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Analysis of Spontaneous Speech Using Natural Language
Processing Techniques to Identify Stroke Symptoms
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Abstract

This study measures the frequency of detections for
Face, Arms, Speech symptoms, using natural language processing techniques, after extrapolating
them from medical history intakes of stroke survivors.
We use a dataset of 58 stroke survivors, who were
undergoing diagnostic screening for communication
impairments. All participants have responded orally,
and audio recordings had been transcribed for subsequent analysis of the text. We used two natural
language processing techniques, namely term frequency (tf) which shows the number of times a word
occurs in a document and latent Dirichlet allocation
(LDA) which distinguished 3 topics in text analysis as
the ideal number of topics. Regarding tf, we rank single, double and triple word sequences. For single
words, we observed that “speech” and “arm”
appeared most frequently in the medical history
intake (frq~ 16.1% and 6.9% respectively), whereas
“face” and other related words were less frequent
(frq~ 2.68%). Regarding LDA, 3 topics revealed that
“arm” and “speech” were clearly distinguished from
each other. “arm” and “suddenly” in Topic 1, “stroke”,
“reports” and “weakness” in Topic 2, “hospital” and
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“weakness” in Topic 3, respectively, were detected.
Results show evidence that stroke symptoms should
be included in clinical decision making for health care
practice.
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1. Introduction

There are over 33 million stroke survivors according
to the Global Burden of Disease Study 2010 (Feigin
et al., 2014), of which over one million are affected
with aphasia in the United States alone (Moffatt,
Pourshahid, & Baecker, 2017). There have been several efforts from research towards identifying genetic
biomarkers for stroke (Bang, 2017; Damico, Müller, &
Ball, 2010; Katan, & Elkind, 2018; Kim, Moon, &
Bang, 2013). This knowledge is immensely important
for ensuring healthy living in a world where the
prevalence of people with stroke related disability is
increasing (Feigin, Norrving, & Mensah, 2017;
Huang et al., 2016). In this vein, the history intake is
an extremely valuable part of individual testing and
treatment. During the patient medical history intake,
a common question to a patient is “Why are you
here?”. In this study, we aim to analyze medical history intake in order to identify the face, arm, speech
symptoms that are described by the patients who are
stroke survivors.

The acronym FAST which represents face, arms,
speech and time is used to identify the symptoms
that indicate someone is having a stroke
(Dombrowski et al., 2015) and time for ambulance
help. The most common stroke symptoms are F:
facial weakness, A: arm hemiplegia/hemiparesis or
S: speech deficits and/or aphasia.

In this study, we create a model that links face, arm
and speech symptoms to individual verbal productions. Often times, when taking a medical history
intake of a stroke survivor, communication is
impaired. The verbal output can often be incoherent
and incohesive, or even unintelligible (Kurowski, &
Blumstein, 2016). In this study, we used transcribed
responses to a “Why are you here today?” question
taken from the Greek version of the Aachen Aphasia
Test (AAT) (Proios et al., 2006) to understand and
identify the relevant descriptors of the three symptoms mentioned by the stroke survivors. We first
examined the spontaneous dialogues and identified
personal descriptors included stroke symptoms.
Thus, we explored the relationship between pairs of
symptoms and topics revealed from the modeling
process.

Τo avoid diagnostic pitfalls of individualized reports
the scope of the history intake was refined using
computer based techniques. The main purpose of
our study was the application of a standard natural
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language processing technique, identifying symptoms of transcribed answers.

Although there are studies on computer-based techniques intended for treatment or therapeutic purposes (Grawemeyer, Cox, & Lum, 2000; Vannobel, &
Toulotte, 1992) as well as diagnosis of aphasia
(Sponsler, & Burkhart, 2016), to the best of our
knowledge there is limited evidence of stroke symptoms from medical history intake. There is some
computer-based research on identifying the topics
stroke survivors are interested in talking about (i.e.
‘food and drink’, ‘nature and gardening’, ‘entertainment’ and so on) (Palmer, Hughes, & Chater, 2017)
and on assessing stroke survivors’ needs for relevant
information about stroke and its consequences
(Dixon, Thornton, &Young, 2007; Mangset et al.,
2008; Worrall et al., 2011).
2. Materials and methods

We use a dataset consisting of 58 participants,
68.96% male and 31.04% female, aged between 26
and 78 with mean 58.29 and median 61, the majority
having suffered an ischemic stroke. All participants
were asked the question “why are you here today?”.
Based on this, they described their symptoms orally
which they have been typewritten by the authors.
Each patient’s story was summarized manually in
order to keep the important information and reduce
the noise, aiming to improve the efficiency of the
analysis. The stories were written in the Greek language. Prior to the analysis, a pre-processing step
took place. At this step, we defined a dictionary of
stop words (e.g., and, his/her) in order to keep the
set of words that provide a conceptual meaning. To
do so, 1) the list of prepositions was added, 2) the list
of connecting words was added and 3) other words
that were found in our experiments not to give extra
meaning were also added. Note that such digital dictionaries of stops words are commonplace in the
English language, but none existed in Greek.
The pre-processing phase consists of the following
steps:
1

2

Remove the names of patients from the raw
text. This step took place also for
anonymization manners.
Turn all text to lower case.

3
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Remove all special characters such as “.” or
“,”. To achieve this, we used the regular
expression “[[:punct:]][$ ]”, where punct is
defined by the programming language R that
was used in this work. In computer science,
a regular expression is defined as a
sequence of characters that define a search
pattern. We selected to remove punctuation
symbols such as comma, docs, semi
columns and other symbols as they do not
provide any meaningful information for our
needs. Additionally, by removing punctuation
we also remove illegal characters which
could produce errors in the text formation.
Remove all stop words.

After the pre-processing phase, the text analysis took
place. To analyze the text, we used two standard natural language processing techniques, namely term
frequency (tf) (Salton, & Buckley, 1998) and latent
Dirichlet allocation (LDA) (Blei, Ng, & Jordan, 2003).

The tf, which is part of the TFIDF, short for term frequency–inverse document frequency, is a numerical
statistic that is intended to reflect how important a
word is to a document in a collection or corpus (de
Zubicaray et al., 2006). For the term frequency tf(t,d),
the simplest choice is to use the raw count of a term
in a document, i.e., the number of times that term t
occurs in document d.

In natural language processing, latent Dirichlet allocation (LDA) is a generative statistical model that
allows sets of observations to be explained by unobserved groups that explain why some parts of the
data are similar. In LDA, each document may be
viewed as a mixture of various topics where each
document is considered to have a set of topics that
are assigned to it via LDA. Figure 1 shows the procedure that follows to calculate the topics and assign
the terms in the topics. α is the parameter of the
Dirichlet prior on the per-document topic distributions, β is the parameter of the Dirichlet prior on the
per-topic word distribution, θd is the topic distribution
for documents, φk is the word distribution for topic k,
zdj is the topic for the j-th word in document d, and
wdj is the specific word. Figure 2 shows the whole
text analysis procedure.

Aiming to implement the methodology steps
described previously, we selected the open source
option. Methodology steps contain qualitative

analysis of raw digitalized content and need special
handling in contrast to simpler approaches needed
for quantitative data. Many different solutions exist
for qualitative analysis of text data and some of
them can save time in the hands-on process and
help researchers who don’t have coding
experience. This solution comes from tools appropriate for qualitative analysis and one of the most
frequently used in NVivo (https://www.qsrinternational.com/nvivo/nvivo-products) (Abbe et al.,
2016; Roundtree, 2018; Ward, Gbadebo, & Baruah,
2015). Even though NVivo constitutes a userfriendly software for content analysis with an
interface available for all level of users, its use still
has many drawbacks. It is commercial software and
demands time to learn how to use it as it is a semiautomated tool (Ranney et al., 2014). Aiming to
avoid these disadvantages we selected to
implement the process using the open software
solution provided by the R programming language.
Our approach is semi-automated only in the first
step of the transformation of raw handwritten
content into digital. After that, the content analysis
steps were fully automated under an open-source
solution.
3. Results
Aiming to extract meaningful results from the text, we
selected to run the fourth step from fig. 2 (i.e.,
Analysis of text) for three different n-gram cases.
From our raw text we collected a contiguous
sequence of words of n items. For our case, the
items are the sequence of words and we selected to
run the text analysis step for three different cases.
More specifically for unigram (n = 1), bigram (n = 2)
and trigram (n = 3). We selected the n-gram option
as in some cases we found meaningful results for n
> 1.
Regarding tf we observe that “speech” and “arm”
appear frequently, while words related to face, or
other conditions also exist (see Tables 1-3). In more
detail, for the single word frequency, the words
speech, weakness and felt appear more often. For
the double-word frequency, the pairs inability talk,
weakness arm and can not appear more often.
Finally, for the three-word frequency, the triples can
not talk, lose senses arm and started weaken finally
appear more often. Overall, someone can observe
that the most frequent words refer to symptoms related to speech and arm, while the face also appears
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but with smaller frequency.
Regarding LDA we have to mention that there is specific number of produced topics which is the most
suitable for every situation according to the analysis.
After experimental process we identified that the
number of topics which separates and explains better our needs is the selection of 3 topics. So, we
selected these 3 topics which are clearly distinguished from each other and we observe that
“speech” and “arm” are categorized in two of them,
while the third one is vaguer as it contains words
related to the general condition of the patients (see
Figures 3-5). In this way, the results of the tf are confirmed as these two symptoms are selected by
4. Discussion

In this study we try to investigate if there is a relationship between face, arm, speech stroke symptoms
and the transcribed spontaneous verbal productions
of stroke survivors. The tf and LDA processing techniques were applied to assess the participants’ spontaneous verbalization. It has been shown that the
words ‘speech’ and ‘arm’ are the most commonly
mentioned. For the double-word frequency, the pairs
‘inability talk’, ‘weakness arm’ and ‘can not’ appear
more often, while for the three-word frequency, the
triples ‘can not talk’, ‘lose senses arm’ and ‘started
weaken finally’ appear more often. Our findings are
in line with other studies pointing that the face, arm,
speech symptoms are identified by the vast majority
of stroke survivors (Kleindorfer et al., 2007). Other
stroke symptoms are mentioned as well, such as
visual complaints, headache, dizziness/imbalance as
well as some less common indicators (Aroor, Singh,
& Goldstein, 2017).

Regarding LDA, three topics for discussion were
selected and the number of occurrences of a word in
the entire corpus was measured (Hassabis, &
Maguire, 2007). ‘Arm’ and ‘speech’ are the topics that
the stroke survivors referred to the most, while the
rest are vague as they contain words related to the
general condition of the patients (e.g. ‘hospital’,
‘stroke’ and so on). In this way, the results of the tf we
extracted are confirmed, since the symptoms selected by the LDA method are the most common topics
discussed, too.

Based on our results, the speech and arm symptoms
were common in the written transcriptions of the
stroke survivors. The question of whether there is a
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relation to treatment cannot be answered by this
study alone. As previous studies have shown,
approximately three quarters of stroke patients do
not interpret their symptoms correctly as representing a stroke and thus they do not seek for medical
help after the symptoms’ onset (Elkind, 2009; Kothari
et al., 1997; Williams et al., 1997). Others have
focused on the high levels of detection and diagnostic accuracy of stroke based on the FAST mnemonic
(Harbison et al., 2003; Nor et al., 2004; Robinson et
al. 2013). The results of our work provide preliminary
evidence for the relevance of incorporating stroke
symptoms in the evaluation of medical history intake.
In the face of serious consequences of stroke, the
examiner may find it difficult to transcribe and understand unintelligible speech. Thus, we created a computer-aided natural language processing methodology to help recognize relevant information in hopes of
guiding the examiner to identify the importance of
these symptoms and this is the first step in guiding
rehabilitation: Memories of FAST symptoms should
be recognized as part of the sequala of the stroke
event and may serve as secondary prevention and
self-care (Hassabis, & Maguire, 2007; Schacter,
Addis, & Buckner, 2008; Wu, Cheng, & Chiou, 2017).

In conclusion, understanding the stroke symptoms in
a transcribed dialogue, using computer-aided natural
language processing techniques can be a starting
point for additional research. In order to effectively
educate stroke survivors to take care of themselves
and improve rehabilitation systems globally, we first
need to systematically continue to quantify what is
reported about symptoms in the history intake which
is the backbone of diagnosis. Future studies should
examine the types of communication impairments
(i.e. aphasia), as they relate to stroke symptoms,
using standard natural language processing techniques in a larger sample of stroke survivors.
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