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Abstract.
BACKGROUND: Aphasia is an impairment of language as a result of brain damage which can affect individuals after a
stroke. Recent research in aphasia has highlighted new technologies and techniques that fall under the umbrella of big data
and artificial intelligence (AI).
OBJECTIVES: This review aims to examine the extent, range and nature of available research on big data and AI relating
to aphasia post stroke.
METHODS: A mapping review is the most appropriate format for reviewing the evidence on a broad and emerging topic
such as big data and AI in post-stroke aphasia. Following a systematic search of online databases and a two-stage screening
process, data was extracted from the included studies. This analysis process included grouping the research into inductively
created categories as the different areas within the research topic became apparent.
RESULTS: Seventy-two studies were included in the review. The results showed an emergent body of research made up of
meta-analyses and quasi-experimental studies falling into defined categories within big data and AI in post-stroke aphasia.
The two largest categories were automation, including automated assessment and diagnosis as well as automatic speech
recognition, and prediction and association, largely through symptom-lesion mapping and meta-analysis.
CONCLUSIONS: The framework of categories within the research field of big data and AI in post-stroke aphasia suggest
this broad topic has the potential to make an increasing contribution to aphasia research. Further research is needed to evaluate
the specific areas within big data and AI in aphasia in terms of efficacy and accuracy within defined categories.
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1. Introduction

Aphasia is the loss or impairment of language as
a result of brain damage. Those affected can suf-
fer from difficulty speaking, understanding, reading
and writing. Approximately 5,500 people experi-
enced a stroke in Ireland in 2020 and 40% of stroke
patients presented with aphasia (NOCA, 2021). The
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Collaboration of Aphasia Trialists (CATs) described
research into aphasia as facing methodological and
infrastructural challenges, namely being language,
region and discipline specific, which limits the effi-
ciency, strength and wider utility of the body of
evidence (COSTAction-IS1208, 2013-2017). A large
number of aphasia treatment studies have involved
single-subject research in the form of case reports or
single-subject experimental studies, making it diffi-
cult to evaluate treatments and synthesise findings
(Beeson & Robey, 2006). A Cochrane Systematic
Review of aphasia trials found a wide variety of
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methodologies, and levels of data reporting, with lit-
tle consistency between papers (Brady et al., 2016).
This hampered the synthesis of evidence resulting
in a lack of clarity regarding the efficacy of inter-
ventions and their optimum intensity, dosage and
duration. The development of consensus outcome
measures, endorsed by CATs (Wallace et al., 2019),
provides researchers with guidance on measures that
are recommended to be routinely included in apha-
sia research studies. The use of consensus outcome
measures allows for the aggregation of data from mul-
tiple studies that use those recommended research
outcome measures in their research designs. This pro-
vides opportunities for meta-analyses of high-quality
randomised controlled trials and the development of
a large aphasia research database (Brady et al., 2022).

More recently, research has emerged utilising a
variety of new technologies and techniques, which
can broadly be described as big data and artificial
intelligence (AI). The term big data refers to the
extraction and analysis of information from the large
amounts of data available in an increasingly digital
and connected world (Gandomi & Haider, 2015). The
data can be varied and unstructured, often acquired
from a multitude of sources. It is produced at an ever-
increasing rate, including in real time, such as in the
case of wearable devices (Sagiroglu & Sinanc, 2013).
As well as this, big data analysis can take many forms,
from the application of comparatively simple statis-
tical methods through to AI and machine learning
(Faroqi-Shah, 2016). Big data is a growing part of
the healthcare industry, where various sources of data
exist including hospital records, medical records of
patients, results of medical examinations, biomedical
research and devices that are a part of the “inter-
net of things” (Dash et al., 2019). The amount of
data captured is also growing with the increasing
adoption of technology like remote forms of ser-
vice delivery. Additionally, corpora such as TalkBank
provide datasets specifically created for use by apha-
sia researchers under the principles of data-sharing
(MacWhinney & Fromm, 2016). The variety of both
data available and methods of analysis is evident
in aphasia studies. This includes research into areas
as diverse as aphasia classification models, seman-
tic analysis, speech recognition, improving diagnosis
and predicting patient outcomes through data from
MRI scans, electroencephalogram tests, mobile ther-
apy applications, aphasic speech corpora and client
satisfaction surveys (MacWhinney & Fromm, 2016).

It appears likely that continued advances in this
research field will result in real-world clinical appli-

cations that could potentially improve assessment,
diagnosis and management of aphasia in the future.
However, the dissemination of this AI and big
data research in post-stroke aphasia spreads across
journals and conference proceedings from the differ-
ing fields of aphasia, stroke, neurology, computing
and mathematics. Additionally, the majority of this
research has taken the form of quasi-experimental
studies, further compounding the issue of variation
between studies. As a result, this body of research is
compromised by the same issues of disciplinary sepa-
ration and disparate methods, data sets and outcomes
as originally described by Collaboration of Aphasia
Trailists (COSTAction-IS1208, 2013-2017). A syn-
thesis of the evidence is required in order for it to
be fully understood and utilised. We have carried out
the first step in this synthesis process, which is a map-
ping review that has collated, categorised and labelled
research (Grant & Booth, 2009) under the umbrella
of big data and AI in aphasia. Mapping reviews are a
relatively new form of review. This method is part of a
growing body of evidence synthesis methodologies,
intended to map out and categorise existing litera-
ture and can then guide subsequent reviews and/or
primary research by identifying gaps in the research
literature. Analysis within mapping reviews looks to
characterise quantity and quality of literature and syn-
thesis can be tabular or graphical (Grant & Booth,
2009). The need for mapping reviews have emerged
in response to the increasing volume and variation
in academic research published (Altbach & De Wit,
2018). The issues identified by CATs in terms of range
of disciplines, methodological challenges and varied
outcome measures continue in the research field of
big data and AI in aphasia (COSTAction-IS1208,
2013-2017). Mapping reviews aim to systemati-
cally search a broad research field to establish
available evidence, map key concepts and identify
gaps in this knowledge as well as future research
needs (Grant & Booth, 2009; Miake-Lye et al.,
2016).

The aim of this mapping review is to examine the
extent, range and nature of available research on big
data and AI relating to aphasia post stroke. In this
review, we gathered information on research design,
methods of data collection and research findings
which form the different branches of our mapping
framework. It is intended that this framework will
be used to understand the value of big data and
AI in post-stroke aphasia, its contribution to apha-
sia research generally and identify areas for further
research.
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G. Pottinger and Á. Kearns / Big data and AI in aphasia 3

2. Methods

A mapping review methodology was selected to
examine this topic due to the anticipated hetero-
geneity of the available evidence across healthcare,
multidisciplinary and computer science fields. This
method was developed by the Evidence for Policy
and Practice Information and Co-ordinating Centre
(EPPI-Centre), Institute of Education, London, to
investigate research on a broad subject of interest
(Grant & Booth, 2009; James et al., 2016). The aim
of this type of review is to categorise, describe and
map available evidence on a broad subject of inter-
est, into an inductively developed framework. No
standardised guidance document exists equivalent to
the PRISMA-P for mapping review protocols. The
methodology used followed the process outlined in
James et al. (2016) and O’Cathain et al. (2013). Qual-
ity assessment of included papers is not required in
mapping reviews; instead, studies are characterised
based on study design (Grant & Booth, 2009; James
et al., 2016).

In order to define the review question the popula-
tion, concept and healthcare problem question type
from Whittemore and Knafl (2005) was employed.
In this review, population refers to people with
post-stroke aphasia and concept includes big data
and AI/machine-learning algorithms. These concepts
informed the development of the search terms in the
search strategy. The healthcare problem is any clin-
ical practice issue in aphasia. As this was expected
to be varied across studies, it was not defined in the
search strategy. Instead, this was identified during the
screening process.

2.1. Search strategy

The search strategy was developed to ensure a
broad and comprehensive search of the literature.
Preliminary searches were conducted to refine the
research question, search terms and list of databases.
Published reviews in the fields of post-stroke aphasia
research as well as big data and AI in health-
care (Senders et al., 2018) were examined and a
specialist librarian was consulted when develop-
ing the search strategy. Online databases CINAHL,
Scopus, PsycINFO, MEDLINE, Cochrane Collabo-
ration, EMBASE, ACM and IEEE were searched in
August 2021 with a follow up search in November
2022. The search included all literature published
without year of publication, peer-review, full-text
or participant age limiters, and included conference

proceedings, abstracts and dissertations. The search
terms used are detailed in Table 1.

2.2. Eligibility criteria

Studies with participants with aphasia over the
age of 18 years were included irrespective of stroke
classification, stage of recovery or type of interven-
tion. Studies investigating non-stroke aphasia (e.g.
primary progressive aphasia) were excluded. Where
there was a mixture of stroke and non-stroke partici-
pants, studies were only included if data from stroke
participants with aphasia could be separated out. Any
studies that included artificial intelligence or machine
learning techniques were included as well as stud-
ies with large datasets (n=>900) with or without AI
analysis techniques. This number was considered suf-
ficient to meet the classification of big data within
this population and reflects numbers presented in a
recent systematic review and meta-analysis in aphasia
(Ali et al., 2021). All studies, including peer-reviewed
articles, conference abstracts and grey literature were
included. Studies without participant data, for exam-
ple theoretical papers on algorithms, and articles not
published in English, were excluded.

2.3. Study selection

Following database searches, all records were
imported to EndNote and duplicates were removed.
Two reviewers independently conducted title and
abstract screening. This process was managed,
with reasons for exclusion recorded, using Rayyan
review software, Rayyan Systems Inc., Doha, Qatar
(available at www.rayyan.ai). There was moder-
ate agreement (Cohen’s Kappa 0.49) for title and
abstract review. All disagreements were discussed
in order to reach consensus. The final stage of
screening included full-text review of articles, if
available, before final inclusion decisions were made.
Data extraction was managed using Microsoft Office
Excel. A Preferred Reporting Items for Systematic
reviews and Meta-Analyses (PRISMA) flow diagram
was used to guide the review process of identification,
screening, eligibility and inclusion (Page et al., 2021),
see Fig. 1 for details.

2.4. Data extraction

The data extracted from included articles included:
title, year of publication, authors, publication name,
type of publication, country, study aim, study type,
study method of analysis, study data type, participant
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Table 1
Search strategy

Search terms

S1 Population aphasia OR “naming deficit” OR “word finding difficulty” OR anomia OR “acquired
language disorder” OR anomic OR aphasic OR dysphasic

AND S2 concept “big data” OR dataset OR “machine learning” OR Machine OR “bayesian learning” OR
“random forest” OR “machine learning” OR “artificial intelligence” OR “neural
network*” OR “natural language processing” OR “support vector*” OR boosting OR
“deep learning” OR “random forest*” OR “naive bayes” OR “machine intelligence” OR
“computational intelligence” OR “computer reasoning”

Fig. 1. PRISMA flow diagram.

data, summary of findings and study recommenda-
tions.

2.5. Data analysis

Following review of the extracted data, induc-
tive coding was carried out creating categories that

reflect the areas of research. These categories were
developed by the authors, who are speech and lan-
guage therapists. They were informed by the aims
and methods of the included studies. For example,
the application of AI techniques in the use of auto-
mated systems to assess speech (Le et al., 2018)
was categorised as automation. These categories were
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further divided into subcategories to give a deeper
understanding of the nature of research for example,
differentiating the category of automation into assess-
ment, automatic speech recognition or diagnosis.

3. Results

5,618 records were retrieved after database
searches. Following duplicate removal, title and
abstract screening of 1649 records was carried out
and 168 records underwent full-text review with 72
articles included in the mapping review (Fig. 1). Data
from the studies were extracted into predefined cat-
egories including type of publication, country, study
aim, method of analysis, data type, participant data,
findings and recommendations. This is available in
supplemental materials.

3.1. Characteristics of included studies

Just under half of the studies (32) were published
by authors working in the USA (See Fig. 2). This
is followed by eight from the UK, six each from
Hong Kong and Germany, four from China, three
from Greece, two from Korea and India respectively,
and one each from Canada, Sweden and the Nether-
lands. There are six studies with authors’ afflictions
and/or data collection from multiple countries.

The earliest study was published in 2000 and
this was followed by a twelve-year gap until 2012,
although it is worth nothing that five articles from
this period were excluded, as no participant data was
included in the papers. Figure 3 provides an overview
of the publications since 2000.

The studies appeared in publications and confer-
ence proceedings across a range of academic fields.
The majority of studies appeared in neurology (24),
stroke (11) and computing (14) publications, and
the remaining in speech technology (9), multidis-
ciplinary (7), speech and language (4) and health
technology (2) publications. Fifty of the included
studies were journal articles published in peer-review
journals, 14 were conference proceeding and seven
were conference abstracts. In addition, one preprint
article was included in the review.

There was significant variation within the study
aims, methods and data types. All studies included
data from participants with aphasia and sixteen stud-
ies also included data from matched controls. The
type of data varied across studies and included a range
of language assessments such as Aachen Aphasia

Test, Boston Naming Test, Cantonese Aphasia Bat-
tery, Comprehensive Assessment of Aphasia, North
Western Naming Batter, North Western Assessment
of Verbs and Sentences, Psycholinguistic Assessment
of Language Processing in Aphasia, Philadelphia
Naming Test, Philadelphia Repetition Test, Pyramids
and Palm Tests, Token Test and the Western Aphasia
Battery, along with other non-standardised language
assessments. Other data gathered included audio
recordings as well as CT scans, electroencephalo-
gram and structural MRI and fMRI, in addition data
collected from mobile therapy applications was also
used in analysis. The wide range and variation in
reporting of participant and assessment data prevents
synthesis of findings at a population level. Instead, the
areas of research are mapped and described below in
keeping with the methodology of the mapping review.

3.2. Areas of research within big data in aphasia

The 72 studies spanned a range of subject matter
and different fields within big data and AI research
in aphasia. These subject categories are outlined in
Table 2 and are described further below. The induc-
tively developed framework with subject categories
and sub-categories is also visually represented in
Fig. 4. A sample study from each category and sub-
category is presented in Table 3.

3.2.1. Prediction and association
Thirty-seven studies were categorized under

prediction and association. These included lesion-
symptom mapping studies, meta-analyses - which
applied statistical methods to large datasets - as well
as studies that used AI or machine learning algo-
rithms to explore associations and predictive models
with respect to symptoms and outcomes, or to tailor
and personalise therapy apps for individuals. These
studies sought to understand relationships between
variables and outcomes for specific phenomenon in
aphasia, for example the degree of recovery in apha-
sia, or to use variables to create predictors through
the application of machine learning techniques.

3.2.1.1. Lesion-symptom mapping. Twenty-one
studies were categorized as lesion-symptom map-
ping studies. These studies used machine learning
methods including support vector machines, decision
tree analysis, random forest classifiers, Chi square
automatic interaction detection, dynamic causal
modelling, Pearson correlation and regression mod-
elling to gain predictive insight from large amounts
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Fig. 2. Country of publication.

Fig. 3. Publications since 2000.

Table 2
Framework of big data, AI and ML research in post-stroke aphasia

Category Subcategory Number of
papers

Prediction and Association Lesion-symptom mapping 21
Meta-analysis of Big Data 9
Associations and predictions using AI or ML 5
Tailoring therapy application 2

Automation Assessment 2
Automatic Speech recognition 19
Diagnosis 10

Hypothesis/theory testing 3
Aphasia classification model 1

of neuroimaging data. All studies used lesion data
from neuroimaging and there was variation in other
data collected for analysis within the studies. Such
data was dependent on the research aim and included

standardized and non-standardized (cognitive and
language) assessment results, demographic and
medical information as well as aphasia type. Exam-
ples of research aims within these studies included
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Fig. 4. Framework of Big Data and AI research in Post-Stroke Aphasia.

the development of a predictive model of aphasia
recovery from language test scores and neuroimaging
(Lai et al.; Loughnan et al., 2019) and examination
of the relationship between Health-Related Quality
of Life and demographic factors, impairment-based
measures, and lesion characteristics in chronic
aphasia (Dvorak et al., 2021).

3.2.1.2. Meta-analyses. Nine studies were catego-
rized as meta-analyses. These studies included data
collated from completed aphasia studies. Numbers
of subjects in these studies ranged from 2,500
to 5,928 as well as one study which collated
data from 149,560 individuals (although not all
were individuals with aphasia). Six of these meta-
analyses aimed to gain insight into the evolution
of and degree of recovery from aphasia. All except
one article was produced by authors involved in
the CATs REhabilitation and recovery of peopLE
with Aphasia after StrokE (RELEASE) initiative

(see https://www.aphasiatrials.org/release/ for more
information).

3.2.1.3. AI or machine learning algorithms. Five
studies were categorized under predicting outcomes
and associations using AI and machine learning tech-
niques. Four of these studies used machine-learning
algorithms to develop prediction models from symp-
tom patterns and severity and compared the models
with actual outcomes. One study investigated the
classification of symptom clusters based on language
task performance using machine learning algorithms
in order to identify features strongly associated with
the clusters (Fromm et al., 2022).

3.2.1.4. Tailoring therapy applications. Two papers
examine how big data can be used to tailor ther-
apy tasks to individuals. Kiran et al. (2017) describe
a method in which a large datasets gathered from
the Constant Therapy app facilitates decision-making
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Table 3
Framework and sample study per category

Category Subcategory Sample study Title Data set Goal Outcome

Prediction and
association

Lesion-
symptom
mapping

Loughnan et.
al 2019

Generalizing
post-stroke
prognoses
from research
data to clinical
data

828 British Stroke
Patients (training set)

This study aimed to produce a
predictive model of aphasia
recovery from language test
scores and neuroimaging that
generalised across different
languages, aphasias, research
settings and neuroimaging
technologies.

Results suggest that models
trained on English, chronic
aphasia patients in a research
setting with MRI images did
generalise to spanish speaking
acute aphasia patients in a
clinical setting with CT images.

Meta-analysis
of Big Data

Williams et al.
2022

Utilising a
systematic
review-based
approach to
create a
database of
individual
participant
data for meta-
and network
meta-analyses:
the RELEASE
database of
aphasia after
stroke

5928 individual
participant data from
people with
post-stroke aphasia

This study aims to report the
development, preparation and
establishment of an
internationally agreed aphasia
after stroke research database of
individual participant data (IPD)
to facilitate planned aphasia
research analyses

The application of big data
principles in the context of
aphasia research; the rigorous
methodology for data acquisition
and cleaning can serve as a
template for the establishment of
similar databases in other
research areas

Associations
and
predictions
using AI or
ML

Fromm et al.
2022

Enhancing the
classification
of aphasia: A
statistical
analysis using
connected
speech

306 People with
aphasia

This study aims to identify
coherent clusters of PWA based
on language output using
unsupervised statistical
algorithms and to identify
features that are most strongly
associated with those clusters

Seven distinct clusters of PWA
were identified by the K-means
algorithm. Using the random
forest algorithm, a classification
tree was proposed and validated,
showing 91% agreement with the
cluster assignments. This
representative tree used only two
variables to divide the data into
distinct groups: total words from
free speech tasks and total
closed-class words from the
Cinderella storytelling task
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Tailoring
therapy
application

Musso et al.
2022

Aphasia
recovery by
language
training using
a brain-
computer
interface: A
proof-of-
concept
study

10 stroke patients
with aphasia

This paper presents a new
language training approach for
the rehabilitation of patients with
aphasia based on a
brain–computer interface system.
The system utilizes machine
learning to decode individual
brain states in a single trial based
on task-informative features, e.g.
evoked potentials.

Results obtained from this
proof-of-concept study found that
the high-intensity training (30 h,
4 days per week) was feasible,
despite a high-word presentation
speed and unfavourable
stroke-induced EEG signal
characteristics. Second, the
training induced a sustained
recovery of aphasia, which
generalized to multiple language
aspects beyond the trained task.

Automation Assessment Issa et al. 2021 An objective
tool for
classification
of language
deficits in
adults

Profiles of 49
participants diagnosed
with aphasia was
loaded onto
MATLAB software as
part of training for an
Artificial Neural
Network

The aim of the study was to build
an objective tool that provides
assistive objective evaluation
along with confidence index on
aphasic individuals and possible
rehabilitation domains.

Positive agreement between the
developed objective tool and
traditional subjective evaluation.
Hence this tool can help guide
novice clinicians in decision
making as well as planning
appropriate intervention
strategies

Automatic
Speech
recognition

Le et al. 2018 Automatic
quantitative
analysis of
spontaneous
aphasic speech

401 People with
aphasia and 187
control speakers
without aphasia,
spanning 19
sub-datasets and
130.9 h of speech.

This study aims to perform one of
the first large-scale quantitative
analysis of spontaneous aphasic
speech based on automatic
speech recognition (ASR) output.

Study results demonstrate that
these measures can be used to
accurately predict the revised
Western Aphasia Battery
(WAB-R) Aphasia Quotient (AQ)
without the need for manual
transcripts.

Diagnosis Axer et al.
2000

An aphasia
database on
the internet: A
model for
computer-
assisted
analysis in
aphasiology

254 people with
aphasia

This study describes a web-based
software model developed as an
example for data mining in
aphasiology

The classifier produced correct
results in 92% of the test cases.
The neural network approach is
similar to grouping performed in
group studies, while the
nearest-neighbor method shows a
design more similar to case
studies.

(Continued)
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Table 3
(Continued)

Category Subcategory Sample study Title Data set Goal Outcome

Hypothesis/theory
testing

Dickens et al.
2021

Two types of
phonological
reading
impairment in
stroke aphasia

30 adults with
left-hemisphere stroke
and 37 age- and
education-matched
controls

This study utilizes behavioural
and neuroanatomical evidence to
determine the explanatory value
of integrating the architectural
details of contemporary
neurocognitive models of speech
processing into a model of
reading aloud. The authors tested
competing predictions of the
undifferentiated and
differentiated phonological
reading hypotheses.

The results clarify that at least
two dissociable phonological
processes contribute to the pattern
of reading impairment in aphasia
- these results motivate a revised
cognitive model of reading aloud
that incorporates a sensory-motor
phonological circuit

Aphasia
classification
model

Landrigan et
al. 2021

A data-driven
approach to
post-stroke
aphasia
classification
and
lesion-based
prediction

296 participants
between the ages of
18 and 80 and
primarily
monolingual English
speakers (55%
reported speaking a
second language).
Most participants had
chronic aphasia (i.e.
46 months post
stroke).

This study proposes an
alternative classification method
to the traditional Wernicke
Lichtein model for people with
aphasia. The study aimed to
identify clusters of individuals
with post-stroke aphasia who
have similar deficit profiles.

The results of the (community
detection analysis) CDA
algorithm did not align with the
traditional model of aphasia in
either behavioural or
neuroanatomical patterns.
Instead, the results suggested that
the primary distinction in aphasia
(after severity) is between
phonological and semantic
processing rather than between
production and comprehension.
Further, lesion-based
classification reached 75%
accuracy for the CDA-based
categories and only 60% for
categories based on the
traditional fluent/non-fluent
aphasia distinction.
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and is used to personalise neurorehabilitation. While
Musso et al. (2022) describe the use of machine learn-
ing to decode signals from a brain-computer interface
to generate immediate feedback for participants as
part of a novel therapeutic approach.

3.2.2. Automation
Thirty one studies were categorized under automa-

tion, encompassing a range of machine learning
methods including classical machine learning, neural
networks, dynamic time warping, class activa-
tion mapping, Kullback-Leibler divergence, decision
trees, random forest, logistic regression, naı̈ve Bayes
classifiers, support vector machines, Gaussian mix-
ture models and hidden Markov models. These
studies sought to perform a process where human
input is minimised, for example to process human
speech into written text or to make a decision regard-
ing diagnosis, without human involvement in the
process.

3.2.2.1. Automatic speech recognition. Nineteen
studies investigated automatic speech recognition
(ASR). Nine studies used voice recordings from
aphasic speech corpora such as AphasiaBank while
the other 10 made their own recordings for anal-
ysis. As well as straightforward speech-to-text
mechanisms, the studies also included methods of
automating articulation, fluency and tone scores and
measuring satisfaction levels, stress and depression
from patient’s speech.

3.2.2.2. Diagnosis and assessment. Ten studies pre-
sented methods of automating the diagnostic process.
Assessment measures included binary yes/no aphasia
classification, predicting Western Aphasia Battery –
Aphasia Quotient scores from recordings, semantic
relatedness measures and detecting FAST symp-
toms from patient’s speech. Five of these studies
used recordings from aphasic speech corpora such as
AphasiaBank while four used their own recordings
and transcriptions.

One study, which did not make use of recorded
speech, suggested a method of reducing the high
cognitive load on patients required by fMRI neu-
roimaging procedures (Lorenz et al., 2021). This
was achieved by combining real-time fMRI with
machine-learning to create a more targeted process
which was quicker to administer and required the
subject to complete fewer tasks.

3.2.3. Hypothesis or theory testing
Three studies were categorized under hypothesis

or theory testing. The studies used machine learning
to test the application of models of language pro-
cessing. Lissón et al. (2021) investigated whether
sentence comprehension impairments in aphasia can
be explained by difficulties arising from depen-
dency completion processes in parsing. The study
evaluated the activation-based model and the direct-
access model of dependency completion difficulty.
The authors used Bayesian machine learning methods
to simulate the two models and compared their perfor-
mance to real data from aphasic subjects completing a
picture selection task. Arslan et al. (2017) compared
the comprehension of subject and object questions
in individuals with aphasia speaking German and
Turkish (respectively, a head-initial and head-final
language). Subjects’ responses to a picture selection
task were analysed using logistic regression and ran-
dom forest methods. The third study built on their
findings from a lesion-symptom mapping study, by
utilising machine learning, in order to investigate the
contribution of phonological processes within cog-
nitive models of reading in aphasia (Dickens et al.,
2021).

3.2.4. Aphasia classification model
One study was categorized under aphasia classifi-

cation model (Landrigan et al., 2021). The authors
proposed an alternative classification method to
the traditional Wernicke-Lichtheim model for peo-
ple with aphasia. The study combined statistical,
machine learning, and MRI lesion mapping meth-
ods to examine behavioural deficit profiles and their
lesion correlates and predictors in a cohort of 296
individuals with post-stroke aphasia. Individuals with
aphasia were clustered based on their behavioural
deficit profiles using a community detection analysis
(CDA) algorithm and these clusters were compared
with the traditional aphasia subtypes.

4. Discussion

This mapping review examines the extent, range
and nature of available literature on big data and
AI research in aphasia. Seventy-two articles were
eligible for inclusion in the review. These studies
were published in a range of journals covering dif-
ferent academic disciplines and with the exception
of a small number of meta-analyses, were primar-
ily quasi-experimental studies. Research into big data
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and AI in aphasia is a growing area of interest, with
an increasing number of articles published in recent
years. The bulk of research in this field concerned
automation in the form of automatic speech recogni-
tion as well as automated assessment and diagnostic
processes. In addition, there is also a growing body
of research on predicting outcomes through lesion-
symptom mapping, meta-analyses of existing studies
and prognostic modelling. Finally, a small number of
studies investigate techniques for tailoring rehabili-
tation using AI and/or big data analysis as well as
examining hypothesis/theory testing and new meth-
ods of aphasia classification.

While previous articles have focused on particular
aspects of big data and AI in aphasia, these have not
attempted to map the full extent of research in this
field. Kiran (2016) discusses the utility of big data
analysis for understanding how individual respon-
siveness to rehabilitation is influenced by a patient’s
severity of language and cognitive impairment via
data gathered from an app, whereas Faroqi-Shah
(2016) discussed neuroimaging methods in neurore-
habilitation, meta-analyses involving large aphasic
databases garnered from clinical trials and corpora
such as AphasiaBank. Our review provides the first
map of the current evidence and research in this field
and allows for the categorisation of research into big
data and AI in aphasia (See Fig. 4).

This is a relatively new and divergent area of
research with dissemination spanning a range of aca-
demic fields including, but not limited to speech and
health technology, computing and neurology.

4.1. Clinical and policy implications

Practitioners and researchers working with peo-
ple with aphasia should be aware of the contribution
of big data and AI to aphasia research. This is not
a straightforward task as the research is relatively
recent, growing exponentially and appears across a
range of academic disciplines. This mapping review
is a first step towards a holistic understanding of big
data and AI in aphasia research. The advances in
automating assessment and diagnostic processes out-
lined in this review, while still in their early stages,
show promise for clinical practice (Fergadiotis et al.,
2016; Issa et al., 2021). In the future, these may
contribute to increased accuracy and efficiency in
assessment and diagnosis. While also currently at an
early stage, continued advances in automatic speech
recognition are likely to become more feasible for
use in real-world clinical applications (Le et al.,

2018) as well as potentially improve the utility and
effectiveness of augmentative and alternative com-
munication devices in the future. Developments in
predictive models offer insights into aphasia prog-
noses and response to rehabilitation (Kiran et al.,
2017; Kristinsson et al., 2021) and this may carry
further clinical and policy implications in the future.
One of the key promises of big data has been the
potential to personalise healthcare and rehabilitation
(Sagiroglu & Sinanc, 2013). While researchers have
explored the potential use of AI in order to gen-
erate computer-based speech and language therapy
sessions, that can be tailored to the needs and inter-
ests of a person with aphasia (Higgins et al., 2016),
only a small number of studies have examined the
outcome of such an approach (Kiran et al., 2017;
Musso et al., 2022). This is surprising considering
research on the use of genetic algorithms to tailor
and personalise self-administered therapy sessions
(Higgins et al., 2014) and the recognition that self-
administered aphasia rehabilitation is both acceptable
to people with post-stroke aphasia (Kearns et al.,
2021) and enables more intensive and extended treat-
ment (Macoir et al., 2019). However, it is likely that
growth in the study of signal processing, and specifi-
cally automatic speech recognition, has facilitated the
advancement of this research in the context of apha-
sia. The use of open source software and authors’
wishes to make applications available through open
source platforms e.g. GitHub will likely result in
continued growth in both experimental and clinical
applications.

4.2. Areas for further research

This mapping review took a broad approach,
as it was necessary to map the current body of
research in big data and AI in aphasia research
and therefore this task did not warrant a system-
atic review. More specific research should be carried
out to further examine and evaluate the categories
of research identified within big data and AI aphasia
research in this review. The two categories with the
largest number of studies are prediction and asso-
ciation, and automation; it would be appropriate
to explore each further. Further research questions
should evaluate the efficacy of automated assess-
ment and diagnosis, automatic speech recognition
and the accuracy of predicting outcomes through
lesion-symptom mapping and through meta-analysis.
Moreover, big data and AI have the potential to con-
tribute to an improved evidence synthesis process in
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G. Pottinger and Á. Kearns / Big data and AI in aphasia 13

aphasia research generally. The CATs had described
research into aphasia as having limited efficiency,
strength and utility due to being language, region
and discipline specific (COSTAction-IS1208, 2013-
2017). In their Cochrane Systematic Review, Brady
et al. (2016) identified that aphasia trials were suffer-
ing from a lack of consistency in methodology and
reporting and this hampers evidence synthesis. On
the one hand, the rise in big data and AI in apha-
sia research has contributed to these challenges by
‘adding to the pile’ of disparate forms of research.
At the same time, it is contributing valuable new
knowledge, applications, and insight into aphasia.

The term big data belies the fact that its value
lies not just in processing and synthesising vast
amounts of data but numerous types of data too.
Ninety-five percent of what is termed big data is
described as unstructured, which means it lacks the
structural organisation of a spreadsheet or database
required for simple analysis (Gandomi & Haider,
2015). For example, lesion-symptom mapping stud-
ies gain insights from processing and synthesising
large numbers of diverse data including images
alongside demographic and medical information.
Similarly, meta-analyses collate, categorise and inte-
grate data from thousands of participants in hundreds
of studies with differing methodologies, levels of data
reporting and outcome measures. It is possible that
wider adoption of big data and AI such as classi-
fier algorithms and regression analysis could go some
way to support advancement in aphasia research.

4.3. Strengths and weaknesses

Mapping reviews are a useful and valuable exer-
cise in understanding a disparate body of work and
this approach was an appropriate choice of review
design for big data and AI in aphasia due to the
broad nature of the subject. However, there are weak-
nesses implicit in this type of review. Firstly, while
published, peer-reviewed mapping reviews were used
to guide and inform this methods undertaken in this
review, there is no standardized process for conduct
and reporting mapping reviews. This is likely due to
the relatively recent emergence of mapping reviews
(Miake-Lye et al., 2016). Protocols such as PRISMA-
P allow for planning and documentation of review
methods, act as a guard against arbitrary decision-
making during review conduct, enable readers to
assess for the presence of selective reporting against
completed reviews and reduce duplication of efforts
(Shamseer et al., 2015). This guidance informed our

review process. Both of the authors are speech and
language therapists and while one author was study-
ing for a diploma in computer science at the time of
the review their professional backgrounds will have
influenced the analysis process. The approach used in
this review required the characterisation of included
studies at a broad descriptive level and lacks the syn-
thesis and analysis of other review methods. This
approach results in a risk of oversimplification of
findings. There is also a high level of subjectivity in
this characterisation process (Grant & Booth, 2009).
Lastly, in keeping with mapping review methods, a
quality appraisal process was not carried out. While
appropriate for this review method (Grant & Booth,
2009) it limits the analysis to descriptive synthesis of
the included studies.

5. Conclusion

This research aimed to examine the extent, range
and nature of available literature on big data and
AI research relating to aphasia. The findings from
this mapping exercise, which categorised, described
and mapped available evidence into an inductively
developed framework, indicate that big data and
AI is making a growing contribution to aphasia
research. This contribution is largely that of automat-
ing assessment and diagnostic processes, automatic
speech recognition and predicting outcomes for apha-
sic patients through lesion-symptom mapping and
meta-analysis. The majority of the research is in
the form of quasi-experimental studies. This is not
unusual for early-stage research, particularly when
clinical data is available and randomisation is not fea-
sible due to methodological or funding constraints
(Harris et al., 2006). The coming years may see
increasing adoption of big data as well as the use
of AI in larger scale and higher quality studies such
as RCTs. Additionally, big data and artificial intelli-
gence techniques provide a capacity to process large
amounts of data, including unstructured data. Applied
more widely and with transparency, these techniques
may contribute towards solving issues of inconsis-
tency in methodology and reporting between aphasia
studies, which hampers evidence synthesis.
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