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Abstract

Purpose: Population level tracking of post-stroke functional outcomes is critical to guide interventions that reduce the
burden of stroke-related disability. However, functional outcomes are often missing or documented in unstructured
notes. We developed a natural language processing (NLP) model that reads electronic health records (EHR) notes to
automatically determine the modified Rankin Scale (mRS).

Method: We included consecutive patients (= |8years) with acute stroke admitted to our center (2015-2024). mRS
scores were obtained from the Get With the Guidelines registry and clinical notes (if documented), and used as the
gold standard to compare against NLP-generated scores. We used text-based features from notes, along with age, sex,
discharge status, and outpatient follow-up to train a logistic regression for prediction of good (0-2) versus poor (3-6)
mRS, and a linear regression for the full range of mRS scores. The models were trained for prediction of mRS at hospital
discharge and post-discharge. The models were externally validated in a dataset of patients with brain injuries from a
different healthcare center.

Findings: We included 5307 patients, 5006 in train and test and 301 in validation; average age was 69 (SD 15) and 65
(SD 17)years, respectively; 47% female. The logistic regression achieved an area under the receiver operating curve
(AUROC) of 0.94 [Cl 0.93—0.95] (test) and 0.94 [0.91-0.96] (validation), and the linear model a root mean squared error
(RMSE) of 0.91 [0.87-0.94] (test) and 1.17 [1.06—1.28] (validation).

Discussion and Conclusion: The NLP-based model is suitable for use in large-scale phenotyping of stroke functional
outcomes and population health research.
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Introduction Commission recommends documentation of the modified
Rankin Scale (mRS), a functional disability score, in patients
Stroke is a leading cause of disability worldwide.' Stroke  with stroke as a national quality measure.’ Unfortunately the

related disability poses a significant burden on stroke survi-  mRS score is rarely documented in the EHR,® although
vors, their families and caregivers, with associated eco-

nomic costs.>* Disparities in access to acute and post-acute
care across age groups and geographic locations augment
the impact of stroke related disability, making it a public oSt MA USA
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neurological deficits and functional status are commonly
reported in non-structured clinical notes.” Manual abstrac-
tion of mRS from unstructured electronic records for popu-
lation level studies is infeasible, labor intensive and
time-consuming.” To address this challenge, we aimed to
develop natural language processing (NLP) models to phe-
notype stroke outcomes in the real-world setting from exist-
ing clinical data in EHR. The NLP models we developed
automatically read clinical notes combined with demo-
graphics, discharge status (deceased vs alive) and status of
post-discharge follow-up visits, to predict the mRS score of
patients with acute stroke at hospital discharge and
post-discharge.

Patients and methods

Study population

We included consecutive patients (=18years old) with
acute ischemic or hemorrhagic stroke, admitted to our
center between January 2015 and January 2024. Patients
were identified using the American Heart Association’s
(AHA) Get With The Guidelines (GWTG)—Stroke
Registry.® The external validation cohort included consecu-
tive patients with brain injuries (ischemic and hemorrhagic
stroke, traumatic brain injury, anoxic brain injury, neuroin-
fectious diseases, seizures, and toxic metabolic encepha-
lopathy) admitted to a different healthcare system between
June 2023 and November 2024.

This study consists of retrospective data analysis and is
reported in accordance with the Artificial Intelligence
Transparent Reporting of a multivariable model for
Individual Prognosis Or Diagnosis TRIPOD statement.’

Clinical data

The AHA-GWTG-Stroke registry and validation cohort
had prospectively collected data on patient demographics,
stroke type, discharge status (alive vs deceased), and dispo-
sition (home self-care, home-health services, acute care
facility—skilled nursing, rehab and hospice medical facili-
ties, death and others). For training and external validation
cohorts, we extracted EHR free text notes from the inpa-
tient hospitalization and post-discharge outpatient visits.
We included physical therapy (PT) and occupational ther-
apy (OT) notes, discharge summaries (DS), and any other
note types. Other note types included progress notes, hospi-
tal courses, history and physicals, nursing notes, proce-
dures, operative notes, consults, emergency department
documentation, discharge instructions, outpatient clinic
notes, and telephone encounters. We excluded visits with
less than 300 words, as these were frequently administra-
tive notes with minimal medical information.

Notes from each patient were preprocessed (see Table
S1) and converted into a structured format consisting of

binary variables. Each variable indicated the presence or
absence of an n-gram (single word (unigram), or sequence
of 2 (bigrams) or 3 (trigrams) words) in the notes (see
Supplemental File).

Clinical outcomes

Our outcome was discharge and post-discharge modified
Rankin Scale. The gold standard scores were obtained from
the local EHR-linked AHA GWTG Registry® and from
clinic notes (if documented) using regexes (see
Supplemental File). The mRS scores for the external vali-
dation cohort were obtained from a prospectively main-
tained RedCap registry. Notes were manually reviewed for
expert validity by a neurologist/neurointensivist. In any
case of discrepancy between the gold standard and clinical
documentation, the notes were removed.

Modeling design

We selected each note type (PT/OT, DS, and other) from
the calendar date closest to the time of gold standard mRS
measurement. Models predicting discharge mRS used
notes closest to the day of discharge, and models predict-
ing post discharge mRS used notes documented closest to
the day of post-discharge gold standard measurement. The
data from our center was split into train (70%) and test
(30%) sets, with unique patients in each set. With the train
set we developed a logistic regression model for prediction
of good (mRS 0-2) versus poor (mRS 3—6) mRS and a
linear regression model for prediction of the full range of
mRS 0-6.

Both models used the least absolute shrinkage and selec-
tion operator (LASSO) to select informative text-based fea-
tures, age, sex, patient discharge status, and outpatient
follow-up flag (yes/no) to predict the mRS scores. Age val-
ues were normalized using min—max normalization. For
each model, we performed 100 iterations of fivefold cross
validation in the training data to determine the best regu-
larization parameter (see Supplemental Methods). The rela-
tive importance of the variables was assessed via their
regression coefficients.

Our final model had three-stages: (stage 1) for patients
with a discharge status of deceased we automatically
assigned mRS 6 as the predicted score; (stage 2) for any
encounter where mRS was documented by clinicians, regu-
lar expressions (see Supplemental Methods) were used to
extract the score; (stage 3) for all other encounters (patients
alive at discharge and those without mRS documentation)
LASSO models were used for prediction.

We present performance of the three-stage model on the
held-out test set from our center and on the external valida-
tion set. We also present results of the model without a
staged approach that is, the LASSO model applied directly
for prediction of mRS.
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Eligible cohort: adults (218 years)
admitted with acute stroke

Exclusion criteria:

\ Hospital admissions
(N = 6,042, n = 5,456)

July 2014 - January 2024

Discharge: N = 5,576, n = 5378
Follow-up: N = 466, n = 462
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Follow-up: N = 462, n = 458
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Study cohort: for modeling design
and evaluation

S

|

Validation set
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Figure I. CONSORT (Consolidated Standards of Reporting Trials) chart.
GWTG: Get With The Guidelines Stroke registry; mRS: modified Rankin Scale.
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The number of patients is represented by “n

Model performance metrics

The logistic regression model was evaluated using area
under the receiver operating characteristic curve (AUROC),
area under the precision-recall curve (AUPRC), accuracy,
sensitivity (or recall), and specificity. For classification
(good vs poor mRS), we selected a threshold that converted
the model probabilities into binary decisions, based on the
training data, by maximization of the F1 score (harmonic
mean of precision and recall; F1=[precision X recall]/[pre-
cision + recall]), which is suited for imbalanced data.'® We
present the macro average performance for both poor and
good functional outcomes. That is, we calculate each metric
with good outcome as the target class, and with poor out-
come as the target class, and compute the average. The lin-
ear regression model was evaluated using the root mean
squared error (RMSE) and Spearman correlation.

We computed 95% confidence intervals using 1000 iter-
ations of bootstrap random sampling with replacement. We
also examined how model performance changed as time
from calendar date of gold standard measurement and cal-
endar date of availability of notes increased.

Results

Patients characteristics

Our study cohort (train and test) included 5006 patients
with 5550 visits at our center (Figure 1). Most patients

and the number of visits by “N.”

were White (74%), older adults with average age 69 years
(Table 1). The majority had ischemic stroke or transient
ischemic attack (98%). The most common discharge
dispositions were acute care facility (46%) or home
(44%). The validation cohort had similar demographic
and disposition characteristics. The most common diag-
nosis in the validation cohort were brain injuries and
seizures.

We present the distribution of availability of gold-stand-
ard mRS measurements at discharge and post-discharge for
both cohorts (Figures S1 and S2). The most frequent dis-
charge mRS was 4 (32%), whereas the post-discharge mRS
scores were more evenly distributed, with mRS 0 (26%)
being the most frequent.

Model performance

The logistic regression model performance is shown in
Table 2. Results for the three-stage model are similar to
those of the LASSO model applied to all visits. For the
remaining analyses we present results of the three-stage
model. The AUROC and AUPRC curves are presented in
Figure S3 and the confusion matrices in Figure 2. Results
for the linear model are also presented in Figure 2 (with
additional details in Table S2 and Figure S4). The three-
stage linear model achieved RMSE (95% CI) 0f 0.91 [0.87,
0.94] and 1.17 [1.06, 1.28] and Spearman correlation
between predicted and gold standard mRS scores of 0.85
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Table I. Characteristics of the study population.

Characteristic

Train/Test dataset (n=5006)

Validation dataset (n=301)

Age (years), mean (SD)
Male, n (%)
Race, n (%)
White
Black or African American
Asian
Other?
Hispanic or Latino, n (%)
Hospital admissions, N
Discharge disposition, N (%)
Acute care facility®
Home¢
Expired
Other
Admission diagnosis, N (%)
Ischemic
ICH
SAH
Unspecified stroke
Traumatic brain injury
Seizures and status epilepticus
Other?
Follow-up visits, N
Follow-up (days), median [IQR]

68.5 (15.0)
2678 (53.5)

3707 (74.0)
381 (7.6)
238 (4.8)
680 (13.6)
352 (7.0)
5088

2335 (45.9)
2238 (44.0)
475 (9.3)
40 (0.8)

4713 (92.6)
276 (5.4)
48 (0.9)

51 (1.1)

462
94 [83, 100]

64.8 (16.8)
159 (52.8)

141 (46.8)
53 (17.6)
1 (3.7)
96 (31.9)
6 (2.0)
298

116 (38.9)
100 (33.6)
73 (24.5)
9 (3.0)

44 (14.8)
24 (8.0)

19 (6.4)

33 (11.1)

54 (18.1)

124 (41.6)

59

154 [96.5, 183.5]

ICH: intracerebral hemorrhage; IQR: interquartile range [25th, 75th] percentiles; SAH: subarachnoid hemorrhage.
The number of patients is represented by n and the number of visits is represented by N.
?Includes American Indian or Alaska Native and unknown race.

®Includes skilled nursing facility, rehabilitation facility, hospice medical facility.

¢Includes home self-care and home-health services.

dIncludes anoxic brain injury, brain tumors, neuroinfectious diseases, toxic metabolic encephalopathy, and non-specified altered mental status.

Table 2. Macro average performance for prediction of binary modified Rankin Scale, in 95% confidence intervals.

Model type AUROC [95% CI] Accuracy [95% Cl] Recall, Specificity [95% Cl] AUPRC [95% CI]
Test
Three-stage 0.94 [0.93, 0.95] 0.88 [0.86, 0.89] 0.87 [0.86, 0.89] 0.94 [0.93, 0.95]
LASSO? 0.94 [0.93, 0.95] 0.87 [0.86, 0.89] 0.87 [0.85, 0.89] 0.94 [0.93, 0.95]
Validation
Three-stage 0.94 [0.91, 0.96] 0.89 [0.86, 0.92] 0.86 [0.82, 0.90] 0.96 [0.94, 0.97]
LASSO? 0.94 [0.90, 0.96] 0.89 [0.86, 0.92] 0.86 [0.82, 0.90] 0.95 [0.93, 0.97]

AUPRC: area under the precision-recall curve; AUROC: area under the receiver operating characteristic curve; Cl: confidence intervals; mRS:
modified Rankin Scale.

2LASSO applied directly for prediction in all visits without performing stage | and stage 2, that is, without utilization of discharge status or extrac-
tion of mRS from notes using regexes.

[0.84, 0.87] and 0.85 [0.80, 0.89] in test and validation, S3 and Figure S4). The majority of patients had notes avail-
respectively. able on the same day as the mRS was measured.

When notes were available on the same day as the gold We also assessed the availability of each note type (Table
standard mRS measurement, the performance of both logis-  S4). For discharge visits notes were available on the day of
tic regression and linear models was higher (Figure 3; Table  discharge, and in the case of PT/OT notes, up to 2 days prior
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Figure 2. Three-stage logistic regression confusion matrix normalized by recall in (a) test and (b) validation and linear model
modified Rankin Scale predicted scores versus target scores in (c) test and (d) validation.
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to perform all activities or may have a slight disability, and
is unable to carry out all previous activities, but able to look
after own affairs without assistance—mRS in the range
0-2) and independent ambulation (“ambul independ”).
The importance estimates of the linear model features
were in line with those found for the binary model (Figure
S5). For prediction of the full range of mRS scores,
deceased status at discharge was selected as the most
important feature. Discharge to rehabilitation, requiring

(weeks)
(b)

Figure 3. Three-stage model macro performance based on
time interval between available note and gold standard mRS
measurement in (a) test and (b) validation.

AUPRC: area under the precision-recall curve; AUROC: area under the
receiver operating curve.

X-axis legend: 0: Notes available same day as the gold standard mRS
measurement (reference); [—|, O[—notes available |1-7 days from the ref-
erence; [-22, — | [—notes available 1-22 weeks from the reference; [-26,
O[—notes available in the first week to 22 weeks from the reference.
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Figure 4. Top 20 features with highest relative importance estimates for the logistic regression model. Positive coefficient favors

mRS 3-6.

Apart from “Expired,” “Age” and “follow_up,” the remaining text-based features are a result of stemming.'' Expired: deceased at discharge; Age: age
at admission; “walk without”: (un)able to walk without (assistance); “discharg rehab”: discharge to rehabilitation; “rehab facil”: rehabilitation facility;
“goal care”: goals of care; “no movement”: no movement/no response to stimulus; “discharg recommend rehab”: recommendation of discharge

to rehabilitation; “gaze”: gaze (e.g., normal, right/left gaze preference); “nurs”: nurse or nursing (e.g., skilled nursing facility, home nursing, nursing
services/evaluation/notes); “ambul prescript requir’”: combination of “ambulance” and “prescriptions required” (e.g., patients traveling via ambu-
lance with narcotic prescriptions - required on all patients being transferred to a skilled nursing facility); “liquid”: liquid diet (e.g., associated with
dysphasia); “void”: related with urine output or renal function (patient voids (without difficulty) or renal function: voids); “medic enter”: medications
entered (e.g., home medications to lower risk of another stroke); “numb”: numb(ness) (e.g., right hand numbness); “ambul independ””: ambulates
independently; “all activ’: all activities (e.g., (un)able to use involved upper extremities for all activities, (un)able to carry out all activities); “appropri
age”: appropriate for age (e.g., speech is clear, appropriate for age); “recommend home no”: recommendation to discharge home, no occupational
therapy or home-health services needed; “follow_up”: follow-up patient visit.

follow-up services and “no movement” were also associ-
ated with higher mRS scores. Having a post-discharge fol-
low-up was the most important feature related to lower
mRS scores, as well as independent ambulation and dis-
charge to home.

Discussion

In this study, we developed a highly accurate NLP model
that automates the extraction of mRS scores from unstruc-
tured electronic health records. This model represents an
advance in stroke outcomes research with its ability to pre-
dict mRS scores across various post-stroke time points. By
leveraging a diverse range of clinical notes, including phys-
ical and occupational therapy notes, discharge summaries,
and other clinical documentation, our approach provides a
more comprehensive and nuanced assessment of functional
outcomes than previous methods. The high performance of
our model, with an AUROC of 0.94 for binary classifica-
tion and an RMSE of 0.91 for full range mRS prediction,
surpasses existing tools. Our models enable automated,

accurate, and scalable tracking of post-stroke functional
outcomes, which is crucial for guiding interventions,
informing health policies, and ultimately reducing the bur-
den of stroke-related disability. We demonstrate the gener-
alizability of our model in an external validation set from a
different healthcare institution with a more heterogenous
population.

Manual chart review for extraction of stroke outcomes is
time consuming and resource intensive as it requires per-
sonnel for review and abstraction. With resource and per-
sonnel constraints, manual chart review is typically limited
to small cohorts. The methods developed here have the
potential to save time and resources. Our code for notes
pre-processing and algorithm for extraction of mRS can
directly be applied to new datasets that have a discharge
summary, PT/OT assessments, or other documentation cap-
turing discharge details and nursing assessments, as evi-
denced by our validation cohort.

Several prior studies have applied machine learning
models for prediction of mRS scores. A few studies'? !
used NLP for text representation, others used structured
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data such as patient demographics, medical history, medi-
cations, laboratory findings, clinical scores, and other
stroke-related information, including imaging features.'®2
Some focused on predicting the full range of mRS scores
0-6 either using ordinal models, linear models or multiclas-
sification, others focused on predicting poor functional out-
come (mRS 3-6). However, prior work was either limited
to prediction of mRS at a specific time point only or within
specific disease subgroups, and had lower performance.

In one prior study,'> NLP was applied to notes, however
the distribution of scores was limited, and the model was
only developed for prediction of mRS scores at discharge.
In another study the authors developed NLP models using
unstructured data from the history of presenting illness and
computed tomography notes to predict 90-day mRS 3-6.13
The authors found the NLP models performed well, how-
ever their performance metrics in both the internal and
external validation data set were lower than ours (AUROC
0.82 and 0.79, respectively). This may be due to limitation
of models to history and physical and radiology notes which
have less information on post-stroke outcomes.'?

Prior binary prediction models using NLP'*!5 had lower
performance compared to our models (AUROCs ranging
from 0.86 to 0.91'* and from 0.78 to 0.80'"%). Performance
of these models may be lower due to restriction to a smaller
cohort of ICH patients,'* and restriction to analysis of radi-
ology reports."> Our study overcomes several limitations of
prior work by including a larger cohort, both ischemic and
hemorrhagic stroke, mRS at multiple time points, and a
variety of unstructured note types.

Studies using structured data'®2 to predict binary mRS
(mRS >2'022 and mRS =52%) had AUROCS ranging from
0.64 to 0.91, with majority of studies having lower perfor-
mance than our study and other works using NLP. Reasons
for the variable and lower performance include selection of
variables only available at admission,'® limitation to spe-
cific cohorts of patients such as those with stroke due to
large vessel occlusion only'® and smaller sample sizes.'*?°
Prior models using structured data to predict the full range
of mRS scores?*? also had lower performance than our
work, demonstrating the additional value of NLP and use of
unstructured data.

One limitation of our study is that availability of notes
close to the time of gold standard assessment impacts per-
formance, and a small proportion of our patients had follow
up visits limiting the notes available for model develop-
ment. Despite this limitation, even for encounters with a
larger delta between note availability and gold standard
measurement, the model performed better than some prior
NLP and structured data-based models. Our external vali-
dation dataset was small. However, the validation cohort
included multiple diagnostic etiologies, in addition to
stroke, demonstrating the generalizability of our model
across healthcare systems and across disease diagnostic

categories. With regards to note types, our model relies on
discharge summaries and PT/OT assessments, or notes that
have details on the discharge exam and patients’ ability to
perform activities of daily living independently versus with
supervision. Therefore, these note types, or notes with
appropriate clinical detail need to be available for applica-
tion of the algorithm in other datasets. Finally, while mRS
0-1 is considered excellent outcome, due to the smaller
proportion of mRS 01 at discharge, our binary model was
designed to distinguish mRS 0-2 versus 3—6. However, to
this goal, we have developed the linear model for predict-
ing each level of mRS, which also had high performance. In
our validation cohort we found that the linear performance
for mRS 0-1 was lower (i.e., our model predicted higher
mRS scores for these patients). On detailed evaluation of
these errors, we found that majority of these patients were
those admitted for seizures, and while they were independ-
ent and discharged home, the nursing documentation on the
day of discharge included phrases such as “assistance from
bed to chair”, “supervision” due to the implementation of
seizure safety precautions.

Conclusion

The models developed in this work automatically extract
the mRS scores from electronic health records even if the
scores are not documented. The models can enable real-
world EHR stroke outcome phenotyping, and thereby may
enable population research and quality improvement initia-
tives for stroke outcomes and disparities in stroke care.
Future directions include applying and finetuning these
models in additional EHRs, and using the outputs in com-
parative effectiveness research.
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