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An Implementation of Natural Language Processing and Text Mining
in Stroke Research

Chulho Kim, MD

Department of Neurology, Chuncheon Sacred Heart Hospital, Hallym University College of Medicine, Chuncheon, Korea

Natural language processing (NLP) is a computerized approach to analyzing text that explores how computers can be used to
understand and manipulate natural language text or speech to do useful things. In healthcare field, these NLP techniques are
applied in a variety of applications, ranging from evaluating the adequacy of treatment, assessing the presence of the acute
illness, and the other clinical decision support. After converting text into computer-readable data through the text
preprocessing process, an NLP can extract valuable information using the rule-based algorithm, machine learning, and
neural network. We can use NLP to distinguish subtypes of stroke or accurately extract critical clinical information such as
severity of stroke and prognosis of patients, etc. If these NLP methods are actively utilized in the future, they will be able to
make the most of the electronic health records to enable optimal medical judgment.
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) | 1. Multiple small diffusion restrictions in the left middle cerebral artery territory. |
Brain MRI
reading reports
SRRy
Tokenization into a Multiple small diffusion restrictions in the
single word unit left middle cerebral artery territory
Lower case lettering multiple small diffusion restrictions
Stop word removal left middle cerebral artery territory
multipl small diffus restrict
Word stemming ;i =
left middl cerebr arter territori
Document ] multipl | small | diffus | restrict left | middl | cerebr | arter | territori
frequer)cy matrix 1 1 1 1 1 1 1 1 1
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Figure 1. Natural language preprocessing flow chart for the corresponding texts. MRI; magnetic resonance imaging, tf-idf; term frequency inverse

document frequency.
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Figure 2. Example natural language processing and machine learning of brain magnetic resonance imaging radiology text reports. ACA; anterior cerebral
artery, R/O; rule out, ICA; internal carotid artery, LASSO; least absolute shrinkage and selection operator, SDT; single decision tree, RF; random

forest, SVM; support vector machine.
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Table. Studies of natural language processing-based stroke research
NLP Cross-  External
Study Algorithm reprocessin Participants ~ Type of texts Outcome Metrics vali- vali-
prep e dation dation
Elkins et Rule-based MedLEE concept 471 CT, MRl reports  Lesion acuity, location AUROC: 85% - No
al®® mechanism mapping
(2000)
Mowery et Rule-based PyConText 498 Carotid USG Carotid stenosis Sensitivity: 73-88%, - No
al® mechanism mapping reports and detection specificity: 84-87%
(2016) clinical notes
Sung et al® Rule-based MetaMap UMLS 78 Clinical notes Identifying the F1:99.8 - No
(2018) mechanism concept concept regarding
mapping VT
Kimetal" ML BOW, word 3,204  AllbrainMRI  Phenotype F1:93.2 (AIS vs. non-AlS)
(2019) embedding reports  reports classification
Bacchi et ML & DL BOW 2,201 TIA referral free CVATIAvs.non-CVA AUROC: 81.9 10-fold No
al” texts TIA
(2019)
Alex etal.* Rule-based POS, lemmatiza- 1,168  Stroke CT, MRI  Classification F1:>90.0 - No
(2019) mechanism tion reports  reports (inter-annotator
agreement)
Wheater et Rule-based POS, lemmatiza- 1,692 Stroke CT, MRI 24 phenotype Ischemic stroke sensitivity - Yes
al® mechanism tion reports (89%), specificity
(2019) (100%)
Fuetal.®  Rule-based MedTagger 1,000  CT, MRl reports SBI, WMH Sensitivity (92.5), - No
(2019) mechanism, ML  concept specificity (100%) for
& DL mapping SBI
Garg et al® ML BOW, cTAKES 1,091  Radiology report, TOAST classification Kappa (0.57) 5-fold No
(2019) concept clinical notes +
mapping
Heoetal” ML&DL BOW, word 1,840  AISbrain MRI ~ Outcome AUROC: 80.5% 5-fold No
(2020) embedding texts classification
Sung et al ML MetaMap UMLS 4,640  AlSclinical notes OCSP multiclass Accuracy: 0.583 10-fold No
(2020) concept (admissionnote  classification
mapping only)
Kogan et Rule-based CMS mapping 7,149  Physicians note  Maximum NIHSS RMSE: 0.45 3-fold No
al”! mechanism score
(2020)
Ongetal” ML&DL(LSTM) BOW, word 1,359  Stroke CT, MRI IS, MCA, acuity AUROC: 0.93-0.98 10-fold  Yes
(2020) embedding reports
(GloVe)
Lietal® ML BOW with 32,555  Allbrain MRI  AIS detection F1:0.74 5fold  Yes
(2021) N-grams texts in stroke
center
Guanetal® ML Regular 1,598  ICD codes + CE stroke (vs. AUC: 91.1 5-fold No
(2021) expression echocardiog- non-CE)
raphy text

NLP; natural language processing, CT; computed tomography, MRI; magnetic resonance imaging, AUROC; area under the receiver operating characteristic
curve, USG; ultrasonography, UMLS: Unified Medical Language System, IVT; intravenous thrombolysis, F1; F1-score (harmonized mean of precision
and recall), ML; machine learning, BOW; bag-of-words, AIS; acute ischemic stroke, DL; deep learning, TIA; transient ischemic attack, CVA;
cerebrovascular disease, POS; part-of-speech, SBI; silent brain infarct, WMH; white matter hyperintensity, TOAST; Trial of Org 10172 in Acute Stroke
Treatment, OCSP; Oxfordshire Community Stroke Project, CMS; The Centers for Medicare & Medicaid Services, NIHSS; National Institutes of Health
Stroke Scale, RMSE; root mean square error, LSTM; long-short term memory, GloVe; global vectors for word representation, IS; ischemic stroke, MCA;
middle cerebral artery, ICD; International Classification of Diseases, CE; cardioemboli, AUROC; area under the receiver operating characteristic.
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