
Automating Ischemic Stroke
 Subtype Classification Using
Machine Learning and Natural Language Processing
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Objective: The manual adjudication of disease classification is time-consuming,
error-prone, and limits scaling to large datasets. In ischemic stroke (IS), subtype
classification is critical for management and outcome prediction. This study sought
to use natural language processing of electronic health records (EHR) combined
with machine learning methods to automate IS subtyping. Methods: Among IS
patients from an observational registry with TOAST subtyping adjudicated by
board-certified vascular neurologists, we analyzed unstructured text-based EHR
data including neurology progress notes and neuroradiology reports using natural
language processing. We performed several feature selection methods to reduce the
high dimensionality of the features and 5-fold cross validation to test generalizabil-
ity of our methods and minimize overfitting. We used several machine learning
methods and calculated the kappa values for agreement between each machine
learning approach to manual adjudication. We then performed a blinded testing of
the best algorithm against a held-out subset of 50 cases. Results: Compared to man-
ual classification, the best machine-based classification achieved a kappa of .25
using radiology reports alone, .57 using progress notes alone, and .57 using com-
bined data. Kappa values varied by subtype being highest for cardioembolic (.64)
and lowest for cryptogenic cases (.47). In the held-out test subset, machine-based
classification agreed with rater classification in 40 of 50 cases (kappa .72). Conclu-
sions: Automated machine learning approaches using textual data from the EHR
shows agreement with manual TOAST classification. The automated pipeline, if
externally validated, could enable large-scale stroke epidemiology research.
Key Words: Ischemic stroke—cryptogenic—cardioembolism—natural language
processing—machine learning
© 2019 Published by Elsevier Inc.
Introduction

Ischemic stroke (IS) is a major cause of disability in the
United States.1 However, outcomes and management
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vary by ischemic stroke subtype. In addition, IS subtype
has research implications since it informs selection into tri-
als (eg, ongoing trials for cryptogenic stroke).2 Classifica-
tion of ischemic stroke subtype requires synthesis of
historical, examination, laboratory, electrocardiographic,
and imaging data to infer a mechanism and assign causal,
etiologic, or phenotypic classification. Many different
schemas have been proposed including the Trial of
Org10172 in Acute Stroke (TOAST) classification,3 Causa-
tive Classification System (CCS),4 and Atherosclerosis,
Small-vessel disease, Cardioembolism and Other causes
(ASCO) system.5 The most commonly used of these is the
TOAST classification, which is simple, has modest inter-
rater reliability, and is often used in stroke research proj-
ects. Compared to the TOAST system, the CSS and ASCO
have higher inter-rater reliability but are more complex
and therefore less commonly used in practice or in
research.6,7
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Given the importance of IS subtyping, many curated reg-
istries manually abstract key historical details, clinical find-
ings, laboratory tests, cardiac monitoring, and imaging
results while also requiring a review of brain and neuro-
vascular imaging by a trained rater, usually a board-certi-
fied stroke neurologist. This process is labor-intensive,
introduces variability between raters, and cannot readily
be scaled for large datasets of thousands or millions of
records. Leveraging textual data in the electronic health
record (EHR) and applying machine learning could over-
come these limitations.
In this study, we tested the hypothesis that advanced

machine learning methods performed on features identi-
fied using natural language processing (NLP) of unstruc-
tured textual data in the EHR could identify TOAST
subtype with high concordance and inter-rater reliability
compared to manually determined TOAST subtype per-
formed by board-certified stroke neurologists.
Methods

Cohort

The local Institutional Review Board approved the
study. Consecutive patients �18 years with a confirmed
acute ischemic stroke over a period of 24 months (August
1, 2012 through July 31, 2014) were enrolled in the North-
western University Brain Attack Registry with informed
consent, as previously described.8 Diagnosis of stroke was
made by a board-certified stroke neurologist at our institu-
tion in each case. Board-certified neurologists prospectively
and independently reviewed clinical and radiographic data
to determine TOAST subtype by consensus adjudication.9

In a subset of patients in year 1 of the study, a single rater
applied the CCS method for stroke subtype classification
using the website created for this purpose (https://ccs.
mgh.harvard.edu/ccs_intro.php).
Data Extraction and Preparation

We obtained free-form text notes from the EHR (Cerner,
Kansas City, MO; Epic, Madison, WI) pertaining to the
index stroke hospitalization for all patients using the
Northwestern Enterprise Data Warehouse (EDW), a data-
base that collects and integrates data from the EHR at
NMH and other Northwestern Healthcare System prac-
tice settings (Fig 1). The EDW currently contains clinical
data on nearly 3 million patients dating back to the 1970s,
which can be easily queried at the individual patient level
or for aggregate data and can link laboratory tests, proce-
dures, therapies, and clinical data with clinical outcomes
at specific points in time.
A data analyst extracted the notes from the EDW. We

preprocessed them to make it usable for machine learning.
First, we combined the raw data with the adjudicated
TOAST subtypes linking by a common identifier. We
included only a small appropriate subset of report types
to identify the stroke subtype: admission, progress, and
discharge vascular neurology notes and radiology notes
from brain magnetic resonance imaging (MRI) and mag-
netic resonance angiography (MRA) reports. Finally, we
processed all the text for each type of report in order to
remove language abnormalities. Specifically, we lower-
cased the text, removed punctuations, stop words, and
nonalphanumeric words. After performing these prepro-
cessing steps, we finally attained a clean corpus and labels
for data analysis.
We transformed the textual corpus to a format to feed

to machine learning algorithms. We first constructed a
vocabulary for the corpus. All the reports for each patient
are concatenated to form a large document. We consid-
ered all the noun phrases as potential candidates for the
vocabulary. The noun phrases, which can be unigram,
bigram or trigrams, were extracted using python-based
natural language processing library spaCy. We also
experimented with medical concepts extracted using
package Apache cTAKES10 and used them as a separate
vocabulary. Next, we converted each document to a
count-based matrix, where for each word/phrase in the
vocabulary we record the number of times that word
occurs in the document. In addition, we also experi-
mented with frequency-based matrix where instead of
counts we used term frequency in each document normal-
ized by document frequency. Performing these feature-
engineering steps, we obtained a feature matrix for
machine learning algorithms to operate on. We then com-
pared both the vocabularies (ie, medical concepts
extracted using cTAKES and n-grams extracted using
spaCy) with the baseline classifier of logistic regression.
Finally, on the results obtained from the training set we
discarded the features extracted using cTAKES.
Analysis

To deal with high dimensionality due to the large
vocabulary, we used feature selection methods to reduce
the dimensionality of the feature matrix. We performed
principal component analysis (PCA) on the original
matrix. PCA is a statistical procedure that converts obser-
vations of possibly correlated variables into a set of line-
arly uncorrelated variables called principal components.11

The first principal component has the largest possible var-
iance accounting for as much as variability in data set as
possible. Each succeeding component has highest possible
variance under condition that it is orthogonal to the com-
ponents preceding it. We plotted the cumulative variance
explained versus number of principal components and
selected the first 150 principal components based on
visual inspection.12 We also performed XGBoost13 based
feature selection on the original feature-matrix to rank
and select from original features. XGBoost is a decision
tree-based method, which constructs many trees in for-
ward greedy based fashion. This method then inherently
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Figure 1. Pipeline of steps applied for data extraction and analysis. Abbreviations: EHR, electronic health record; PCA, principal component analysis; SVM,
support vector machines.
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ranks each feature or variable by how well it improves the
purity of the node. Nodes with the greatest decrease in
impurity happen at the start of the trees, while nodes with
the least decrease in impurity occur at the end of trees.
Thus, by pruning trees below a particular node, we create
a subset of the most important features along with their
relative importance. Once the features are ranked, we
select the top 25% of features. We combined the features
obtained from XGBoost with the 150 first principal com-
ponents to obtain the final feature matrix. This process of
feature selection is done within each cross-validation fold.
We used a variety of machine learning models for train-

ing the automated system. Specifically, we tried K-nearest
neighbors (KNN),14 Support vector machines (SVM).15

random forests (RF),16 extra randomized trees classi-
fiers,17 gradient boosting machines,18 and extreme gradi-
ent boosting (XGBoost).13 We also performed stacking19

wherein prediction from these models is used by a meta-
classifier to generate a new model. The stacked model or
second-level model combines information from multiple
predictive base models (first-level models) and often times
outperforms each of individual base model due its
smoothing nature and ability to highlight each base model
where it performs best and discredit each base model
where it performs poorly. In our experiments, we com-
pared logistic regression and XGBoost as meta-classifiers
with logistic regression performing better in our case.
To avoid over-fitting, we performed 5-fold cross valida-

tion within the training dataset. Cross validation,20 also
called rotation estimation, is a technique to evaluate
Figure 2. Flowchart of cohort asse
predictive models by partitioning the original sample into
a training set to train the model and a validation set to
evaluate it. In k-fold cross validation, the original sample
is randomly partitioned into k equal size subsamples. Of
the k subsamples, a single subsample is retained as the
validation data for testing the model, and the remaining
k-1 subsamples are used as training data. The cross-vali-
dation process is then repeated k times (the folds), with
each of the k subsamples used exactly once as the valida-
tion data. The k results from the folds can then be aver-
aged (or otherwise combined) to produce a single
estimation. In our case, we performed 5-fold cross valida-
tion within the training dataset and calculated inter-rater
agreement (kappa, k) and the discrimination (c-statistic)
across each of 5 folds for each machine learning approach
compared with manually adjudicated classification,
adjusted for multiple comparisons using the Bonferroni
method.21 Finally, we applied the best performing classi-
fier based on the highest kappa value in the cross-valida-
tion training dataset to the held-out batch of cases (n = 50)
for blinded testing between machine classification and
manual classification by one rater (S.P).
In sensitivity analysis, we assessed the performance of

the best performing classifier on a subset of patients in
whom CCS subtype had been determined.
Results

Between July 2012 and August 2014, 1091 confirmed
stroke patients met our inclusion criteria (Fig 2). The
mbly used for final analysis.



Table 1. Baseline characteristics of the analyzed cohort

(n = 1091)

Age in years (SD) 66.0 (15.6)

Male, n (%) 555 (50.9)

Race, n (%)

White 699 (64.1)

Black 339 (31.1)

Other 53 (4.9)

Hispanic, n (%) 88 (8.1)

Hypertension, n (%) 818 (75.0)

Hyperlipidemia, n (%) 707 (64.8)

Atrial fibrillation, n (%) 137 (12.6)

Coronary artery disease, n (%) 190 (17.4)

Diabetes mellitus, n (%) 303 (27.8)

Median NIHSS score (IQR) 2 (1-6)
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baseline characteristics of the cohort are described in
Table 1. The mean age was 66 years, 51% were male and
64% were white.
The best performing methods were stacking with logis-

tic regression and XGBoost, followed by gradient boost
trees, random forest, extra trees classifier, SVM, and
KNN. Compared to manual classification (Table 2), the
best machine-based classification (stacking) achieved
kappa of .25 (95% confidence interval [CI] .19-.32) using
radiology reports alone, .57 (95% CI .51-.62) using prog-
ress notes alone, and .57 (95% CI .49-.61) using combined
data. The discrimination of TOAST subtypes (Supplemen-
tal Figure) was excellent (c-statistic >.8) using any of the
machine learning approaches except KNN (c-statistic .67).
The mean probability or certainty of the stacking-based
classification was higher for concordant cases versus dis-
cordant cases (.74 versus .60). Calibration plots for each of
5 TOAST subtypes using the best performing classifier
showed good fitness (Fig 3). In a blinded test set of 50
patients, there was 80% agreement between the stroke
neurologist and machine-based TOAST classification with
a kappa of .72 using stacking with logistic regression. The
10 discordant cases are described in Supplemental Table.
The top features selected in the best performing stacked
models were as follows: severe stenosis, atrial fibrillation,
intracranial atherosclerotic, and lacunar.
Table 2. Agreement between machine learning approaches to TOAST

bined data in the derivation and 5-fold validation dataset (n = 1091)

to manual adju

Radiology reports only C

K-nearest neighbor k = .09 (.05-.13) k
Support vector machines k = .17 (.11-.23) k
Random forest k = .20 (.14-.26) k
Extra trees classifier k = .18 (.11-.26) k
Gradient boosting trees k = .24 (.19-.30) k
XGBoost k = .25 (.21-.30) k
Stacking using logistic regression k = .25 (.19-.32) k
Across TOAST subtypes, the machine-based approach
had varying agreement with manual adjudication
(Table 3) being highest kappa for cardioembolic stroke
(stacking: k = .64 [.53-.71]), large artery atherosclerosis
(stacking: k = .62 [.56-.68]), small artery disease (XGBoost:
k = .57 [.51-.64]), and other determined (stacking and gra-
dient boost trees: k = .56 [.44-.67]), and lowest for crypto-
genic (stacking and XGBoost: k = .47 [.42-.52]). The
machine versus manual rater matrix of TOAST subtypes
is shown in Table 4. Compared to manually assigned sub-
type, machine-based classification over-assigned patients
into the cryptogenic stroke subtype (Table 4; 38.1% versus
31.8%). Table 2 provides simple kappa for classification
across all 5 TOAST subtypes. Table 3 though provides
kappa for each TOAST subtype classification compared
against all the others (all p < .001 after adjustment for
multiple comparisons [n = 5]).
In sensitivity analysis in 409 patients with CCS subtype,

machine-based classification showed fair agreement (k =
.40 [.32-.48]), modest accuracy (.58 [.53-.63]), and excellent
discrimination (.8 [.75-.84]) compared with website-based
classification. Agreement was lowest for undetermined
etiology (.14 [.04-.22]) and other causes (.25 [.20-.30]) and
highest for large artery atherosclerosis (.56 [.47-.65]).
Discussion

In a prospectively adjudicated dataset of over 1000
records, machine learning techniques using natural lan-
guage processing of textual data in the EHR demonstrated
modest agreement and high discrimination against man-
ual classification for subtyping ischemic stroke into 5
TOAST categories. Since the TOAST classification system
is the most widely used stroke classification system across
many hospitals and research studies, our results have
wide-reaching implications. Our approach could pave the
way for large-scale stroke epidemiologic projects wherein
ischemic stroke subtyping could be derived from the EHR
in thousands or even millions of patients, reducing man-
ual effort and costs. Furthermore, a similar approach
could be applied to other conditions wherein manual
adjudication from EHR data is required. Prior studies
classification using radiology reports, clinical notes, and com-

and using combined data in the test dataset (n = 50) compared

dication

linical notes only Combined data Test data (n = 28)

= .18 (.15-.22) k = .21 (.15-.27) k = .17

= .44 (.34-.54) k = .38 (.33-.43) k = .35

= .46 (.39-.53) k = .48 (.44-.52) k = .57

= .45 (.37-.53) k = .44 (.38-.49) k = .49

= .56 (.48-.63) k = .54 (.49-.60) k = .70

= .55 (.49-.60) k = .56 (.50-.61) k = .72

= .57 (.51-.62) k = .57 (.49-.61) k = .72



Figure 3. Calibration plots of observed versus predicted probability for each TOAST subtype.
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using the TOAST classification system have noted modest
overall inter-rater reliability between human raters, with
kappa ranging from .4 for cryptogenic stroke to .8 for
large artery atherosclerosis and cardioembolic stroke sub-
types.22 Others have tried to improve and modify the
TOAST criteria with slightly improved kappa values.9

Our results suggest that automated machine-based
approaches have similar degree of agreement with man-
ual classification by trained raters and with similar perfor-
mance amongst TOAST subtypes. Besides the efficiency
of our approach, another advantage of a machine-based
approach is that it would not suffer from inter- or intra-
rater variability since a single standardized algorithm
would be uniformly applied each time.
In sensitivity analysis using the CCS schema, we found

that a machine-based approach performed less well, being
particularly poor for undetermined subtype. The CCS and
TOAST showed only moderate agreement (k = .59) in the
largest multicenter study by McArdle et al.23 The 2
schema have differences in criteria, required tests, and
definitions. For example, many patients with possible
Table 3. Agreement between machine learning approache

Classifier Cardioembolic Cryptogenic

K-nearest neighbor k = .21 (.18-.24) k = .09 (.02-.15)

Support vector machines k = .46 (.41-.51) k = .26 (.20-.32)

Random forest k = .58 (.57-.60) k = .38 (.33-.43)

Extra trees classifier k = .53 (.45-.60) k = .32 (.26-.39)

Gradient boosting trees k = .62 (.53-.70) k = .45 (.41-.49)

XGBoost k = .63 (.57-.70) k = .47 (.41-.52)

Stacking using logistic

regression

k = .64 (.53-.71) k = .47 (.42-.52)
cardioaortic embolism by CCS would be classified as
cryptogenic stroke using the TOAST classification. Thus,
it is not surprising that we found worse performance
using machine learning for CCS than with TOAST.
The EHR provides a rich source of information for

studying stroke, allowing researchers to leverage hetero-
geneous data that are collected in the normal processes of
clinical care. However, much of the potentially useful
information is in the form of unstructured, free text
reports. We demonstrate that NLP and machine learning
can be applied to the rich, vast stores of data to mine the
EHR for clinical syndrome descriptors, test results and
findings, and demographics and risk factors to predict the
most plausible stroke subtype classification. While NLP
has been applied for other conditions,24,25 we are not
aware of prior work in stroke. Furthermore, future work
could parse cryptogenic stroke patients into sensible phe-
notypes based on similarity to other known subtypes (eg,
atrial cardiopathy or large artery plaque).26

This line of investigation has implications for future
stroke health services research. In its 2014
s with manual classification for each TOAST subtype

Large artery

atherosclerosis

Other

determined

Small artery

disease

k = .31 (.24-.38) k = .33 (.20-.47) k = .21 (.03-.39)

k = .37 (.28-.46) k = .46 (.34-.58) k = .42 (.24-.60)

k = .58 (.48-.68) k = .50 (.37-.63) k = .40 (.34-.47)

k = .52 (.42-.61) k = .46 (.32-.60) k = .44 (.32-.56)

k = .59 (.56-.61) k = .56 (.44-.68) k = .55 (.46-.64)

k = .61 (.55-.68) k = .53 (.42-.65) k = .57 (.51-.64)

k = .62 (.56-.68) k = .56 (.44-.67) k = .55 (.51-.60)



Table 4. Matrix of manual versus XGBoost-based classification of TOAST subtypes XGBoost-based classification of TOAST

subtypes

Predicted subtype by XGBoost machine learning method

Manually assigned

subtype

Cardio

embolic

Cryptogenic Large artery

atherosclerosis

Other

causes

Small artery

disease

Total

Cardioembolic 164 49 6 10 4 233

Cryptogenic 31 256 20 20 20 347

Large artery atherosclerosis 11 38 130 9 11 199

Other determined 16 47 8 88 7 166

Small artery disease 6 34 13 2 91 146

Total 228 424 177 129 133 1091
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recommendations, the National Heart Lung, and Blood
Institute Board of External Experts stated there is a need
for “studies that validity, reliability, and scalability of
electronic tools for primary data collection.” Indeed, tradi-
tional research methods (eg, surveys, in-person visits,
paper-based data collection forms, and manual data entry
and maintenance) are labor intensive and costly and can-
not easily be repurposed or scaled for nationwide and
multihospital regional registries. Since stroke subtype is a
major predictor of outcomes after stroke, our approach
would facilitate large-scale electronic epidemiologic proj-
ects to study temporal and regional patterns, disparities,
and impact of new treatments in practice.
Our study has several limitations. First, our method

relies on the level of documentation and detail in the
EHR. Our study was performed at an academic medical
center, wherein board-certified stroke neurologists evalu-
ate and document findings on each stroke patient with
high fidelity. Our results may not generalize well to hospi-
tals without highly trained stroke experts or where con-
sultation on each patient is not required or feasible.
Second, while we included text from commonly available
notes and reports, we did not include the entire EHR (eg,
cardiac imaging, laboratory, procedures) though these are
often mentioned or summarized in the clinical notes. We
suspect that a more comprehensive approach of all data
elements would improve performance but with substan-
tially more computational resource utilization. Third, we
did not include CT-based radiology reports to reduce var-
iability in the dataset. Including CT angiography may be
particularly relevant for future development since this is
increasingly used to identify vascular occlusion and steno-
sis. Fourth, the consolidated EDW can introduce inaccu-
racy and missingness, as a result of how its tables are
created, patient identity maintenance and matching, and
other multifaceted dimensions.
Conclusion

In summary, we found that machine learning
approaches using natural language processing of text
data in the EHR perform moderately well in classifying
TOAST subtypes compared to human rating. Our results
have implications for future large-scale electronic epide-
miologic research projects wherein manual adjudication
of disease classification and outcomes is required. In addi-
tion, machine learning could help further parse ischemic
stroke into etiologic phenotypes, especially for crypto-
genic stroke wherein subgroups similar to cardioembolic
and large-artery atherosclerosis subtypes are likely to be
found.
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Supplementary material associated with this article can
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