone frequency. The proposed system
predicts the degree of severity of aphasia individual
speaking mandarin with the good accuracy level [18].

To perform the Assessment of the speech basically two
steps are involved feature extraction and classification of the
features extracted. Y. Qin et al. (2018), proposed automatic
assessment system for the aphasia individual speaking
Cantonese. The main working principle of this system is to
classify the aphasia individuals based on the severity level.
In order to map the speech samples to classification
outcome, Convolutional neural network and Gated
Recurrent Unit-Recurrent Neural Network models are
implemented. Convolutional neural network (CNN) model
performance is better in comparison with Gated Recurrent
Unit-Recurrent Neural Network model [19].

Y. Qin et al. (2019), demonstrated investigation of the
application of ASR in assessment of speech of the aphasia
individual. The unique characteristics of aphasia patient
speech sample is paraphasia. Paraphasia refers to the
occurrence of phonemic errors, unplanned words,
occurrence of non-verbal sound. With the inspiration from
the research work on OOV words detection. The
paraphasias in the aphasic speech is captured through the
comparison of phonic posteriorgrams with respect to weakly
and strongly constrain speech recognizers. Dual channel
CNN and Siamese models utilized for classification of the
posteriorgrams and also for the prediction of the degree of
severity. The F1 accuracy achieved on the classification is
about0.891 [20].

J. KR et al. (2019), this work focuses on bridging
communication barriers for an aphasia individual. Based on
the degree of severity the intelligence system will perform
analysis of the words pronounced, which are unstructured in
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nature and transform it to prediction. The recognition
system is based on CNN. The system interprets the aphasia
individual spoken speech to the text format with the
accuracy of 85.10% [21].

Kohlschein et al. (2018), developed an assessment
system to predict the aphasia type using the transcripts
which is obtained from the aphasia clinical data. The
utterance of the aphasia patient is converted into words list
and the model word2vec is trained. The classifier is trained
by converting training utterances into 20 dimension word
vectors and then padding to the thirty vectors length. The
LSTM layer is trained with the lists which has designated
aphasia type label. The performance and the challenges are
both depicted for the aphasiaclinical data [22].

Aphasia is speech disorder which affects the language
skills of the individual which is caused due to the cerebrum
damage resulting difficulty in communication. The Aphasia
individual spoken speech is often distinguished by the error
called as paraphasia’s. The Investigation of this will be
helpful to decide the relevant treatment for the aphasia
patient and also it is helpful in determining improvement in
recovery if the aphasia individual. Le et al. (2017), a study
on identifying neologistic paraphasias and phonemic
detection from the aphasia individuals’ speech samples is
done. An ASR system has been proposed with the task-
oriented language model to reproduce speech of aphasia
individual automatically. The DBLSTM-RNN is used for
the prediction of monophone and senone labels. The Deep
Learmning algorithms are very effective for accurate
predictions [51]. The extracted features are analyzed based
on the metrics namely DUR, GOP, DIST, DTW. For the
classification of paraphasia SVM, DT and LR classifiers are
implemented. Thus proposed system outlines the
demonstration of the feasibility of paraphasia automatic
detection [23].

The Speech Recognition models based on the feed
forward and the recurrent neural network has be used from
many years. The recent work have shown LSTM-RNN
performance is better than DNN as an acoustic model for the
ASR System. Sak et al. (2015), in this work the performance
of the LSTM-RNN based model is upgraded through the
application of improvised techniques for the huge
vocabulary. Stacking of frames and reduction in the rate of
frame leads to the quick decoding and also building accurate
model. Performance improvement in the model is due to the
introduction of the CD (Context Dependent) phonetic model
units. Without the usage of language models, training of the
acoustic model in the word degree can be carried in order to
achieve good accuracy on intermediatory average
vocabulary ASR is depicted in this work [24].

Automatic recognition of the speech of an aphasia
individual is a challenging task due to the shortage of
availability of the training datasets appropriate of the
aphasia individuals. To perform investigation on the aphasia
individual AphasiaBank is used by the Clinicians.
AphasiaBank act as a most promising data source for the
neural network model. First continuous huge vocabulary for
the speech recognition is standard on AphasiaBank. Le et al.
(2016), depicts the usage of AphasiaBank can leverage to
enhance the recognition accuracy. Two approaches are
followed to distinguish the aphasia severity level.
Discriminative pre-training offers benefits for the individual

having less aphasia severity on the other hand i-vectors
benefits for the individual having more aphasia severity
[25].

D. Antkowiak et al. (2016), proposed an application
which focus on providing the favorable approach for the
therapy of the aphasia individual with respect to the
language through augmented-reality-application. With this
application assist appropriate exercises can be made
available for the aphasia patients at home as a part of
therapy. Assistance to the aphasia individual is provided
through 3D scan, tracking activities on mobile, feedback
support and editor to annotate scanned images. Bounded
therapy is designed for the complex therapy exercise within
rehabilitation linguistic process. Thus augmented-reality-
application contribute an outstanding opportunity for
therapy for the aphasia individual without much financial
load [26].

Y. Liu et al. (2018), in this work assessment of the
disordered Speech is done using the Kullback Leibler
divergence (KL). The distortion in terms of the phone level
between the impaired and unimpaired speakers is measured
using KL divergence. Combination of the impaired speech
and the normal speech corpus is used to train the ASR for
the Cantonese. Acoustic model which incorporates multi
task approach of learning is utilized to include various
characteristics of speech. The proposed Kullback Leibler
divergence with acoustic model experimental outcome
depicts that it is more effectual in continual speech
assessment systemof different types of pathologies [27].

Stephanie Gillespie et al. (2018), presents investigation
on identification of the acoustic estimated measures which is
relate to the affective change of state in the aphasia
individual adult’s speech. The results demonstrates that
Machine Learning disclosed moderate level success in
classification of depression in aphasia adults, minimal level
success in prediction of the stress scores and the depression
and finally minimal level success in the classification of the
changes related to the affective change of state category
between beginning speech and the end speech. The result
obtained from this work are promising and assist in the
development of the clinical-tools to help clinicians in
diagnosis of the depression, stress and the affective change
of state in the adults with the aphasia disorder [28].

C. Shih et al. (2013), proposed the Assistive Therapeutic
Speech System for the aphasia individual to provide therapy
at the home and also build few experiments in order to
improve effectiveness with respect to Taiwan. The
procedure to perform experiments adopted classic strategy
called as ABA investigational design. For the treatment
purpose at the home thirty words were found. The final
result depicts the improvement with respect to reaction
timespan and correctness. Thus, it is concluded that the
usage of assistive therapeutic program for the treatment at
the home is useful and also it going to increase treatment
density for the outpatients [29].

G. Teodoro et al. (2013), proposed virtual clinicians in
opposition to the real actual clinician. Initially test were
carried using an VirtualClinician avatar accompanied with
the human driver. To compare the efficiency of aphasia
individual’s speech production with real actual clinician
collection of data was done. The outcome of the results
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depicted that the aphasia individual’s respond suitably to
VirtualClinician [30].

M. Khan et al. (2017), developed a framework which
does Aphasia disorder diagnosis and the classification which
is semi-automatic in nature which incorporates extraction of
feature and the pattern match techniques of DSP- Digital
Signal Processing. Evaluation of the time taken,
characteristics of the speech and acoustic property for the
language components such as repetition, comprehension and
naming are carried out in the proposed system. DSP
methods are utilized in repletion and the naming tasks.
Scores are calculated for the language components through
mathematical associations. Then the framework determines
diagnosis with respect to the obtained scores and also the
accuracy and efficiency is increased through the consistent
and correct diagnosis conclusion. Thus, it diagnose sub-
types of the aphasia disorder namely Anomic and
Wernicke’s with good accuracy [31].

Christensen et al. (2014), demonstrated investigation of
training of accurate models for the Dysarthric individual
speech recognition system which is speaker dependent
through choosing carefully which speaker to be involve in
speaker dependent models which is adjust to targeted
speaker data. Acoustic proximity between the speakers is
investigated and also it is ranked accordingly using various
approaches on measuring the closeness on UA Speech
database. The result depicts improvements in terms of
accuracy on an average of 11.5% in comparison with ST and
SD standards and also in comparison against system model
which has undergone training using CMLLR-SAT (which is
a excellence mechanism to deal with the huge inter speaker
variance in data [32].

Jokel et al. (2014), presented review of PPA impairment
treatment. The main aim of this work is to provide
assistance to the clinicians for selecting the mediation
approaches for the PPA individuals to bridge the
communication barriers. Transcranial-Magnetic-Stimu lation
(TMS) is the most effective tool which has got very
interesting therapeutic capability. It also observed that
approaches for the treatment of PPA which is based on
computer are viable option. Thus exposing PPA individuals
to current advanced technologies help them in staying
connected with their surroundings [33].

Henry et al. (2018), This paper focus on reviewing the
assessment which is utilized in the examination of the
cognition and communication in the PPA which includes
ProgressiveAphasia , common aphasia battery which is
designed for the stroke and also tests of linguistic function
under cognitive domain which includes repetition,
production of speech, sentence and word understanding,
written speech, motor-speech. Thus evaluation of the speech
allows the medical examiners to assist the PPA individuals
and also families of the PPA individual with the proper
recommendations [34].

Hall et al. (2013), the result of this work recommends
that the Telepractice is the most productive way in
delivering service to the aphasia individuals. The delivered
assistance includes appraisal, interventions, diagnosis and
the consultation. The evaluation of the review work is
evaluated with respect to the participants’ characteristics,
technologies, services provided through telepractice,
methodology applied in the research work, and finally the

research outcome and conclusions of study. The
Telepractice is used by the medical examiners and
pathologists to provide assistance while delivering services
[35].

David et al. (1982), This work focus on reviewing on
mu lticenter-trial on therapist of speech and the volunteers
who are untrained on the recovery form speech disorder
aphasia after stroke. The study results depict the patients in
both the treatment class improved. The improvement in the
communication after treatment due to the proper stimulation
and also because of encouragement and support provided
through therapy session [36].

Roger et al. (2000), presents report survey result of the
treatment and assessment practices considered by the
pathologists on language-speech for the aphasia patient in
Australia. The research study also reveals that lot of
pathologists on language-speech wished to enhance their
knowledge and the skills which is appropriate to the work
which they carry with the individuals coming from different
cultural and language background. Thus this work also gives
information on various ways to carry the treatment and
assessment in an effective way [37].

Le et al. (2018), this work focus on performing
expansive study on quantitative investigation of the aphasia
speech which is spontaneous in nature. The proposed model
approach is BLSTM -RNN based and the utterance i-vectors
degree sets the standard for the speech recognition based on
aphasia on the AphasiaBank. With the assist of feature
calibrations the proposed quantitative investigations are
more powerful against errors obtained from ASR and also it
can be possibly used in clinical diagnostic assistance. At last
the efficiency of the quantitative investigations are
demonstrated in the prediction of WAB-R A Q which results
in good accuracy [38].

Clarket al. (2019), demonstrated investigation on WAB-
R Western-Aphasia-Battery-Revised for the classification of
variants ~ PPA  (Primary-Progressive-Aphasia).  The
secondary goal is to investigate metrics of WAB-R in the
individual with PPAOS (Primary-Progressive-Apraxia-of-
Speech. The classification of PPA/PPAOS are determined
through review of the speech, cognitive profile and
language. Obtained scores on WAB-R tests are used in
deriving AQ (Aphasia-Quotient), three ratios depicting the
sub-tests performance and WAB-R profile of aphasia. The
result depicted that the AQ mean was high in PPAOS
category in comparison with all variants of PPA [39].

Wilson SM et al. (2018), presented description of the
development and evaluation of QA B (quick-aphasia-battery)
which can be administered in small duration and also
provide profiles of the aphasia patient in multidimensions
specifying the weakness and strength across language
domain. The assessment in this work is carried with the help
of items selection carefully, graded-scoring method, and
also summary-measures considered with respect to the
underlying functions of language [40].

Detection of Intelligibility of pathological voice has got
a significant importance in medical sector. Huang et al.
(2014), proposed An ASKPLSC (Asymmetric-sparse-
kernel-partial-least-squares-classifier) is proposed in order
to detect intelligibility of pathological speech. The accuracy
achieved by the proposed systemis about 74.0% [41].
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Vanbellingen et al. (2011), This paper focus on
reviewing the subtypes of the apraxia namely ideomotor and
ideational apraxia and also the impact of the apraxia
disorder on the daily activities of the individual with the
focus on features related to clinical, its diagnosis and the
association to the aphasia. Its influence on functional
capability of patient been talk about and the significance of
assessment and also the treatment procedures are mainly
focused [42].

T. Barman et al. (2017), developed application based on
android which assist the speech impaired individuals. It’s an
Augmentative-and-Alternative-communication (AAC)
mobile system which generates speech in the form of output
which is in English and Assamese languages [43].

Armstrong et al. (2006), this work focus on investigating
the convemation of aphasia individuals which helps in
providing the effective treatment for the aphasia patient. A
framework called Speech-Function-Analysis is proposed in
this work in order to incorporate conversation principles to
therapy session. The analysis is performed by considering
the impact of syntactic and lexical limitations and also the
context of the dialogue [44].

The association between the cognitive function and

degree of severity estimated through Aphasia-Quotient (AQ)
and also considering scale of severity with respect to
BWAB. Statistical examinations were made while analyzing
the collected datasource. Using Linear regression
predictions were made on severity level with the predictive-
value of 90.4% [49].

Pustina et al. (2017), this work focus on estimation of
severity level of the post stroke aphasia individual and the
recovery potential prediction. Multimodal architecture
developed in order to build unimodal-predictions array to
feed in the final framework which creates STAMP (Stacked -
multimodal-predictions). Aphasia-scores namely sentence
understanding and repetition, image naming, and the degree
of severity is considered while performing predictions. The
result depicted the accurate prediction for aphasia-scores.
Thus the multimodal prediction is more accurate compared
to single modal prediction [50].

III. COMPARATIVE BASED GAP ANALYSIS

TABLE I. Summarv of Literature Survey Based on Dataset, Feature
extraction, Classification and Gap Analysis

language, namely executive-function (EF) has an important Author | Dataset | Feature Classificati | Gap Analysis
impact on individual with communication disorder. name extraction on :
Gongalves et al. (2018), this work focus on investigation of | Kohlsch | AAT openSMILE SWM Future work is
. . ein et al. toolkit to include non-
components of EF. The working-memory (WM) is (2017) fluent speech
considered the most cognitive-measure while performing the [1 samples and
evaluation through different tasks. Basically the association also usage of
between the narrative ability, writing ability and — CNN model
. . L. Leetal. [ UMAP Features Decision Future work on
grammatical understanding was identified [45]. (2014) extracted Tree, consideration of
C. Soma et al. (2009), this work focus on investigation [10] from Logistic more
of application of NLP techniques to enhance the efficiency transcripts Regression, | parameters on
of assistance for aphasia patient. In this work contextual- Ezfzgoor?e:, I];I:;L: phone level
information is utilized in prediction of word process. The Non-speech, Random
AAC (Augmentative-and-Alternative-communication) Vague- Forest,
devices provides recognizable progress in the assistive speech, and SVM.
system for the aphasia individual. Description of words are g‘lgf;:g::h
based on strategy of System-functional-grammar which | e TSpeech DLuwsL2 e Futore work s
includes both contextual and syntactic analysis and also its al. Patholog | Syntactic Bayes, on analyzing
capability in providing production of language in the [ (2015) | yDept., [ Complexity | random effects of more
assistive system[46]. [3] Universit | Analyzer forest and feaFures
: . . y 2)Stanford SVM during
Carstoiu et al. (2013), developed innovative platform of tagger[for classification
which is computer based for aphasia individual Toronto | POS-tag process.
rehabilitation which is devoted to romanian individual. extraction]
Integration of computer based application as the treatment ?OSrgBTL[fOT
preference provides lot of benefits with respect to social, frequency
technical and medical perspective. AFARom System is web count]
based which interconnects two main individuals: therapist Qinetal | Aphasia | MFCC Decision Future work is
and patient for the rehabilitation task [47]. (2018) | Bank Syllsb(li‘(’i'lsvel treea to inco“’o“l‘lte
Nakase-Richardson et al. (2005), this work focus on (8] Eer;;e: gﬁsﬁ m g:ﬁ;lsez%efc
validation of MAST (Mississippi-Aphasia-Screening-Test) SVM aphasia
which incorporates nine measuring expressive sub-scales individuals with
and the language receptive ability. The collection of data to different
. . L. . . severity levels
perform the review 1r.1c.1udes MAST admlrl.lstrat{on. Al’l.aly.SIS Qi otal | Aphasia | MFCC DNN Futire workhas
depicted that wvalidity of MAST in differentiating (2016) | Bank HMM , to be carried to
impairments with respect to language among the collected [91 GMM- improve
samples [48]. HMM performance on
Lahiriet al. (2020), presents the summarized predictions ;h::c(;ln'ﬂuem
of the severity level of aphasia disorder after stroke. An Lectal. | UMAP, | foracoustic | HMM- Bpased on
instrument called BWAB (Bengali-version-of-western- (2016) | Aphasia | features DNN, diagnosis
aphasia-battery) used for the examination of language. The [25] Bank MFCCand HMM- adaption
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LDA methods | GMM techniques has Leetal. - Speaker level Phone error
with i-vector to be (2016) features rate (PER),
incorporated [19] Aphasia

Leeetal | CUSENT | MFCC, DNN- Forthe Quotient(AQ)

(2016) , LDA + HMM, Continual Le.ctal. | Mean, Non-Speech, Aphasia

[11] CanPEV | MLLT, Language speech samples (2014) correlation Filler, Quotient(AQ),

SAT + model: ASR used to [7] function, Vague-Speech, Syllable-Error-
fMLLR syllable produce skewness, Clear-Speech Rate(SER)
bi-gram dysphonia kurtosis,
features and Zero-crossing
phone rate
alignments Leeetal. | Wordlevel Phone level features | Phone error

BalaiV | UASPEE | MFCC GMM- Timitedtothe (2016) | features rate (PER),

. [11] Syllable error

et al. CH HMM supervised rate (SER)

(2019) Database closed-set h ’

[14] vocabulary task phone
recognition. matchingrate
future work is (PMR)
to build the Qinetal | Syllable level Supra segmental Aphasia
recognizer (2018) features duration features Quotient(AQ)
which can work [8] SER
on open-set Table. 2. Comparision based on Feature extraction, Acoustic and Language
vocabulary models

Christen [ UA - triphones Future work is '

senctal. | SPEECH with GMM autorr.laFlc way TABLE III. Summary of Literature Survey based on Dataset,

(2014) (Gaussian ofarrivingat Methodology, Merits and Limitations

[32] Mixture optimal-set of

model), speakers Author | Dataset Methodology Merits Limitations
state for SI model. name
clustered Leet UMAP 1) For each 1)The 1)Depende

Qin et Aphasia MFCC GRU-RNN, | Future work al. utterance’s Accuracy ncy on the

al.(2018) | Bank CNN focus on (2014) features are achievedby | manually-

[19] incorporation of [10] extracted from thissystem | labelled-
more neural transcripts is transcripts
network layers namely comparable | needsto be
for the Non-speech with the lifted
characterization duration, human- 2)Future
of language- Vague-speech, evaluator- | work focus
impairment Filler-words, scoringand | on lifting

Table 1: Comparison based on Dataset,Feature extraction,Classification Clqar-sp eec.h’ also the manually-

voice duration feature- labelled-
TABLE II. Summary of Literature Survey based on Language feature ete. selection transcripts

Acoustic Features and I\I/Iyetrics used for analys}i]s e ¥ 2) for each output through. .

voice-segment provides categorizati

Author Language Acoustic Feature set | Metrics used in utterance insightsto | onofthe

name feature set for analysis transcript factors time-

Qmet al | Number of Filler-words, Syllable error acoustic WhiCh segments

(2016) chunks, Non-speech, rate (SER), features are influence automatical

[9] syllables, Repeated-words, Aphasia extracted human- ly

speeches and Non-speechsounds | Quotient(AQ) namely mean, evaluation
pauses variance,
Duration of skewness, zero-
speech chunks, crossing-rate,
syllables and kurtosisetc.
pauses 3)For
classification,
Decision
- . Tree,

Fraseret | Lexical feat.urﬁ Acoustic features:23 - Logistic

al. and syntactic Regression,

(2015) features:58 Naive Bayes,

(3] Random Forest,

and SVM

Leetal. Mean, variance, [ Non-Speech and Word-Error- classifiers are

(2015) skewness, zero Clear-Speech, Rate(WER) utilized

[2] crossing-rate, duration of Filler,

correlation total duration, Fraser | Speech 1)Audio NThe 1)For PPA

function voiced duration, et al. Pathology | samplesand performanc | subtyping.
speech duration, (2015) | Dept., Transcriptsare | eofthe fluency acts
Vague-Speech, [3] University | theinformation | naive as apoor
start time of first of Toronto | sources Bayes marker for
speech activity, available for methodis discriminati
pause rate and every very on because
phonation, Clear- participant promising of word
Speech rate 2) From these 2)Usage of | finding

sources 81 both difficulties
978-1-7281-7089-3/20/$31.00 ©2020 IEEE 181

Authorized licensed use limited to: Carnegie Mellon Libraries. Downloaded on August 27,2021 at 18:42:14 UTC from IEEE Xplore. Restrictions apply.




Proceedings of the Third International Conference on Intelligent Sustainable Systems [ICISS 2020]
IEEE Xplore Part Number: CFP20M19-ART; ISBN: 978-1-7281-7089-3

(2019) pattem- the tion is

[14] matching recognition | closed-set
approachis is improved | vocabulary
considered through and
2)features are identificatio | supervised
decodedto n and task where
phonemesusing | removalof | testing
HMM model the alike phase data
andthe feature- arethe
mappingof vectors words
phonemes to correspondi | which
words are done ngto system is
3)undesirable repetition trained
noise is of initially
identified and phonemes 2) future
removed work isto
through the build the
applicationof recognizer
normalization which can
and clustering work on
techniques open-set

vocabulary

Leet Aphasia 1)DBLST M- 1) proposed | The

al. Bank RNN s utilized | system proposed

(2017) forthe outlinesthe | modelis

[23] predictionof demonstrati | limitedto
correct on ofthe the
monophoneand | feasibility classificatio
senone labels of nof
2)Goodness-of- | paraphasia | neologistic
Pronunciation automatic paraphasia’
GOP is the detection s from the
metric used in 2)Automati | known-
the cdetection | transcripts
pronunciation of 2)The
assessing neologistic | recognizer
3) combining and failsto
acoustic-model | phonemic detect in
with language- paraphasia’ | the free
model s from form
automatic- aphasia environmen
transcriptionof | speech t
utterances is samplesis
performed done with
4)For the usage of
classification ASR
Decision tree, techniques
SVM and
Logistic
regression is
used as
classifiers

features are acoustic
extracted.In andtext
which 58 are features
syntactic and have
lexical features | significant
extracted from | impact on
transcript and classificatio
23 are acoustic- | naccuracy
features which
is extracted
from audio
samples
3)Feature
selection is
performedto
select a feature
to minimize
redundancy and
to maximize
relevance
4)For
classification,
naive Bayes,
random forest
and
SVM classifiers
are utilized
Qin et Cantonese | 1)Frame level 1)Features 1)The model
al. Aphasia features specific to concentrates
(2018) | Bank extraction ffom pathology mainly on
[19] utterance are are extracted | acoustic
done first and automaticall impairments
then it is feed y through and fails in
into the classifier | the usage of | learning
which is based CNN and content of
on neural sequence-to- | the
network one GRU- utterances
2)Through RNN for 2) Future
sigmoid function classificatio work focus
of neural n which on
network severity- | improves incorporati
score is obtained the on of more
for every assessment neural
utterance system
3)Speaker-level- efficiency ?etworfk
score calculation by reducing ayers ror
is done by taking | manual the .
average work charactenza
4)For 2)TheCNN | tionof
classification of model 1angu.age—
utterance CNN perormance | Impairment
and sequence-to- for severity
one GRU-RNN classificatio
are considered n is better in
comparison
with GRU-
RNN model
Qin et Cantonese 1)Pronunciation | Advantage | 1)Performa
al. Aphasia -lexicon, ofthe nce of the
(2016) | Bank language- DNN- model
[9] models and HMM over | decreases
acoustic-models [ the GMM- | in case of
are important HMM is severely-
componentsof | noticeable impaired
ASR system speech
2)Investigation samples
of acoustic 2) Future
modeling s work hasto
done through be carried
GMM-HMM to improve
and DNN- performanc
HMM eonthe
non-fluent-
speech
sounds and
also on
filler-words
Balaji UASPEEC | 1)Inthiswork The The
Vetal. | HDatabase | statistical- accuracy of | implementa

Table. 3. Comparision based on Dataset, Methodology, Merits and

Limitations

I'V. DISCUSSION

As per the survey work rehabilitation and assessment for
the aphasia individuals with the higher degree of the
severity be difficult in case of usage of words and also in
case of fluent speech. Normally, Feature extraction based on
MFCC along with the machine learning algorithms were
utilized for the ASR. According to the survey the standard
techniques has provided good accuracy, but performance of
the machine learning based techniques mostly depends on
the extracted feature which constitutes underlying traits of
dataset. Conversely conversion of ASR issue to image-
classification issue enables the usage of CNN, leads to the
automatic identification of features and it also provides a
good classification result compared to machine learning
algorithms.
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Assessment strategies such as WAB-R Western-Aphasia-
Battery-Revised [39], QAB (quick-aphasia-battery) [40],
BWAB (Bengali-version-of-western-aphasia-battery) [49]
and Aachen-Aphasia-Test (AAT) are used by the medical
examiners worldwide for assessment purpose. The
assessment approaches consume more time and also it
requires expertise in order to perform the assessment.

The Speech Recognition models based on the feed
forward and the recurrent neural network has be used from
many years. The recent work have shown LSTM-RNN
performance is better than DNN as acoustic model for the
ASR System. The LSTM based classifiers were built. The
performance of the LSTM-RNN based model is upgraded
through the application of improvised techniques for the
huge vocabulary. The DBLSTM-RNN is used for the
prediction of monophone and senone labels. The extracted
features are analyzed based on the metrics namely DUR,
GOP, DIST, DTW. For the classification of paraphasia
SVM, DT and LR classifiers are implemented. With respect
to articulation features sometimes aphasia individuals will
be having poor synchronization among the organs related to
the speech which going to adversely affect pronunciation of
nitial consonants and the finishing consonants, this leads to
the incorrect meaning. In the same way with respect to the
features related to the tone, incorrect word pronunciation
sounds like some other word. Because of importance of
features like articulation, tone the assessment technique
related to speech should focus on speech features related to
lucidity individually.

The association between the cognitive function and
language, namely executive-function (EF) has an important
impact on individual with communication disorder. The
working-memory (WM) has considered the most cognitive-
measure while performing the evaluation through different
tasks. Basically, the association between the narrative
ability, writing ability and grammatical understanding was
identified [45]. Integration of computer-based application as
the treatment preference provides lot of benefits with respect
to social, technical and medical perspective. Thus, exposing
aphasia individuals to current advanced technologies help
them in staying connected with their surroundings [33].

V. CONCLUSION

The primary objective ofthis work is to survey previous
work which has undergone in the area related to the
automatic assessment system for the evaluation of the
speech impairment in the aphasia patient. Various
techniques used in the development of assessment system
such as feature extraction; feature selection and
classification has been reviewed in this work, which is used
in the identification of severity level in the aphasia
individual. Analysis on language features, acoustic features
and also the metrics used for the speech analysis is also
incorporated in this paper work.

Aphasia  individual speech  holds  numerous
abnormalities like incorrect pronunciation, fillers, repetition
of words, erroneous starts etc. In order to identify these
typical patterns specialized language and acoustic models is

required. During the assessment phase the aphasia
individual needs a feedback for the effective assessment
process. Thus, in future additional work needs to be carried
to support the classification output to generate genuine
feedback which can be utilized by aphasia individuals in
order to improve speech and also there is a need for the
development of applications based on user interface, which
is engaging and user friendly. The prime challenge faced in
the work related to the assessment system is due to the
aphasic speech, which is non-spontaneous in nature in
which the impairment related to the language could be
confused easily with the unproficiency speaking skills

Still there is lot of scope for further work in this area. As
per the survey most of the work were limited to fluent
aphasic speech samples and closed-set vocabulary. In future,
this research work will investigate on non-fluent speech and
also to build a recognizer, which works on open-set
vocabulary.

VI. REFERENCES

[1] C. Kohlschein, M. Schmitt, B. Schiiller, S. Jeschke and C. J. Werner,
"A machine leaming based system for the automatic evaluation of
aphasia speech,” 2017 IEEE 19th Intemational Conference on e-
Health Networking, Applications and Services (Healthcom), Dalian,
2017, pp. 1-6, doi: 10.1109/HealthCom.2017.8210766.

[2] Le, Duc & Mower Provost, Emily. (2015). Modeling Pronunciation,
Rhythm, and Intonation for Automatic Assessment of Speech Quality
in Aphasia Rehabilitation. Proceedings of the Annual Conference of
the International Speech Communication Association,
INTERSPEECH.

[3] Fraser, Kathleen & Rudzicz, Frank & Rochon, Elizabeth. (2013).
Using text and acoustic featuresto diagnose progressive aphasia and
its subtypes

[4] Y.Liu, T. Lee, T. Law and K. Y. Lee, "Acoustical Assessment of
Voice Disorder With Continuous Speech Using ASR Posterior
Features," in IEEE/ACM Transactions on Audio, Speech, and
Language Processing, vol. 27, no. 6, pp. 1047-1059, June 2019, doi:
10.1109/TASLP.2019.2905778.

[5] R. Gupta, T. Chaspari, J. Kim, N. Kumar, D. Bone and S. Narayanan,
"Pathological speech processing: State-of-the-art, current challenges,
and future directions" 2016 IEEE Intemational Conference on
Acoustics, Speech and Signal Processing (ICASSP), Shanghai, 2016,
pp. 6470-6474, doi: 10.1109/ICASSP.2016.7472923.

[6] D. Huang, M. Dong and H. Li, "Combining multiple kemel models
for awtomatic intelligibility detection of pathological speech," 2016
IEEE Intemational Conference on Acoustics, Speech and Signal
Processing (ICASSP), Shanghai, 2016, pp. 6485-6489, doi
10.1109/ICASSP.2016.7472926.

[71 D. Le, K. Licata, C. Persad and E. M. Provos, "Automatic
Assessment of Speech Intelligibility for Individuals With Aphasia," in
IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 24, no. 11, pp. 2187-2199, Nov. 2016, doi:
10.1109/TASLP.2016.2598428.

[8] Y.Qin, T. Lee and A. P. Hin Kong, "Automatic Speech Assessment
for Aphasic Patients Based on Syllable-Level Embedding and Supra-
Segmental Duration Features," 2018 IEEE Intemational Conference
on Acoustics, Speech and Signal Processing (ICASSP), Calgary, AB,
2018, pp. 5994-5998, doi: 10.1109/ICASSP.2018.8461289.

[9] Y. Qin, T.Lee, A. P. H. Kong and S. P. Law, "Towards automatic
assessment of aphasia speech using awtomatic speech recognition
techniques," 2016 10th Intemational Symposium on Chinese Spoken
Language Processing (ISCSLP), Tianjin, 2016, pp. 14, doi
10.1109/ISCSLP.2016.7918445.

[10] D. Le, K. Licata, E. Mercado, C. Persad and E. M. Provos,
"Automatic analysis of speech quality for aphasia treatment," 2014
IEEE Intemational Conference on Acoustics, Speech and Signal

978-1-7281-7089-3/20/$31.00 ©2020 IEEE 183

Authorized licensed use limited to: Carnegie Mellon Libraries. Downloaded on August 27,2021 at 18:42:14 UTC from IEEE Xplore. Restrictions apply.



Proceedings of the Third International Conference on Intelligent Sustainable Systems [ICISS 2020]

IEEE Xplore Part Number: CFP20M19-ART; ISBN: 978-1-7281-7089-3

Processing (ICASSP), Florence, 2014, pp. 48534857, doi
10.1109/ICASSP.2014.6854524.

[11] Lee, Tan & Yuanyuan, Liu & Yeung, Yu & Law, Thomas & Lee,
Kathy. (2016). Predicting Severity of Voice Disorder from DNN-
HMM Acoustic Posteriors. 97-101. 10.21437/Interspeech.2016-1098.

[12] Trang, Hoang & Tran, Loc & Nam, Huynh. (2015). Proposed
combination of PCA and MFCC feature extraction in speech
recognition system. 2015.697-702. 10.1109/ATC.2014.7043477.

[13] M. Shahin, U. Zafar and B. Ahmed, "The Automatic Detection of
Speech Disorders in Children: Challenges, Opportunities, and
Preliminary Results," in IEEE Joumal of Selected Topics in Signal
Processing, vol 14, no. 2, pp. 400412, Feb. 2020, doi
10.1109/JSTSP.2019.2959393.

[14] V. Balaji and G. Sadashivappa, "Waveform Analysis and Feature
Extraction from Speech Data of Dysarthric Persons" 2019 6th
Intemational Conference on Signal Processing and Integrated
Networks (SPIN), Noida, India, 2019, pp. 955-960, doi
10.1109/SPIN.2019.8711768.

[15] Povey, Daniel & Ghoshal, Amab & Boulianne, Gilles & Burget,
Lukas & Glembek, Ondrej & Goel, Nagendra & Hannemann, Mirko
& Motlicek, Petr & Qian, Yanmin & Schwarz, Petr & Silovsky, Jan
& Stemmer, Georg & Vesel, Karel (2011). The Kaldi speech
recognition toolkit. IEEE 2011 Workshop on Automatic Speech
Recognitionand Understanding.

[16] Mohamed, Abdel-rahman & Dahl, George & Hinton, Geoffrey.
(2012). Acoustic Modeling Using Deep Belief Networks. Audio,
Speech, and Language Processing, [IEEE Transactions on. 20. 14 - 22.
10.1109/TASL.2011.2109382.

[17] T. N. Sainath, B. Kingsbury, B. Ramabhadran, P. Fousek, P. Novak
and A. Mohamed, "Making Deep Belief Networks effective for large
vocabulary continuous speech recognition," 2011 IEEE Workshop on
Automatic Speech Recognition & Understanding, Waikoloa, HI,
2011, pp. 30-35,doi: 10.1109/ASRU.2011.6163900.

[18] S. Mahmoud et al.,, "An Efficient Deep Learning Based Method for
Speech Assessment of Mandarin-Speaking Aphasic Patients," in
IEEE Journal of Biomedical and Health Informatics, doi:
10.1109/JBHL.2020.3011104.

[19] Y.Qin,T.Lee, Y. Wuand A.P. H. Kong, "An End-to-End Approach
to Automatic Speech Assessment for People with Aphasia,” 2018
11th Intemational Symposium on Chiness Spoken Language
Processing (ISCSLP), Taipei City, Taiwan, 2018, pp. 66-70, doi:
10.1109/ISCSLP.2018.8706690.

[20] Y. Qin, T. Lee and A. P. Hin Kong, "Combining Phone
Posteriorgrams from Strong and Weak Recognizers for Automatic
Speech Assessment of People with Aphasia," ICASSP 2019 - 2019
IEEE Intemational Conference on Acoustics, Speech and Signal
Processing (ICASSP), Brighton, United Kingdom, 2019, pp. 6420-
6424, doi: 10.1109/ICASSP.2019.8683835.

[217J. KR, M. V.L, S. B. B. and P. Yawalkar, "Speech Intelligence
Using Machine Leaming for Aphasia Individual," 2019 International
Conference on Computational Intelligence and Knowledge Economy
(ICCIKE), Dubai, United Arab Emirates, 2019, pp. 664-667, doi
10.1109/ICCIKEA47802.2019.9004244.

[22] Kohlschein, Christian & Klischies, Daniel & Meisen, Tobias &
Schuller, Bjorn & Wemer, Comelius. (2018). Automatic processing
of clinical aphasia data collected during diagnosis sessions:
challenges and prospects.

[23] Le, Duc & Licata, Keli & Mower Provost, Emily. (2017). Automatic
Paraphasia Detection from Aphasic Speech: A Preliminary Study.
294-298.10.21437/Interspeech.2017-626.

[24] Sak, H. Senior, A., Rao, K., & Beaufays, F. (2015). Fast and
accurate recurrent newal network acoustic models for speech
recognition. INTERSPEECH.

[25] Le, Duc and E. Provost. “Improving Automatic Recognition of
Aphasic Speech with AphasiaBank.” INTERSPEECH (2016).

[26] D. Antkowiak et al, "Language therapy of aphasia supported by
augmented reality applications,” 2016 IEEE 18th International
Conference on e-Health Networking, Applications and Services
(Healthcom), Munich, 2016, Pp- 1-6, doi:
10.1109/HealthCom.2016.774951 1.

[27] Y.Liu, Y.Qin, S. Feng, T. Lee andP. C. Ching, "Disordered Speech
Assessment Using Kullback-Leibler Divergence Features with Multi-
Task Acoustic Modeling," 2018 11th Intemational Symposium on

Chinese Spoken Language Processing (ISCSLP), Taipei City,
Taiwan, 2018,pp.61-65, doi: 10.1109/ISCSLP.2018.8706657.

[28] Stephanie Gillespie, Jacqueline Laures-Gore, Elliot Moore, Matthew
Farina, Scott Russell, and Benjamin Haaland, “Identification of
Affective State Change in Adults with Aphasia using Speech
Acoustics” Joumnal of Speech, Language, and Hearing Research Vol
6129062916 December 2018

[29] C. Shih, K. Cheng, J. Wang, B. Jhang and C. Yang, "Smart phone
based assistive speech therapewtic system for Aphasia," 2013 IEEE
Third International Conference on Consumer Electronics ; Berlin
(ICCE-Berlin), Berlin, 2013, pp. 14, doi: 10.11091CCE-
Berlin.2013.6698058.

[30] G. Teodoro, N. Martin, E. Keshner, J. Y. Shi and A. Rudnicky,
"Virtual clinicians for the treatment of aphasia and speech disorders,"
2013 Intemational Conference on Virtual Rehabilitation (ICVR),
Philadelphia, PA, 2013, Pp- 158-159, doi:
10.1109/ICVR.2013.6662079.

[31] M. Khan, B. N. Silva, S. H. Ahmed, A. Ahmad, S. Din and H. Song
"You speak, we detect: Quantitative diagnosis of anomic and
Wernicke's aphasia using digital signal processing techniques," 2017
IEEE Intemational Conference on Communications (ICC), Paris
2017, pp. 1-6, doi: 10.1109/ICC.2017.7996967.

[32] Christensen, Heidi et al. “Auwomatic selection of speakers for
improved acoustic modelling: recognition of disordered speech with
sparse data.” 2014 IEEE Spoken Language Technology Workshop
(SLT) (2014): 254-259.

[33] Jokel, Regina & Graham, Naida & Rochon, Elizabeth & Leonard,
Carol. (2014). Word retrieval therapies in primary progressive
aphasia. Aphasiology. 28. 1038-1068.
10.1080/02687038.2014.899306.

[34] Henry, Maya & Grasso, Stephanie. (2018). Assessment of Individuals
with Primary Progressive Aphasia. Seminars in Speech and
Language. 39.231-241. 10.1055/s-0038-1660782.

[35] Hall, Nerissa & Boisvert, Michelle & Steele, Richard. (2013).
Telepractice in the Assessment and Treatment of Individuals with
Aphasia: A Systematic Review. Intemational Joumal of
Telerchabilitation.. 5. 10.5195/ijt.2013.6119.

[36] David, R & Enderby, Pamela & Bainton, D. (1982). Treatment of
acquired aphasia: Speech therapists and volunteers compared. Jounal
of neurology, neurosurgery, and psychiatry. 45. 957-61.
10.1136/jnnp45.11.957.

[37] Roger, Peter & Code, Chris & Sheard, Christine. (2000). Assessment
and management of aphasia in a linguistically diverse society. Asia

Pacific Journal of Speech, Language and Hearing. 5. 21-34.
10.1179/136132800807547573.

[38] Le, Duc & Licata, Keli & Mower Provost, Emily. (2018). Automatic
Quantitative Analysis of Spontaneous Aphasic Speech. Speech
Communication. 100. 10.1016/j.specom.2018.04.001.

[39] Clark, Heather & Utianski, Rene & Duffy, Joseph & Strand, Edythe
& Botha, Hugo & Josephs, Keith & Whitwell, Jennifer. (2019).
Western Aphasia Battery-Revised Profiles in Primary Progressive
Aphasia and Primary Progressive Apraxia of Speech. American
journal of speech-language pathology. 29. 1-13.
10.1044/2019 AJSLP-CAC48-18-0217.

[38] Wilson SM, Eriksson DK, Schneck SM, Lucanie JM. A quick aphasia
battery for efficient, reliable, and multidimensional assessment of
language function [published cormrection appears in PLoS One. 2018
Jun 15;13(6):¢0199469]. PLoS One. 2018;13(2):¢0192773. Published
2018 Feb9. doi:10.1371/journal.pone.0192773

[41] Huang, Dong-Yan & Dong, Minghui & Li, Haizhou. (2014).
Intelligibility detection of pathological speech using asymmetric
sparse kernel partial least squares classifier. 3744-3748.
10.1109/ICASSP.2014.6854301.

[42] Vanbellingen, Tim & Bohlhalter, Stephan. (2011). Apraxia in
neurorchabilitation: Classification, assessment and treatment.
NeuroRehabilitation. 28. 91-8. 10.3233/NRE-2011-0637.

[43] T. Barman and N. Deb, "Development of “Kotha” for the people with
speech impairments," 2017 IEEE Intemational Conference on Power,
Control, Signals and Instrumentation Engineering (ICPCSI), Chennai,
2017, pp. 2652-2655, doi: 10.1109/ICPCSI.2017.8392198.

[44] Armstrong, Elizabeth & Mortensen, Lynne. (2006). Everyday Talk:
Its Role in Assessment and Treatment for Individuals With Aphasia.
ECU Publications. 7. 10.1375/brim.7.3.175.

978-1-7281-7089-3/20/$31.00 ©2020 IEEE 184

Authorized licensed use limited to: Carnegie Mellon Libraries. Downloaded on August 27,2021 at 18:42:14 UTC from IEEE Xplore. Restrictions apply.



Proceedings of the Third International Conference on Intelligent Sustainable Systems [ICISS 2020]
IEEE Xplore Part Number: CFP20M19-ART; ISBN: 978-1-7281-7089-3

[45] Gongalves, Ana & Mello, Clarissa & Pereira, Andressa & Ferré,
Perrine & Fonseca, Rochele & Joanette, Yves. (2018). Executive
functions assessment in patients with language impairment: A
systematic review. Dementia e Neuropsychologia. 12. 272-283.
10.1590/1980-57642018dn 12-030008.

[46] C. Soma, R Steele and A. Inoue, "Word prediction in assistive
technologies for aphasia rehabilitation using Systemic Functional
Grammar," NAFIPS 2009 - 2009 Annual Meeting of the North
American Fuzzy Information Processing Society, Cincinnati, OH,
2009, pp. 1-6, doi: 10.1109/NAFIPS.2009.5156389.

[47] Carstoiu, Dorin & Cernian, Alexandra & Olteanu, Adriana. (2013).
Integrated Platform for Computer Assisted Rehabilitation for
Romanian Aphasia Impaired Patients. Procedia Technology. 9.
10.1016/j.protcy.2013.12.131.

[48] Nakase-Richardson, Risa & Manning, Edward & Sherer, Mark &
Yablon, Stuat & Gontkovsky, Samuel & Vickery, Chad. (2005).
Brief assessment of severe language impairments: Initial validation of
the Mississippi aphasia screening test. Brain injury : [BI]. 19. 685-91.
10.1080/02699050400025331.

[49] Lahiri, Durjoy & Dubey, Souvik & Ardila, Alfredo & Ray, Biman.
(2020). Factors affecting vascular aphasia severity. Aphasiology.
10.1080/02687038.2020.1712587.

Pustina, Dorian & Coslett, H. & Ungar, Lyle & Faseyitan, Olufunsho
& Medaglia, John & Avants, Brian & Schwartz, Myma. (2017).
Enhanced estimations of post-stroke aphasia severity using stacked
multimodal predictions: Enhanced Predictions of Aphasia Severity.
Human Brain Mapping. 38. 10.1002/hbm.23752.

Muthukumar,  Vignesh &  Natarajan,  Bhalaji.  (2020).
MOOCVERSITY - Deep Leaming Based Dropout Prediction in
MOOCs over Weeks. Journal of Soft Computing Paradigm. 2. 140-
152.10.36548/jscp.2020.3.001.

[52] Suma, V., and Shavige Malleshwara Hills. "Data Mining based
Prediction of Demand in Indian Market for Refurbished Electronics."
Journal of Soft Compuing Paradigm (JSCP) 2, no. 02 (2020):101-
110.

[50

—

[51

—

978-1-7281-7089-3/20/$31.00 ©2020 IEEE 185

Authorized licensed use limited to: Carnegie Mellon Libraries. Downloaded on August 27,2021 at 18:42:14 UTC from IEEE Xplore. Restrictions apply.



