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BACKGROUND AND PURPOSE: Accurate prehospital diagnosis of stroke by emergency medical services (EMS) can increase 
treatments rates, mitigate disability, and reduce stroke deaths. We aimed to develop a model that utilizes natural language 
processing of EMS reports and machine learning to improve prehospital stroke identification.

METHODS: We conducted a retrospective study of patients transported by the Chicago EMS to 17 regional primary 
and comprehensive stroke centers. Patients who were suspected of stroke by the EMS or had hospital-diagnosed 
stroke were included in our cohort. Text within EMS reports were converted to unigram features, which were given 
as input to a support-vector machine classifier that was trained on 70% of the cohort and tested on the remaining 
30%. Outcomes included final diagnosis of stroke versus nonstroke, large vessel occlusion, severe stroke (National 
Institutes of Health Stroke Scale score >5), and comprehensive stroke center-eligible stroke (large vessel occlusion 
or hemorrhagic stroke).

RESULTS: Of 965 patients, 580 (60%) had confirmed acute stroke. In a test set of 289 patients, the text-based model 
predicted stroke nominally better than models based on the Cincinnati Prehospital Stroke Scale (c-statistic: 0.73 versus 
0.67, P=0.165) and was superior to the 3-Item Stroke Scale (c-statistic: 0.73 versus 0.53, P<0.001) scores. Improvements 
in discrimination were also observed for the other outcomes.

CONCLUSIONS: We derived a model that utilizes clinical text from paramedic reports to identify stroke. Our results require 
validation but have the potential of improving prehospital routing protocols.

GRAPHIC ABSTRACT: An online graphic abstract is available for this article.
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S troke is a leading cause of disability and mortal-
ity, as well as a significant financial burden to the 
US health care system.1 Early treatment is asso-

ciated with better outcomes in patients with stroke; 
therefore, timely recognition by emergency medical 
system (EMS) personnel can better prepare hospitals 
for an incoming patient with stroke.2,3 While screening 
tools, such as the Cincinnati Prehospital Stroke Scale 

(CPSS) and the 3-Item Stroke Scale (3I-SS), which are 
used in Chicago, IL, have been developed to identify 
stroke in the prehospital setting,4,5 they have varying 
levels of accuracy and completeness in documenta-
tion.6–9 We aimed to investigate whether information 
extracted from EMS notes can predict diagnosis of 
stroke, severe stroke, large vessel occlusion (LVO), 
and hemorrhagic stroke.

D
ow

nloaded from
 http://ahajournals.org by on June 24, 2021

mailto:shyam1@neurology.bsd.uchicago.edu


Brief


 
Report




Mayampurath et al Predicting Stroke Using Paramedic Reports

2    August 2021� Stroke. 2021;52:00–00. DOI: 10.1161/STROKEAHA.120.033580

METHODS
Study Population
The data that support the findings of this study are available 
from the corresponding author upon reasonable request from 
qualified researchers trained in human subject confidentiality 
protocols. We accessed prehospital care reports for patients 
transported via EMS after a 9-1-1 call to one of 17 primary 
or comprehensive stroke centers (CSCs) in Chicago between 
November 28, 2018 and May 31, 2019. We also accessed 
the Get With The Guidelines-Stroke (IQVIA, Parsippany, NJ) 
registry at the 17 stroke centers. We considered an EMS-
suspected stroke if “suspected stroke”, transport decision to a 
stroke center, or abnormal prehospital stroke screening were 
documented in the prehospital record. Patients with hospital-
confirmed stroke who arrived by Chicago EMS were included 
for analysis, even if paramedics did not initially suspect stroke. 
We excluded patients who were diagnosed with transient 
ischemic attack. Further details on cohort derivation are pro-
vided in the Data Supplement. The study was approved by 
University of Chicago Internal Review Board through waiver 
of consent (IRB19-0539).

Outcome and Variables
The primary outcome was acute stroke diagnosis. Secondary 
outcomes considered were severe stroke, defined as having 
stroke with a National Institutes of Health Stroke Scale score 
>5, acute ischemic stroke with large vessel occlusion (acute 
ischemic stroke [AIS]-LVO), and CSC-eligible stroke, defined 
as having either AIS-LVO or an intracerebral/subarachnoid 
hemorrhage. All measures about the primary and secondary 
outcomes were obtained from the Get With The Guidelines-
Stroke-Stroke registry. Our primary features of interest were 
representations of single word (ie, unigram) occurrences 
within EMS paramedic reports. Unigrams are initially rep-
resented as counts of their presence in a particular patient 
paramedic report, following which count normalization is per-
formed through term-frequency-inverse document frequency 
transformation (see Data Supplement).

Analysis Plan
We derived a support-vector-machine classifier with a linear 
kernel that utilized the text-based features from the paramedic 
notes to predict stroke diagnosis in patients. We split the cohort 
randomly into 70% and 30% for model development and test, 

respectively. Five-fold cross validation was used to determine 
the best cost hyper-parameter for the support-vector-machine 
within the development cohort. Baseline models were derived 
using logistic regression for both the CPSS and 3I-SS categor-
ical scores (see Data Supplement). Model discrimination was 
assessed using area under the receiver operating characteris-
tic curve (AUROC) and corresponding 95% CIs. Models were 
derived for other stroke outcomes using a similar strategy.

To examine which clinical terms were important for pre-
dicting stroke, we utilized the top 20 unigrams, based on 
support-vector-machine-weight, to derive following stroke-
related phenotypes: “unilaterality”, “weakness”, “slurred speech”, 
“facial droop”, and “minutes ago”. We assessed the association 
between outcomes and one or more of the above phenotypes 
depending on presence or absence of phenotype related 
search terms (see Data Supplement and Table I in the Data 
Supplement). We then compared the distribution of stroke and 
nonstroke patients across these phenotypes. All analyses were 
conducted using R version 3.6.2 and Python version 3.7.6, with 
P<0.05 indicating statistical significance.

RESULTS
Patient Characteristics
Our final cohort consisted of 965 patients, among whom 
580 (60%) had confirmed stroke diagnosis. There were 
no observable differences in age, sex, race, initial heart 
rate, systolic blood pressure, and oxygen saturation, 
and in-hospital mortality between stroke and nonstroke 
patients (see Table 1).

Model Performance
Table 2 compares the predictive performance of the text-
based models trained on EMS reports to models trained 
using the CPSS and the 3I-SS scores. On a test dataset 
of 289 patients, the text-based model performed nomi-
nally but not statistically better than the CPSS model 
(AUROC, 0.73 [95% CI, 0.67–0.79] versus 0.67 [95% 
CI, 0.61–0.73], P=0.165). However, the text-based 
model was superior to the 3I-SS model (AUROC, 0.73 
[95% CI, 0.67–0.79] versus 0.53 [95% CI, 0.51–0.56], 
P<0.001) for stroke prediction. In a test cohort of 267 
patients with and without severe stroke (National Insti-
tutes of Health Stroke Scale score >5), the text-based 
model predicted severe stroke more accurately than the 
CPSS (AUROC, 0.82 versus 0.70, P=0.006) and 3I-SS 
(AUROC, 0.82 versus 0.57, P<0.001) models. Slight 
improvements in identifying patients with AIS-LVO was 
observed for the text-based model in comparison to the 
other models but was not statistically significant (text-
based model AUROC 0.76 versus CPSS AUROC 0.65, 
P=0.133; text-based model AUROC 0.76 versus 3I-SS 
AUROC 0.64, P=0.074) in a test set of 232 patients with 
and without AIS-LVO. The text-based model for predict-
ing CSC-eligible stroke performed better in discriminat-
ing CSC-eligible patients compared with both the CPSS 

Nonstandard Abbreviations and Acronyms

3I-SS	 3-Item Stroke Scale
AIS	 acute ischemic stroke
AUROC	� area under the receiver operating char-

acteristic curve
CPSS	 Cincinnati Prehospital Stroke Scale
CSC	 comprehensive stroke center
EMS	 emergency medical system
LVO	 large vessel occlusion
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(AUROC, 0.88 versus 0.66, P<0.001) and the 3I-SS 
models (AUROC, 0.88 versus 0.54, P<0.001) in a test 
set of 270 patients. The model also demonstrated better 
sensitivity and specificity when compared with the other 
models (see Table II in the Data Supplement).

The Figure illustrates the distribution of stroke and 
nonstroke patients for “unilaterality”, “weakness”, “slurred 
speech”, “facial droop”, and “minutes ago” stroke-related 
phenotypes. Patients with stroke had an increased 
proportion of patients with mentions of stroke-related 

phenotypes within text as compared with nonstroke 
patients, thereby demonstrating that the model has good 
face validity.

DISCUSSION
In this study, we demonstrate that natural language pro-
cessing with machine learning can extract information 
from EMS reports to accurately identify stroke and stroke 
subtypes in the prehospital setting. The text-based mod-
els nominally outperformed (but without statistical signif-
icance) the CPSS score-based model but outperformed 
the 3I-SS score-based models in identifying stroke and 
other stroke outcomes in a diverse, urban population. If 
validated in future studies in larger populations, our find-
ings have implications for prehospital stroke care and 
could allow timely diagnosis of stroke facilitating appro-
priate triage to stroke centers.

Previous studies have developed and validated pre-
hospital stroke scales such as the CPSS and the 3I-SS.4,5 
However, studies evaluating the real-world implementa-
tion of prehospital stroke screening have reported limita-
tions in the accuracy, documentation, and reproducibility 
of prehospital these screens.6–9 Recently, Uchida et al10 
developed models to predict different types of stroke (any 
stroke, LVO, intracerebral hemorrhage, and subarachnoid 
hemorrhage) using a list of 21 variables. However, these 
models depend on accurate assessment and discrete 
documentation of these variables, some of which such 
as medical history may be hard to reliably acquire in a 
prehospital setting.

To our knowledge, this is the first study to analyze 
clinical text within paramedic reports using natural lan-
guage processing to identify stroke and stroke subtypes 
in a cohort of patients with suspected stroke. The score 
estimated by our model can be used as an indicator of 
the likelihood of a confirmed stroke diagnosis enabling 
informed decision-making about timely hospital triage 
and prenotification. Study limitations include the retro-
spective study design and a limited sample size from 
a single geographic region. Prospective validation and 
investigations into whether this approach can be gener-
alizable to larger areas or other outcomes of stroke are 
needed. In addition, our model is dependent on accurate 

Table 1.  Comparison of Clinical Characteristics Between 
Patients With Final Diagnosis of Stroke and Patients With 
Other Final Diagnosis

 

Patients 
with stroke 
(n=580)

Patients  
without stroke 
(n=385) P value

Age, y; mean (SD) 68 (15) 66 (18) 0.241

Sex, n (%)

  Female 270 (46.6) 173 (44.9) 0.885

  Male 253 (43.6) 173 (44.9)

  Unknown 57 (9.8) 39 (10.1)

Race, n (%)

  Black 226 (39.0) 158 (41.0) 0.528

  White 190 (32.8) 106 (27.5)

  Hispanic/Latino 79 (13.6) 57 (14.8)

  Other 25 (4.3) 20 (5.2)

  Unknown 60 (10.3) 44 (11.4)

Initial vital signs

  Heart rate, mean (SD) 87 (18) 86 (18) 0.241

 � Systolic blood pressure, 
mean (SD)

159 (34) 161 (34) 0.345

 � Oxygen saturation, mean 
(SD)

96 (6) 97 (5) 0.626

Died in-hospital, n (%) 22 (3.8) 12 (3.1) 0.853

Severe stroke, n (%) 264 (45.5) …  

AIS-LVO, n (%) 84 (14.5) …  

CSC-eligible stroke, n (%) 213 (36.7) …  

Severe stroke is defined as having stroke with an NIHSS score >5. Large ves-
sel occlusion was identified from computerized tomography angiography images 
(see Data Supplement). CSC-eligible stroke is defined as having either AIS-LVO 
or an intracerebral/subarachnoid hemorrhage. AIS-LVO indicates acute ischemic 
stroke with large vessel occlusion; CSC, Comprehensive Stroke Center; and 
NIHSS, National Institutes of Health Stroke Scale.

Table 2.  Comparison of Model Performances for Various Outcomes

Model trained to predict outcome
AUROC (95% CI) for 
stroke (n=289)

AUROC (95% CI) for AIS-
LVO (n=232)

AUROC (95% CI) for 
severe stroke (n=267)

AUROC (95% CI) for CSC 
eligible patients (n=270)

Text-based model (unigrams) 0.73 (0.67–0.79) 0.77 (0.66–0.87) 0.82 (0.77–0.87) 0.88 (0.82–0.94)

Text-based model (unigrams+bigrams) 0.72 (0.66–0.78) 0.75 (0.65–0.85) 0.81 (0.76–0.87) 0.86 (0.80–0.93)

CPSS 0.67 (0.61–0.73) 0.65 (0.53–0.77) 0.70 (0.63–0.76)* 0.65 (0.58–0.72)*

3I-SS 0.53 (0.51–0.56)* 0.64 (0.55–0.74) 0.57 (0.53–0.61)* 0.66 (0.59–0.73)*

Unigrams are single words (n-grams where n=1), while bigrams are a sequence of 2 consecutive words (n-grams where n=2). 3I-SS indicates 3-Item Stroke Scale;  
AIS-LVO, acute ischemic stroke with large vessel occlusion; AUROC, area under the receiver operating characteristic curve; CPSS, Cincinnati Prehospital Stroke Scale; 
and CSC, Comprehensive Stroke Center.

*P<0.001, when compared with the unigram text-based model.
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documentation by the EMS providers including assess-
ment of onset of stroke-like symptoms. However, our 
approach revealed novel phenotypes such as “minutes 
ago” that would not have been possible using stroke 
scales. Finally, there may be overlap between patients 
with CSC-eligible stroke and EMS-transport decisions. 
However, our outcome of CSC-eligible stroke is based 
on having either AIS-LVO or an intracerebral/subarach-
noid hemorrhage and could not be influenced by para-
medic behavior.
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Figure. Distribution of stroke and 
nonstroke patients across stroke-
related phenotypes.
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