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Abstract

Background: Several prognostic scores have been proposed to predict functional outcomes after an acute ischemic stroke (AlS).
Most of these scores are based on structured information and have been used to develop prediction models via the logistic
regression method. With the increased use of electronic health records and the progress in computational power, data-driven
predictive modeling by using machine learning techniquesis gaining popularity in clinical decision-making.

Objective: We aimed to investigate whether machine learning models created by using unstructured text could improve the
prediction of functional outcomes at an early stage after AIS.

Methods: Weidentified all consecutive patientswho were hospitalized for thefirst timefor AlSfrom October 2007 to December
2019 by using a hospital stroke registry. The study population was randomly split into a training (n=2885) and test set (N=962).
Freetextin histories of present illness and computed tomography reports was transformed into input variables vianatural language
processing. Models were trained by using the extreme gradient boosting technique to predict a poor functional outcome at 90
days poststroke. Model performance on the test set was evaluated by using the area under the receiver operating characteristic
curve (AUC).

Results: The AUCs of text-only models ranged from 0.768 to 0.807 and were comparable to that of the model using National
Institutes of Health Stroke Scale (NIHSS) scores (0.811). Models using both patient age and text achieved AUCs of 0.823 and
0.825, which were similar to those of the model containing age and NIHSS scores (0.841); the model containing preadmission
comorbidities, level of consciousness, age, and neurological deficit (PLAN) scores (0.837); and the model containing Acute
Stroke Registry and Analysis of Lausanne (ASTRAL) scores(0.840). Adding variablesfrom clinical text improved the predictive
performance of the model containing age and NIHSS scores, the model containing PLAN scores, and the model containing
ASTRAL scores (the AUC increased from 0.841 to 0.861, from 0.837 to 0.856, and from 0.840 to 0.860, respectively).

Conclusions: Unstructured clinical text can be used to improve the performance of existing models for predicting poststroke
functional outcomes. However, considering the different terminol ogies that are used across health systems, each individual health
system may consider using the proposed methods to devel op and validate its own models.
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Introduction

Stroke is a common and serious neurologic disorder.
Approximately 1 out of every 4 adults aged =25 years will
experience a stroke in their lifetime [1]. Despite recent and
emerging advancesin the acute treatment of strokes, more than
half of patients with stroke still experience an unfavorable
outcome, which can result in permanent functional dependency
or evendeath [2]. In clinical practice, having ahandy and readily
available prognostic tool is desirable for clinical
decison-making and resource alocation. Prognostic
understanding is of direct clinical relevance and is essential for
informing goals-of -care discussions. It a so facilitates discharge
planning, communication, and postdischarge support.

Several prognostic scores have been developed to predict
functional outcomes following an acute stroke. Most of these
scores use similar input variables for their predictions. As
functional outcomes are largely determined by age and stroke
severity [3], these two variables are almost always included in
existing prognostic scores [4]. Other commonly used input
variables may include comorbidities, neurologic status, and
biochemical parameters. For example, the preadmission
comorbidities, level of consciousness, age, and neurological
deficit (PLAN) score[5] includes comorbidities (preadmission
dependence, cancer, congestive heart failure, and atrial
fibrillation) and neurologic focal deficits (weakness of the leg
or arm, aphasia, or neglect) as additional predictors. The Acute
Stroke Registry and Analysisof Lausanne (ASTRAL) score[6]
comprises age, stroke severity, stroke onset to admission time,
the range of visual fields, acute glucose level, and the level of
consciousness. However, the feasibility of these scoresin daily
clinical practice and their relevance to a specific clinical setting
need to be well thought out prior to implementation [4].
Furthermore, using structured information alone, aswell asthe
almost universal use of logistic regression models in the
development of traditional prognostic scores[4,7], which require
the assumption that linear and additive relationships are being
fulfilled among predictors, significantly limitsthe applicability
of these prognostic scores to an individual hospital or health
system [8].

The ubiquitous use of electronic health records (EHRS) and the
increase in computational power provide an opportunity to
incorporate various types of structured data for the data-driven
prediction of important clinical outcomes[9]. Machinelearning
algorithms have been used to develop prognostic models to
predict various poststroke outcomes[10-16]. In previous studies
that aimed to predict functional outcomes after an acuteischemic
stroke (AlS), data-driven machine learning models generally
performed equally as well as the PLAN and ASTRAL scores
[10-12]. Matsumoto et a [10] developed and validated
data-driven models via linear regression or decision tree
ensembles and also validated traditional prognostic scores.
Although no direct statistical comparisons of predictive
performance were made between models, they concluded that
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data-driven models may be aternative tools for predicting
poststroke outcomes. Monteiro et al [11] found that machine
learning model s, including decision tree ensembles and support
vector machines, achieved only a marginaly higher predictive
performance than that of traditional prognostic scores. Finally,
Heo et a [12] found that machine learning models devel oped
viarandom forest and logistic regression had asimilar predictive
performanceto that of the ASTRAL score, while the deep neural
network model outperformed this traditional prognostic score.

In addition to structured data, EHRS store a multitude of
unstructured textual data, such as narrative clinical notes,
radiology reports, and pathology reports. To our knowledge,
this kind of information has not been explored in the
development of stroke prognostic models [10-16]. However,
natural language processing (NLP) has been used to extract
valuableinformation stored in textual datawithin other medical
applications. By harnessing the information from textual data,
it is possible to improve the prognostication of patients with
critical illness [8] and the detection of severe infection during
emergency department triage [17]. Motivated by these ideas,
we aimed to i nvestigate whether machine learning modelsusing
unstructured clinical text can improve the prediction of
functional outcomes at an early stage after AlS.

Methods

Study Settings

Data that support the study findings are available from the
corresponding author on reasonable request. This retrospective
study was conducted in a 1000-bed teaching hospital that had
a catchment area with around 500,000 inhabitants. The stroke
center of this hospital has been prospectively registering all
patients who are hospitalized for a stroke and collecting data
that conform to the design of the nationwide Taiwan Stroke
Registry [18] since 2007. Data on patient demographics,
personal and medical histories, stroke severity as assessed by
using the National Institutes of Health Stroke Scale (NIHSS),
the treatmentsthat patients received, hospital courses, and final
diagnoses were collected. Follow-up data, such as functional
outcomes as assessed by the modified Rankin Scale (MRS),
were collected only from patients who gave written informed
consent for the follow-up evaluation.

Ethics Approval

The study protocol was approved by the Ditmanson Medical
Foundation ChiaYi Christian Hospital Institutional Review
Board (approva number: CYCH-IRB 2020090). Study data
were maintained with confidentiality to ensure the privacy of
all participants.

Study Population

We identified all consecutive adult patients who were admitted
to the study hospital for the first time for AIS from October
2007 to December 2019 by using theinstitutional strokeregistry.
Patients who experienced an in-hospital stroke or those who
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were missing admission NIHSS scores from their clinical data
were excluded. Those who did not provide consent for the
follow-up or were lost to follow-up at 90 days were also
excluded. For each patient, we retrieved the history of present
illness (HPI) upon admission and the initial computed
tomography (CT) report from the EHR database. Patientswhose
EHRs were unavailable were excluded.

To train and eval uate the machine learning model s, we split the
study population randomly into atraining set that consisted of
75% (2885/3847) of the patients and a holdout test set that
consisted of the remaining 25% (962/3847) of the patients, who
were withheld from all models during the training process.

Outcome Variable

The outcome of interest was a poor functional outcome as
assessed by using the mRS score 90 days after a stroke. The
MRS score was dichotomized into agood outcome (MRS score
of 0-2) versus a poor outcome (MRS score of 3-6).

Text Vectorization and Feature Selection

The model development and validation processisillustrated in
Figure 1. The free text extracted from the HPIsand CT reports
was processed separately by using the following NLP
techniques: (1) misspelled words were corrected by using the
Jazzy spellchecker [19]; (2) abbreviations and acronyms were
expanded to their full forms by looking up alist of common
clinical abbreviations and acronyms, which is maintained by
the stroke center of the study hospital (Multimedia Appendix
1); and (3) non-ASCII (American Standard Codefor Information
Interchange) characters and nonword symbols were removed.

After text preprocessing, we used MetaMap to identify medical
concepts from clinical text. MetaMap is an NLP tool that was
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developed by the National Library of Medicine [20]. Through
the process of tokenization, sentence boundary determination,
part-of-speech tagging, and parsing, input text was decomposed
and transformed to variants of words or phrases, which were
mapped to medical conceptsin the Unified Medical Language
System Metathesaurus. M etaM ap was configured with the option
of using the NegEx algorithm to identify negated concepts. We
appended the suffix _Neg to concepts that were identified as
negated. Next, the clinical text was vectorized for the text
classification task by using the bag-of-words approach [21] or,
more specifically, the so-called bag-of-concepts approach [22].
We built a document-term matrix in which each column
represented each unique feature (concept) from the text corpus,
the rows represented each document (the HPI or CT report for
each patient), and the cells represented the counts of each
concept within each document.

To reduce the number of redundant and lessinformative features
and to improve training efficiency [21], we performed feature
selection by filtering out conceptsthat appeared in lessthan 5%
(145/2885) of all documentsin the training set and then used 1
of the following 2 feature selection methods. The first method
involved performing apenalized logistic regression with 10-fold
cross-validation to identify the most predictive concepts[8,23].
The second involved using an extratree classifier to determine
important concepts based on the Gini index [24]. A large number
of predictor variables (concepts) were still retained in thefeature
vector after these steps. To devel op more parsimonious models,
we built another document-term matrix by selecting the top 20
concepts that appeared in the documents of patients with poor
or good functional outcomes based on chi-square statistics[25].
The same feature selection procedures were applied to the
parsimonious models.
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Figurel. Model development and validation. ASTRAL : Acute Stroke Registry and Analysis of Lausanne; NIHSS: National | nstitutes of Health Stroke
Scale; PLAN: preadmission comorbidities, level of consciousness, age, and neurological deficit.
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Development of Machine Learning Models

Extreme gradient boosting (X GBoost) isan extension of gradient
boosting algorithms[26]. It isan ensemble of classification and
regression trees that can capture nonlinear interactions among
input variables. The XGBoost algorithm trains a series of trees
in which each subsequent tree attempts to correct the errors of
the prior trees. XGBoost has gained popularity for predictive
modeling in the medical field because of its high performance
and scalability [24,27,28]. The XGBoost agorithm was
implemented in Python 3.7 with xgboost Python package version
0.90.
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We built 6 text-based models for predicting poor functional
outcomes by using the XGBoost algorithm. Full model 1 was
trained by using the features derived from the HPIs. Full model
2 was trained by using the features derived from both the HPIs
and CT reports. In addition to the features used in full model 2,
full model 3 included patient age as an input variable. Simple
model 1 was trained by using only the selected concepts from
the HPIs (Figure 2), and simple model 2 was trained by using
the selected concepts from both the HPIsand CT reports (Figure
2). Similarly, simple model 3 included patient age.
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Figure 2. Keyness plots showing the top 20 concepts that frequently appear in the (A) HPIsand (B) CT reports of patients with good or poor functional
outcomes. The prefix before the concept is the concept unique identifier. A negated concept is suffixed with “_Neg.” CT: computed tomography; HP!I:

history of present illness.
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Hyperparameter optimization for each model was performed
by repeatedly performing 10-fold cross-validation 10 timeson
the training set. We followed the steps proposed in a previous
study [24] and conducted a grid search to find optimal
hyperparameters. Model error was minimized in terms of the
area under the receiver operating characteristic curve (AUC).
Once the optimal hyperparameters were determined, the final
models were fitted with the full training set.

With theintroduction of machinelearning techniquesinto health
care settings, machine learning—based prediction models are
being used to assist health care providers in decision-making
for diagnosis, risk stratification, and clinical care. For decisions
of suchimportance, clinicians prefer to know the reasons behind
predictions rather than use a black-box model for prediction.
Theinterpretability of model predictionsistherefore considered
a high priority for the implementation and use of prediction
models [29]. To this end, after building the text-based models,
we used Shapley additive explanations (SHAPs) [30], which
are based on classic Shapley valuesfrom gametheory, to explain
the output of the XGBoost classifiers.

Traditional Prognostic Models

A total of 4 traditional prognostic models based on the clinical
data that were available at the time of admission were chosen
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for experimentation. The model using NIHSS scores served as
the first baseline model. The second baseline model consisted
of ageand NIHSS scores[3]. Thethird baselinemodel consisted
of the PLAN scores [5]. The fourth baseline model consisted
of the ASTRAL scores[6].

Statistical Analysis

Categorical variableswere expressed as counts and percentages,
while continuous variables were expressed as means with SDs
or medianswith IQRs. Differences between groups were tested
by using chi-square tests for categorical variables and 2-tailed
t tests or Mann-Whitney U tests for continuous variables, as

appropriate.

Model performance was evaluated on the test set. For each
patient in the test set, the probability of a poor functional
outcome was generated by using the six text-based machine
learning models. To assess the predictive performance of each
of the baseline models and text-based models, a logistic
regression was used to predict a poor functional outcome.
Furthermore, to assess the added useful ness of information from
theclinical text, the output (the probability of apoor functional
outcome) of simple model 2, which was based on unstructured
clinical text from the HPIs and CT reports, was treated as an
additional continuous variable and added to the baseline models.
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Discriminatory ability was evaluated by calculating AUCs. The
differencesin AUCs among the model swere compared by using
the DeLong method [31]. In addition, improvements in
predictive performance resulting from the addition of
information from clinical text to each baseline model was
evaluated by calculating the continuous net reclassification
improvement and integrated discrimination improvement
indices, as described by Pencinaet al [32,33].

All statistical analyses were performed by using Stata 15.1
(StataCorp LLC) and R version 3.6.2 (R Foundation for
Statistical  Computing). Further, 2-tailed P values were
considered statistically significant at <.05.

Table 1. Baseline characteristics of the study population.

Sung et d

Results

A total of 6176 patientswere admitted for AlS. After excluding
those with an in-hospital stroke (n=186), those who were
missing clinical data (n=216), those who did not consent to the
follow-up or were lost to follow-up (n=1048), and those with
unavailable EHRs (n=295), the remaining 3847 patients
comprised the study population. Of these, 1674 (43.5%) had a
poor functional outcome after 90 poststroke days. Patients with
a poor functional outcome were older, were more likely to be
female, had more comorbidities (excluding hyperlipidemia),
and were more likely to be dependent before the stroke. Stroke
severity, PLAN scores, and ASTRAL scoreswere significantly
higher among those with a poor functional outcome (Table 1).

Characteristics All (N=3847) Functional outcome P value
Good (n=2173) Poor (n=1674)

Age (years), mean (SD) 69.5 (12.3) 66.1 (11.9) 74.0 (11.4) <.001
Female, n (%) 1583 (41.1) 771(35.5) 812 (48.5) <.001
Hypertension, n (%) 3098 (80.5) 1694 (78) 1404 (83.9) <.001
Diabetes mellitus, n (%) 1602 (41.6) 846 (38.9) 756 (45.2) <.001
Hyperlipidemia, n (%) 2195 (57.1) 1323 (60.9) 872 (52.1) <.001
Atrial fibrillation, n (%) 684 (17.8) 246 (11.3) 438 (26.2) <.001
Congestive heart failure, n (%) 196 (5.1) 68 (3.1) 128 (7.6) <.001
Cancer, n (%) 249 (6.5) 106 (4.9) 143 (8.5) <.001
Preadmission dependence (MRS? score of >2), n (%) 419 (10.9) 29(1.3) 390(23.3) <.001
Onset-to-admission delay (>3 hours), n (%) 2763 (71.8) 1574 (72.4) 1189 (71) .34
NIHSS? score, median (IQR) 5(3-10) 4 (2-6) 10 (5-19) <.001
Glucose (mg/dl), mean (SD) 163 (83) 161 (82) 166 (84) .06
PLANE score, median (IQR) 8 (6-12) 7(6-8) 12 (9-17) <.001
ASTRAL score, median (IQR) 21(18-27) 19 (16-22) 27 (22-39) <.001

4mRS: modified Rankin Scale.
BNIHSS: National Institutes of Health Stroke Scale.

°PLAN: preadmission comorbidities, level of consciousness, age, and neurological deficit.

dASTRAL: Acute Stroke Registry and Analysis of Lausanne.

The training and test sets consisted of 2885 and 962 patients,
respectively. The training set was used to build the
document-term matrix and to train the machinelearning models.
Table S1 in Multimedia Appendix 2 lists the number of unique
features and final selected features for each model. The AUCs
of full models that used an extra tree classifier for feature
selection were higher than the AUCs of thosethat used penalized
logistic regression for feature selection, although the differences
did not reach statistical significance. By contrast, penalized
logistic regression resulted in higher AUCsthan those resulting
from extra tree classifiers for simple models, and a significant
difference (P=.02) was observed for simple model 3. Therefore,
machine learning modelsthat used penalized logistic regression
for feature selection were used in the following analyses.
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Thetop 20 featuresfor both good and poor functional outcomes
that were used in the smple models are shown in Figure 2.
Figure 3 shows the top 20 most important text features from
simplemode 2; thefeatures are ordered by the average absolute
SHAP value, which indicates the magnitude of the impact on
model output. Figure 3 also presents bee swarm plots showing
the magnitude and direction of the effect of each feature
according to the SHAP value, demonstrating how simple model
2 uses input features to make predictions. For example, when
the concepts of symmetrical, Binswanger disease, or dilatation
appear in a CT report, the model tends to predict a poor
outcome, whereas the model tends to predict a good outcome
when an HPI contains the concepts of numbness or the negated
form of slurred speech. Figures S1-S6in Multimedia A ppendix
2 show the bee swarm plots for all text-based models.
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Figure3. (A) A bar chart showing the top 20 most important features of simple model 2 according to the average absolute SHAP values, which indicate
the average impact on model output. (B) A bee swarm plot for the top 20 features in which each dot represents an individual patient. A dot’s position
on the x-axis indicates the impact that a feature has on the model’s prediction for that patient. The color of the dot specifies the relative value of the
corresponding feature (concept). A higher feature value means that the concept appears more timesin the clinical text. The prefix before the concept is
the concept unique identifier. A negated concept is suffixed with “_Neg”. CT: computed tomography; HPI: history of present iliness; SHAP: Shapley

additive explanations.
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Figure 4 illustrates the receiver operating characteristic curves
for the six text-based models and the four baseline models
trained on the test set. The models are grouped according to
whether age is included in the model. Tables S2-$4 in
Multimedia Appendix 2 list these models AUCs (with 95%
Cls) and the P values for the pairwise comparison of model
performance. Models that included age generaly had higher
AUC values (range 0.823-0.841) than those of the models that
did not include age (range 0.768-0.811). Among the models
that did not include age, the AUCs of full model 1 (0.785; 95%
Cl1 0.756-0.814), full model 2 (0.807; 95% CI 0.779-0.834), and
simple model 2 (0.799; 95% Cl 0.771-0.827) were not
significantly different from that of the model that included
NIHSS scores (0.811; 95% CI 0.783-0.839; P=.11, .78, and .47,
respectively). Among the models that included age, the AUCs
of full model 3 (0.825; 95% CI 0.799-0.851) and simple model
3 (0.823; 95% CI 0.797-0.850) were also not significantly
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different from those of the model that included age and NIHSS
scores (0.841; 95% Cl 0.815-0.867; P=.22 and .17, respectively),
the model that included the PLAN scores (0.837; 95% CI
0.811-0.863; P=.37 and .30, respectively), and the model that
included the ASTRAL scores (0.840; 95% CI 0.814-0.866;
P=.27 and .22, respectively). Table 2 lists the predictive
performance of models with and without added information
fromtheclinical text. According to the AUCs (model including
age, NIHSS scores, and text: P=.002; model include PLAN
scores and text: P<.001; model including ASTRAL scoresand
text: P=.004), net reclassification improvement indices (all
models including text: P<.001), and integrated discrimination
improvement indices (all models including text: P<.001), a
statistically significant improvement in predictive performance
was achieved when adding information from the clinical text
into the baseline models.
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Figure 4. Receiver operating characteristic curves for predicting a poor functional outcome for (A) models without age and (B) models with age.
ASTRAL: Acute Stroke Registry and Analysis of Lausanne; AUC: area under the receiver operating characteristic curve; CT: computed tomography;
HPI: history of present illness; NIHSS: National Institutes of Health Stroke Scale; PLAN: preadmission comorbidities, level of consciousness, age, and

neurological deficit.
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/ —— Simple model 2 (HPI + CT), AUC: 0.789 / —— Simple model 3 (Age + HPI + CT), AUC: 0.823
0.00 0.00
0.00 0.25 050 0.75 1.00 0.00 0.25 050 0.75 1.00
1-Specificity 1-Specificity
Table 2. Comparison of the performance of baseline models with or without added information from clinical text.
Model AUC?(95% CI) Pvaue  NRI?, % (95% Cl) Pvalue  IDIS % (95% CI) P value
Age and NI HssY score 0.841 (0.815-0.867) N/AE N/A N/A N/A N/A
Ageand NIHSS scoreplustext  0.861 (0.837-0.885) .002 0.427 (0.302-0.551) <.001 0.042 (0.029-0.054) <.001
PLAN score 0.837 (0.811-0.863) N/A N/A N/A N/A N/A
PLAN score plus text 0.856 (0.835-0.882) <.001 0.543 (0.420-0.665) <.001 0.038 (0.026-0.051) <.001
ASTRALY score 0.840 (0.814-0.866) N/A N/A N/A N/A N/A
ASTRAL score plus text 0.860 (0.837-0.884) .004 0.443 (0.318-0.567) <.001 0.044 (0.031-0.057) <.001

8AUC: area under the receiver operating characteristic curve.
BNRI: net reclassification improvement.

CIDI: integrated discrimination improvement.

INIHSS: National Institutes of Health Stroke Scale.

EN/A: not applicable.

'PLAN: preadmission comorbidities, level of consciousness, age, and neurological deficit.

9ASTRAL indicates Acute Stroke Registry and Analysis of Lausanne.

Discussion

Principal Findings

This study demonstrates that machine learning models based
on clinical text may provide an aternative way of
prognosticating patients after AlS. Most of the models (3/4,
75%) based on textual data alone performed equally aswell as
the models based on NIHSS scores, whereas models based on
text and patient age had a comparable predictive performance
to those of the model based on age and NIHSS scores, the model
based onthe PLAN scores, and the model baseonthe ASTRAL
scores. In addition, the information extracted from clinical text
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can be used to improve the predictive performance of existing
prognostic scores in terms of the prediction of the 90-day
functional outcome.

Previous studies have found that machine learning algorithms
had comparabl e discrimination to or even higher discrimination
than that of conventional logistic regression models[10-12]. A
possible explanation may be that machine learning algorithms
can capture potential nonlinear relationshipsand handle complex
interactions between the input variables and the outcome
variable [10,34,35]. On the other hand, the performance of
prognostic scoresisgenerally limited by different demographic
and risk factor distributions across diverse populations and
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health care settings [36,37]. By contrast, data-driven models
can make predictionswithout prior knowledge of thereal system
[38]. The use of machine learning methods may enable each
individual site to develop its own prediction models for
providing patients with individualized medical decisions and
treatments. However, their transferability to different health
systemsis not guaranteed.

Despite the emergence of machinelearning technology asanew
tool for prognosticating stroke outcomes, textual data have
rarely been analyzed or used in previous machine learning
prediction models in the field of stroke medicine [39-44]. By
using NL P techniques, information extracted from unstructured
text, such as clinical notes or radiology reports, has been used
to build machine learning models to identify AIS [39-41] or
automate AIS subtype classification [43,44]. One of the
advantages of using textual data is that narrative notes are
generated during routine health care processes, thus avoiding
the extraeffort required for data collection and coding. Although
structured entry and reporting tools are now availablefor clinical
documentation, health care providers generally prefer to write
narrative notes because structured documentation systems can
be too awkward to use without impeding clinical workflows
and can evenresult in errors[45,46]. Furthermore, the excessive
use of structured data entry in clinical documentation tends to
result in theloss of the subtletiesin information by standardizing
away the heterogeneity across patients [46].

Although only the basic bag-of-words model was used for text
representation, this study shows an application of text
classification in the development of clinical prediction models.
However, a maor challenge of this approach is the high
dimensiondity of thefeature space. Thelarge number of features
generated by the bag-of-words model may cause problems, such
asincreased computational complexity, degraded classification
performance, and overfitting [21,47]. Feature selection is thus
anecessary step for text classification. However, the choice of
feature sel ection methods usually depends on the characteristics
of the data and requires trade-offs among multiple criteria,
particularly in small samples with high dimensionality [47].
According to our experiments, the two feature selection methods
indeed performed dlightly differently in different situations.

Another merit of using the bag-of-words approach for text
vectorization is the high level of interpretability that can be
achieved; this approach allows domain expertsto examine each
predictor (concept) within its specific context. The patternsthat
a machine learning model discovers and the explanations for
what is observed can be more important than the model’s
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predictive performance, particularly in medical applications. In
this regard, we applied Shapley values to measure the impact
of each predictor. Taking the concept symmetrical as an
example, the reason why this concept tends to be associated
with a poor functional outcome (Figure 3) may not be obvious
at first glance. The reason became clear when the original text
inthe CT reportswasreviewed. Radiol ogistsgenerally described
subcortical arteriosclerotic encephalopathy as “symmetrical
hypodensitiesin bilateral periventricular regions’ and mentioned
hydrocephalus as a “symmetrical enlargement of the lateral
ventricles” Both conditions cause a range of impairments in
brain function. Consequently, the concept symmetrical is
commonly found in the CT reports of patients with a poor
functional outcome.

Limitations

This study had somelimitationsto be addressed. First, although
data-driven prediction approaches have their own merits, the
relationships discovered from our data do not necessarily
indicate causation; therefore, prediction accuracy should never
beinterpreted as causal validity [48]. Second, thisisasingle-site
study, which may limit the generalizability of study results.
Third, although MetaM ap was used to extract medical concepts,
this study basically adopted the bag-of-words approach to
represent clinical text. As such, it disregards the order of
concepts and does not capture the contextual dependency
between concepts. Furthermore, different kinds of speculative
expressions, ranging from compl etely affirmative to completely
nonaffirmative, were found in the clinical text. Even though
negation detection was used, we did not perform factuality
detection. Different types of text representations, such as
contextual word embeddings, may be explored in future
research. Fourth, the terms and phrases used in clinical
documentation may differ across health systems and cultures.
Thisrendersthe transferability of the machinelearning models
guestionable and may entail that each individual health system
hasto build its own version of the prediction models and follow
asimilar process of model development.

Conclusions

Thisstudy demonstratesthat by using NL P and machinelearning
techniques, unstructured clinical text hasthe potential to improve
the early prediction of functional outcomes after AlS. Despite
these findings, this does not mean that the machine learning
models developed in this study can be directly deployed at other
stroke centers. We further suggest that each individual health
system develops its own model by applying the proposed
methodsto its EHRSs.

The authors would like to thank Ms Li-Ying Sung for providing English language editing support. This research was funded by
the Ditmanson Medical Foundation Chia-Yi Christian Hospital Research Program (grant R109-37-1). The funder of the research
had no role in the design and conduct of the study, interpretation of the data, or decision to submit for publication.

Conflictsof I nterest
None declared.

https://medinform.jmir.org/2022/2/e29806

JMIR Med Inform 2022 | vol. 10 | iss. 2 | €29806 | p. 9
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Sung et a

Multimedia Appendix 1

List of common clinical abbreviations and acronyms.
[XLSX File (Microsoft Excel File), 18 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Supplemental material.
[PDF File (Adobe PDF File), 3455 KB-Multimedia Appendix 2]

References

1. GBD 2016 Lifetime Risk of Stroke Collaborators, Feigin VL, Nguyen G, Cercy K, Johnson CO, Alam T, et al. Global,
regional, and country-specific lifetime risks of stroke, 1990 and 2016. N Engl JMed 2018 Dec 20;379(25):2429-2437
[EREE Full text] [doi: 10.1056/NEJM 0a1804492] [Medline: 30575491]

2. Campbell BCV, Khatri P. Stroke. Lancet 2020 Jul 11;396(10244):129-142. [doi: 10.1016/S0140-6736(20)31179-X]
[Medline: 32653056]

3. Wemar C,Konig IR, Kraywinkel K, Ziegler A, Diener HC, German Stroke Study Collaboration. Ageand National Institutes
of Health Stroke Scale Score within 6 hours after onset are accurate predictors of outcome after cerebral ischemia:
development and external validation of prognostic models. Stroke 2004 Jan;35(1):158-162. [doi:
10.1161/01.STR.0000106761.94985.8B] [Medline: 14684776]

4.  DrozdowskaBA, Singh S, Quinn TJ. Thinking about the future: A review of prognostic scales used in acute stroke. Front
Neurol 2019 Mar 21;10:274 [EREE Full text] [doi: 10.3389/fneur.2019.00274] [Medline: 30949127]

5. ODonnell MJ, Fang J, D'UvaC, Saposnik G, Gould L, McGrath E, Investigators of the Registry of the Canadian Stroke
Network. The PLAN score: a bedside prediction rule for death and severe disability following acute ischemic stroke. Arch
Intern Med 2012 Nov 12;172(20):1548-1556. [doi: 10.1001/2013.jamainternmed.30] [Medline: 23147454]

6. NtaiosG, Faouzi M, Ferrari J, Lang W, Vemmos K, Michel P. An integer-based score to predict functional outcomein
acute ischemic stroke: the ASTRAL score. Neurology 2012 Jun 12;78(24):1916-1922. [doi:
10.1212/WNL.0b013e318259e221] [Medline: 22649218]

7.  Christodoulou E, MaJ, Collins GS, Steyerberg EW, Verbakel JY, Van Calster B. A systematic review shows no performance
benefit of machine learning over logistic regression for clinical prediction models. J Clin Epidemiol 2019 Jun;110:12-22.
[doi: 10.1016/j.jclinepi.2019.02.004] [Medline: 30763612]

8. Weissman GE, Hubbard RA, Ungar LH, Harhay MO, Greene CS, Himes BE, et al. Inclusion of unstructured clinical text
improves early prediction of death or prolonged ICU stay. Crit Care Med 2018 Jul;46(7):1125-1132 [FREE Full text] [doi:
10.1097/CCM.0000000000003148] [Medline: 29629986]

9. DinglL, LiuC,Li Z, Wang Y. Incorporating artificial intelligence into stroke care and research. Stroke 2020
Dec;51(12):€351-e€354 [FREE Full text] [doi: 10.1161/STROKEAHA.120.031295] [Medline: 33106108]

10. Matsumoto K, Nohara'Y, SogjimaH, Yonehara T, Nakashima N, Kamouchi M. Stroke prognostic scores and data-driven
prediction of clinical outcomes after acute ischemic stroke. Stroke 2020 May;51(5):1477-1483. [doi:
10.1161/STROKEAHA.119.027300] [Medline: 32208843]

11. Monteiro M, Fonseca AC, Freitas AT, Melo TPE, Francisco AP, Ferro JM, et a. Using machine learning to improve the
prediction of functional outcome in ischemic stroke patients. IEEE/ACM Trans Comput Biol Bioinform
2018;15(6):1953-1959. [doi: 10.1109/TCBB.2018.2811471] [Medline: 29994736]

12. HeoJ, Yoon JG, Park H, Kim YD, Nam HS, Heo JH. Machine learning-based model for prediction of outcomesin acute
stroke. Stroke 2019 May;50(5):1263-1265. [doi: 10.1161/STROKEAHA.118.024293] [Medline: 30890116]

13. XieY, Jiang B, Gong E, Li Y, Zhu G, Michel P, et al. JOURNAL CLUB: Use of gradient boosting machine Learning to
predict patient outcome in acute ischemic stroke on the basis of imaging, demographic, and clinical information. AJR Am
JRoentgenol 2019 Jan;212(1):44-51. [doi: 10.2214/AJR.18.20260] [Medline: 30354266]

14. Li X, Pan X, Jiang C, WuM, LiuY, Wang F, et a. Predicting 6-month unfavorable outcome of acute ischemic stroke using
machine learning. Front Neurol 2020 Nov 19;11:539509 [FREE Full text] [doi: 10.3389/fneur.2020.539509] [Medline:
33329298]

15. AlakaSA, MenonBK, Brobbey A, Williamson T, Goyal M, Demchuk AM, et al. Functional outcome predictioninischemic
stroke: A comparison of machine learning algorithms and regression models. Front Neurol 2020 Aug 25;11:889 [FREE
Full text] [doi: 10.3389/fneur.2020.00889] [Medline: 32982920]

16. LinCH, HsuKC, Johnson KR, Fann YC, Tsai CH, Sun'Y, Taiwan Stroke Registry Investigators. Evaluation of machine
learning methods to stroke outcome prediction using a nationwide disease registry. Comput Methods Programs Biomed
2020 Jul;190:105381 [FREE Full text] [doi: 10.1016/j.cmpb.2020.105381] [Medline: 32044620]

17. Horng S, Sontag DA, Halpern'Y, Jernite Y, Shapiro NI, Nathanson LA. Creating an automated trigger for sepsis clinical
decision support at emergency department triage using machine learning. PLoS One 2017 Apr 06;12(4):e0174708. [doi:
10.1371/journal.pone.0174708] [Medline: 28384212]

https://medinform.jmir.org/2022/2/e29806 JMIR Med Inform 2022 | vol. 10 | iss. 2 | €29806 | p. 10
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=medinform_v10i2e29806_app1.xlsx&filename=de47f5367adb9e47c35e3ec4611e06b7.xlsx
https://jmir.org/api/download?alt_name=medinform_v10i2e29806_app1.xlsx&filename=de47f5367adb9e47c35e3ec4611e06b7.xlsx
https://jmir.org/api/download?alt_name=medinform_v10i2e29806_app2.pdf&filename=d89cd0500e801d4b68eb280e7d41a1fd.pdf
https://jmir.org/api/download?alt_name=medinform_v10i2e29806_app2.pdf&filename=d89cd0500e801d4b68eb280e7d41a1fd.pdf
http://europepmc.org/abstract/MED/30575491
http://dx.doi.org/10.1056/NEJMoa1804492
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30575491&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(20)31179-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32653056&dopt=Abstract
http://dx.doi.org/10.1161/01.STR.0000106761.94985.8B
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14684776&dopt=Abstract
https://doi.org/10.3389/fneur.2019.00274
http://dx.doi.org/10.3389/fneur.2019.00274
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30949127&dopt=Abstract
http://dx.doi.org/10.1001/2013.jamainternmed.30
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23147454&dopt=Abstract
http://dx.doi.org/10.1212/WNL.0b013e318259e221
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22649218&dopt=Abstract
http://dx.doi.org/10.1016/j.jclinepi.2019.02.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30763612&dopt=Abstract
http://europepmc.org/abstract/MED/29629986
http://dx.doi.org/10.1097/CCM.0000000000003148
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29629986&dopt=Abstract
https://www.ahajournals.org/doi/abs/10.1161/STROKEAHA.120.031295?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1161/STROKEAHA.120.031295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33106108&dopt=Abstract
http://dx.doi.org/10.1161/STROKEAHA.119.027300
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32208843&dopt=Abstract
http://dx.doi.org/10.1109/TCBB.2018.2811471
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29994736&dopt=Abstract
http://dx.doi.org/10.1161/STROKEAHA.118.024293
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30890116&dopt=Abstract
http://dx.doi.org/10.2214/AJR.18.20260
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30354266&dopt=Abstract
https://doi.org/10.3389/fneur.2020.539509
http://dx.doi.org/10.3389/fneur.2020.539509
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33329298&dopt=Abstract
https://doi.org/10.3389/fneur.2020.00889
https://doi.org/10.3389/fneur.2020.00889
http://dx.doi.org/10.3389/fneur.2020.00889
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32982920&dopt=Abstract
http://europepmc.org/abstract/MED/32044620
http://dx.doi.org/10.1016/j.cmpb.2020.105381
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32044620&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0174708
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28384212&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Sung et a

18.

19.
20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

Hsieh FI, Lien LM, Chen ST, Bai CH, Sun MC, Tseng HP, Taiwan Stroke Registry Investigators. Get with the
guidelines-Stroke performance indicators: surveillance of stroke care in the Taiwan Stroke Registry: Get with the
guidelines-strokein Taiwan. Circulation 2010 Sep 14;122(11):1116-1123. [doi: 10.1161/CIRCULATIONAHA.110.936526]
[Medline: 20805428]

Idzelis M. The Java Open Source Spell Checker. SourceForge. URL : http://jazzy.sourceforge.net/ [accessed 2021-07-03]
Aronson AR, Lang FM. An overview of MetaMap: historical perspective and recent advances. JAm Med Inform Assoc
2010;17(3):229-236 [FREE Full text] [doi: 10.1136/jamia.2009.002733] [Medline: 20442139]

Deng X, Li Y, Weng J, Zhang J. Feature selection for text classification: A review. Multimed Tools Appl 2018 May
8,78(3):3797-3816. [doi: 10.1007/s11042-018-6083-5]

Mujtaba G, Shuib L, IdrisN, Hoo WL, Raj RG, KhowajaK, et a. Clinical text classification research trends: Systematic
literature review and open issues. Expert Syst Appl 2019 Feb;116:494-520. [doi: 10.1016/j.eswa.2018.09.034]

Ma S, Huang J. Penalized feature selection and classification in bioinformatics. Brief Bioinform 2008 Sep;9(5):392-403
[FREE Full text] [doi: 10.1093/bib/bbn027] [Medline: 18562478]

Ogunleye A, Wang QG. XGBoost model for chronic kidney disease diagnosis. IEEE/ACM Trans Comput Biol Bioinform
2020;17(6):2131-2140. [doi: 10.1109/TCBB.2019.2911071] [Medline: 30998478]

Culpeper J. Keyness. Words, parts-of-speech and semantic categoriesin the character-talk of Shakespeare’s Romeo and
Juliet. International Journal of Corpus Linguistics 2009 Jan;14(1):29-59. [doi: 10.1075/ijcl.14.1.03cul]

Chen T, Guestrin C. XGBoost: A scalabletree boosting system. 2016 Aug Presented at: KDD '16: The 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining; August 13-17, 2016; San Francisco, California, USA
p. 785-794. [doi: 10.1145/2939672.2939785]

XuY, Yang X, Huang H, Peng C, Ge Y, Wu H, et a. Extreme gradient boosting model has abetter performancein predicting
therisk of 90-day readmissionsin patients with ischaemic stroke. J Stroke Cerebrovasc Dis 2019 Dec;28(12):104441. [doi:
10.1016/].jstrokecerebrovasdis.2019.104441] [Medline: 31627995]|

ShimodaA, Ichikawa D, OyamaH. Using machine-learning approachesto predict non-participation in anationwide general
health check-up scheme. Comput Methods Programs Biomed 2018 Sep;163:39-46. [doi: 10.1016/j.cmpb.2018.05.032]
[Medline: 30119856]

Ahmad MA, Eckert C, Teredesai A. Interpretable machine learning in healthcare. 2018 Aug Presented at: BCB '18: 9th
ACM International Conference on Bioinformatics, Computational Biology and Health | nformatics; August 29 to September
1, 2018; Washington, DC, USA p. 559-560. [doi: 10.1145/3233547.3233667]

Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From local explanationsto global understanding
with explainable Al for trees. Nat Mach Intell 2020 Jan;2(1):56-67 [FREE Full text] [doi: 10.1038/s42256-019-0138-9]
[Medline: 32607472]

DelLong ER, Del.ong DM, Clarke-Pearson DL. Comparing the areas under two or more correlated receiver operating
characteristic curves: A nonparametric approach. Biometrics 1988 Sep;44(3):837-845. [doi: 10.2307/2531595]
PencinaMJ, D'Agostino Sr RB, D'Agostino Jr RB, Vasan RS. Evaluating the added predictive ability of a new marker:
from area under the ROC curve to reclassification and beyond. Stat Med 2008 Jan 30;27(2):157-72; discussion 207-212.
[doi: 10.1002/sim.2929] [Medline: 17569110Q]

PencinaMJ, D'Agostino Sr RB, Steyerberg EW. Extensions of net reclassification improvement cal cul ations to measure
usefulness of new biomarkers. Stat Med 2011 Jan 15;30(1):11-21 [FREE Full text] [doi: 10.1002/sim.4085] [Medline:
2120412Q]

Orfanoudaki A, Chedley E, Cadisch C, Stein B, Nouh A, Alberts MJ, et al. Machine learning provides evidence that stroke
risk is not linear: The non-linear Framingham stroke risk score. PL0S One 2020 May 21;15(5):e0232414. [doi:
10.1371/journal .pone.0232414] [Medline: 32437368]

van OsHJA, RamosLA, Hilbert A, van Leeuwen M, van Walderveen MAA, Kruyt ND, MR CLEAN Registry Investigators.
Predicting outcome of endovascular treatment for acute ischemic stroke: Potential value of machine learning algorithms.
Front Neurol 2018 Sep 25;9:784 [FREE Full text] [doi: 10.3389/fneur.2018.00784] [Medline: 30319525]

Glumer C, Vistisen D, Borch-Johnsen K, Colagiuri S, DETECT-2 Collaboration. Risk scores for type 2 diabetes can be
appliedin some populations but not all. Diabetes Care 2006 Feb;29(2):410-414. [doi: 10.2337/diacare.29.02.06.dc05-0945]
[Medline: 16443896]

Quinn GR, Severdija ON, Chang Y, Singer DE. Wide variation in reported rates of stroke across cohorts of patients with
atrial fibrillation. Circulation 2017 Jan 17;135(3):208-219. [doi: 10.1161/CIRCULATIONAHA.116.024057] [Medline:
27799272]

AlaaAM, Bolton T, Di Angelantonio E, Rudd JHF, van der Schaar M. Cardiovascular diseaserisk prediction using automated
machinelearning: A prospective study of 423,604 UK Biobank participants. PLoS One 2019 May 15;14(5):e0213653. [doi:
10.1371/journal .pone.0213653] [Medline: 31091238]

Sedghi E, Weber JH, Thomo A, Bibok M, Penn AMW. Mining clinical text for stroke prediction. Netw Model Anal Health
Inform Bioinform 2015 Jul 14;4(16):688. [doi: 10.1007/s13721-015-0090-5]

https://medinform.jmir.org/2022/2/e29806 JMIR Med Inform 2022 | vol. 10 | iss. 2 | €29806 | p. 11

(page number not for citation purposes)


http://dx.doi.org/10.1161/CIRCULATIONAHA.110.936526
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20805428&dopt=Abstract
http://jazzy.sourceforge.net/
http://europepmc.org/abstract/MED/20442139
http://dx.doi.org/10.1136/jamia.2009.002733
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20442139&dopt=Abstract
http://dx.doi.org/10.1007/s11042-018-6083-5
http://dx.doi.org/10.1016/j.eswa.2018.09.034
http://europepmc.org/abstract/MED/18562478
http://dx.doi.org/10.1093/bib/bbn027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18562478&dopt=Abstract
http://dx.doi.org/10.1109/TCBB.2019.2911071
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30998478&dopt=Abstract
http://dx.doi.org/10.1075/ijcl.14.1.03cul
http://dx.doi.org/10.1145/2939672.2939785
http://dx.doi.org/10.1016/j.jstrokecerebrovasdis.2019.104441
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31627995&dopt=Abstract
http://dx.doi.org/10.1016/j.cmpb.2018.05.032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30119856&dopt=Abstract
http://dx.doi.org/10.1145/3233547.3233667
http://europepmc.org/abstract/MED/32607472
http://dx.doi.org/10.1038/s42256-019-0138-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32607472&dopt=Abstract
http://dx.doi.org/10.2307/2531595
http://dx.doi.org/10.1002/sim.2929
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17569110&dopt=Abstract
http://europepmc.org/abstract/MED/21204120
http://dx.doi.org/10.1002/sim.4085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21204120&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0232414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32437368&dopt=Abstract
https://doi.org/10.3389/fneur.2018.00784
http://dx.doi.org/10.3389/fneur.2018.00784
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30319525&dopt=Abstract
http://dx.doi.org/10.2337/diacare.29.02.06.dc05-0945
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16443896&dopt=Abstract
http://dx.doi.org/10.1161/CIRCULATIONAHA.116.024057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27799272&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0213653
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31091238&dopt=Abstract
http://dx.doi.org/10.1007/s13721-015-0090-5
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Sung et a

40. KimC, ZhuV, Obeid J, Lenert L. Natural language processing and machine learning algorithm to identify brain MRI
reportswith acuteischemic stroke. PLoS One 2019 Feb 28;14(2):€0212778. [doi: 10.1371/journal.pone.0212778] [Medline:
30818342]

41. Ong CJ, Orfanoudaki A, Zhang R, Caprasse FPM, Hutch M, Mal, et al. Machine learning and natural language processing
methods to identify ischemic stroke, acuity and location from radiology reports. PLoS One 2020 Jun 19;15(6):e0234908.
[doi: 10.1371/journal.pone.0234908] [Medline: 32559211]

42. Govindargjan P, Soundarapandian RK, Gandomi AH, Patan R, Jayaraman P, Manikandan R. Classification of stroke disease
using machine learning algorithms. Neural Comput Appl 2019 Jan 25;32:817-828. [doi: 10.1007/s00521-019-04041-y]

43. Garg R, OhE, Naidech A, Kording K, Prabhakaran S. Automating ischemic stroke subtype classification using machine
learning and natural language processing. J Stroke Cerebrovasc Dis 2019 Jul;28(7):2045-2051. [doi:
10.1016/].jstrokecerebrovasdis.2019.02.004] [Medline: 31103549]

44. Sung SF, Lin CY, Hu YH. EMR-based phenotyping of ischemic stroke using supervised machine learning and text mining
techniques. |EEE J Biomed Health Inform 2020 Oct;24(10):2922-2931. [doi: 10.1109/JBHI.2020.2976931] [Medline:
32142458]

45. Rosenbloom ST, Denny JC, Xu H, Lorenzi N, Stead WW, Johnson KB. Data from clinical notes: a perspective on the
tension between structure and flexible documentation. JAm Med Inform Assoc 2011;18(2):181-186 [FREE Full text] [doi:
10.1136/jamia.2010.007237] [Medline: 21233086]

46. Kuhn T, Basch P, Barr M, Yackel T, Medical Informatics Committee of the American College of Physicians. Clinical
documentation in the 21st century: executive summary of apolicy position paper from the American College of Physicians.
Ann Intern Med 2015 Feb 17;162(4):301-303 [FREE Full text] [doi: 10.7326/M 14-2128] [Medline: 25581028]

47. Kou G, Yang P, Peng Y, Xiao F, Chen Y, Alsaadi FE. Evaluation of feature selection methods for text classification with
small datasets using multiple criteria decision-making methods. Appl Soft Comput 2020 Jan;86:105836 [FREE Full text]
[doi: 10.1016/j.as0¢.2019.105836]

48. LiJ LiuL,LeTD, LiuJ. Accurate data-driven prediction does not mean high reproducibility. Nat Mach Intell 2020 Jan
17;2:13-15. [doi: 10.1038/s42256-019-0140-2]

Abbreviations

AIlS: acute ischemic stroke

ASCII: American Standard Code for Information Interchange
ASTRAL: Acute Stroke Registry and Analysis of Lausanne
AUC: areaunder the receiver operating characteristic curve
CT: computed tomography

EHR: electronic health record

HPI: history of present illness

MRS: modified Rankin Scale

NIHSS: National Institutes of Health Stroke Scale

NLP: natural language processing

PLAN: preadmission comorbidities, level of consciousness, age, and neurological deficit
SHAP: Shapley additive explanation

XGBoost: extreme gradient boosting

Edited by C Lovis; submitted 28.04.21; peer-reviewed by C Huang, M Burns; comments to author 28.06.21; revised version received
17.07.21; accepted 02.01.22; published 17.02.22

Please cite as:

Sung SF, Hsieh CY, Hu YH

Early Prediction of Functional Outcomes After Acute Ischemic Stroke Using Unstructured Clinical Text: Retrospective Cohort Sudy
JMIR Med Inform 2022;10(2):€29806

URL: https://medinform.jmir.org/2022/2/e29806

doi: 10.2196/29806

PMID:

©Sheng-Feng Sung, Cheng-Yang Hsieh, YaHan Hu. Originaly published in IJMIR Medica Informatics
(https://medinform.jmir.org), 17.02.2022. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Medical Informatics, is properly cited. The complete

https://medinform.jmir.org/2022/2/e29806 JMIR Med Inform 2022 | vol. 10 | iss. 2 | €29806 | p. 12
(page number not for citation purposes)


http://dx.doi.org/10.1371/journal.pone.0212778
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30818342&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0234908
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32559211&dopt=Abstract
http://dx.doi.org/10.1007/s00521-019-04041-y
http://dx.doi.org/10.1016/j.jstrokecerebrovasdis.2019.02.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31103549&dopt=Abstract
http://dx.doi.org/10.1109/JBHI.2020.2976931
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32142458&dopt=Abstract
http://europepmc.org/abstract/MED/21233086
http://dx.doi.org/10.1136/jamia.2010.007237
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21233086&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/M14-2128?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.7326/M14-2128
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25581028&dopt=Abstract
https://www.sciencedirect.com/science/article/pii/S1568494619306179?via%3Dihub
http://dx.doi.org/10.1016/j.asoc.2019.105836
http://dx.doi.org/10.1038/s42256-019-0140-2
https://medinform.jmir.org/2022/2/e29806
http://dx.doi.org/10.2196/29806
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Sung et a

bibliographic information, alink to the origina publication on https://medinform.jmir.org/, as well as this copyright and license
information must be included.

https://medinform.jmir.org/2022/2/e29806 JMIR Med Inform 2022 | vol. 10 | iss. 2 | €29806 | p. 13
(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

