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Machine learning to predict penumbra
core mismatch in acute ischemic stroke
using clinical note data
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In acute ischemic stroke due to large-vessel occlusion (AIS-LVO), late-window endovascular
thrombectomy (EVT) decisions depend on penumbra-to-core (P:C) mismatch from computed
tomographic perfusion (CTP). We developed multiple machine learning (ML) models to predict P:C
ratios from a retrospectively-identified cohort of AIS-LVO patients who underwent CTP within 30min
of initial neuroimaging, using non-imaging electronic health record (EHR) data available prior to CTP
evaluation. We extracted structured data and free-text clinical notes from the EHR, generating
document embeddings as sums of BioWordVec vectors weighted by term-frequency-inverse-
document-frequency scores. We identified 120 patients; an extreme-gradient-boosting model
classified P:C ratios as ≥ or <1.8, achieving an AUROC of 0.80 (95% CI 0.57–0.92) with optimal
performance using text limited to 500 characters. Sensitivity was 0.80, specificity 0.66, and F1 score
0.86. Our findings suggest that MLmodels leveraging real-world non-imaging data can potentially aid
LVO-AIS triage, though further validation is needed.

Endovascular thrombectomy (EVT) is the standardof care for treating acute
ischemic stroke (AIS) from proximal large-vessel occlusion (LVO) in the
anterior circulation and is rapidly becoming standard treatment for LVO in
the posterior circulation1. In this context, current guidelines recommend the
use of CT perfusion (CTP) imaging, which can estimate and distinguish
volumes of salvageable penumbra from ischemic core, to aid in selecting
patients for EVT in the 6–24 h window. More specifically, multiple ran-
domized controlled trials (RCTs) have previously used a penumbra-to-core
(P:C) volume ratio greater than or equal to 1.8 to select patients for EVT in
both early and late treatment windows2,3.

Recent evidence suggests that CTP has utility in selecting patients for
EVT in the setting of AIS due to LVO. In two recent RCTs, specific core
volume thresholds were associated with attenuation of EVT’s beneficial
effects on functional outcomes in patients with AIS due to LVO, and the
presence of clinical-core mismatch as measured by perfusion imaging was
associated with functional outcome following EVT4,5. Additionally, a recent
retrospective single-center study suggests that patient selection based on a
P:C ratio below 1.8 in the early treatment window was independently
associated with poor functional outcome at 90 days6. Finally, a recent

worldwide survey of stroke providers suggests that most use advanced
imaging such as CTP to select patients with LVO-AIS for EVT in the late
treatment window7.

While CTP may remain useful for patient selection, this imaging
modality presents numerous disadvantages. CTP postprocessing,
which generates human-interpretable volume maps for clinical deci-
sion-making, inherently requires additional time beyond initial stroke
imaging tests such as non-contrast CT head (CTH) and CT angio-
graphy (CTA) imaging8. CTP has been shown to add a mean of
approximately 20 min to AIS care workflows9. CTP also demonstrates
suboptimal contrast-to-noise ratio and susceptibility to motion and
contrast-related artifacts, especially in patients with congestive heart
failure or carotid occlusion10. Moreover, accessibility to CTP is limited,
particularly in low to middle income countries and certain regions of
the United States11,12. Debates also exist regarding the consistency of
perfusion maps generated by different software platforms and the
reliability of CTP in accurately predicting tissue status and clinical
outcomes13,14. Due to the time sensitivity of AIS, these factors all con-
tribute to treatment delays that can lead to patient harm.
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There is growing interest in developing tools for identifyingpatients for
EVT that do not rely on CTP. Recent work supports the use of simple CTH
imaging as patient selection method in the late window, potentially
obviating the need forCTPaltogether15,16, whereas other groups have sought
to apply machine learning (ML) to identify core and penumbra volumes
from CTH17. However, these approaches remain reliant on neuroimaging,
underlining an emerging need to correctly quantify core and penumbra
volumes using only non-imaging data that are available well before neu-
roimaging is obtained. These data include text from clinical notes, socio-
demographic information, andmedical history stored as free text data in the
electronic health record (EHR). In this study, we sought to develop a ML
model based on natural language processing (NLP) techniques to predict
P:C ratio in patients presenting with AIS due to LVO.

Results
Study Cohort and Included Note Characteristics
Over the 25-month study period, we identified 688 patientswho underwent
a CTP within 30min of either CTA or CTH for evaluation of suspected
LVO-AIS, of whomwe excluded 568 (82.6%),most frequently due to lack of
interpretable diagnostic CTP images or apparent penumbra (N = 148), lack
of LVO on CTA (N = 141), and the presence of high-grade/critical stenoses
attributable to the presenting symptoms (N = 58). We excluded an addi-
tional 9 patients who met all other criteria, but lacked any notes written
within the time window of interest. The final cohort was comprised of 120
patients, of whom 52 (43.3%) were female, the median age was 70.4 (SD
13.7), 106 (88.3%) had a P:C ratio greater or equal to 1.8, and 109 (90.8%)
had anterior circulation occlusions. The median CTP penumbra and core
volumes were 91.5 cc (IQR: 40.8–164.5) and 7.4 cc (IQR: 0.0–30.3),
respectively. The median time between initial neuroimaging and CTP was
22.7min (IQR: 16.8–29.9), with CTP being obtained at a median of 13.7 h
(IQR: 8.9–23.2) after last known well (Table 1).

The median length of each patient’s notes was 3187.5 (IQR
357.0–18,929.7) characters in the overall corpus, and 283.0 (IQR:
144.7–1950.5) characters for notes written closest to the CTP scan. To
include both median values as well as provide an intermediate threshold
between both median values, we chose minimum character thresholds of
500, 1,000, and 5,000 characters. At the lowest minimum character
threshold (500), notes included in the model were written at a median of
29.8min (IQR 15.6–92.9) before CTP time. This time increased along with
the character threshold value (Table 2).

Optimal Model Performance and Classification Metrics
Our best performing full (i.e., combined structured and unstructured
text data) model used an extreme-gradient boosting (XGBoost)18

architecture and a note threshold of 500 characters, resulting in an
AUROC of 0.80 (95% CI 0.57–0.92) (Fig. 1a). This model also out-
performed the best-performing models (including XGBoost) with
minimum character thresholds of 1000 (all-text; AUROC 0.73, 95%
CI 0.49–0.91) (Fig. 1b), and 5000 (all-text; AUROC 0.62, 95% CI
0.38–0.83) respectively (Fig. 1c). Interestingly, the performance of the
text-only XGBoost model with a 500-character threshold was only
marginally lower than the full model’s (AUROC 0.79, 95% CI
0.57–0.91) (Fig. 1a). The performance of the structured-only
XGBoost model was inferior to chance (AUROC 0.41, 95% CI
0.14–0.70).

Average confusion matrices for each full model at the decision
threshold thatmaximizedYouden’s Index across all bootstraps are shown in
Fig. 2. Since classifier performance metrics depend on the chosen decision
threshold, we report performancemetrics for the best-performingmodel at
thresholds optimized for various sensitivity targets (Table 3). At a threshold
selected to balance sensitivity and specificity, the best-performing fullmodel
achieved sensitivity 0.80 (95% CI:0.50–0.94), specificity 0.66 (95%
CI:0.50–1.00), precision 0.95 (95% CI:0.91–1.00), and F1 score 0.86 (95%
CI:0.65–0.95) (Table 3).

Table 1 | Description of study population

Characteristic Total Cohort (N = 120)

Age, years, mean (SD) 70.4 (13.7)

Sex

Female 52 (43.3%)

Male 68 (56.7%)

Race

Asian 10 (8.3%)

Black or African American 35 (29.2%)

White 27 (22.5%)

Unknown/Not reported 48 (40.0%)

Elixhauser comorbidity indexa 0 [0–5]

Elixhauser comorbidities

AIDS/HIV 2 (2.5%)

Alcohol abuse 1 (1.3%)

Cardiac arrhythmia 12 (15.0%)

Congestive heart failure 12 (15.0%)

Chronic pulmonary disease 8 (10.0%)

Depression 3 (3.8%)

Drug abuse 1 (1.3%)

Fluid and electrolyte disorders 1 (1.3%)

Hypothyroidism 7 (8.8%)

Hypertension, uncomplicated 47 (58.8%)

Liver disease 2 (2.5%)

Metastatic cancer 1 (1.3%)

Obesity 2 (2.5%)

Other neurological disorders 4 (5.0%)

Pulmonary circulation disorders 1 (1.3%)

Psychoses 1 (1.3%)

Peripheral vascular disorders 2 (2.5%)

Renal failure 5 (6.3%)

Rheumatoid arthritis/collagen vascular disease 1 (1.3%)

Solid tumor without metastasis 7 (8.8%)

Valvular disease 3 (3.8%)

Occlusion location

Intracranial or extracranial internal carotid artery 18 (15.0%)

Anterior cerebral artery 3 (2.5%)

Middle cerebral artery 88 (73.3%)

Vertebral artery or top of basilar artery 2 (1.7%)

Posterior cerebral artery 9 (7.5%)

Initial NIH stroke scaleb 12 [6–20]

Time between CTP and last known well, hours 13.7 [8.9–23.2]

Timebetween initial neuroimaging andCTP,minutes 22.7 [16.8–29.9)]

Mechanical thrombectomy

Yes 75 (62.5%)

No 45 (37.5%)

Penumbra volume (Tmax > 6 s), cc 91.5 [40.8–164.5]

Core volume (CBF < 30%), cc 7.4 [0.0–30.3]

Penumbra-to-core ratio

P:C > = 1.8 106 (88.3%)

P:C < 1.8 14 (11.7%)

SD standard deviation, NIH National Institutes of Health, CTP computed tomographic perfusion of
brain,CTH computed tomographyof headwithout contrast,Tmax time tomaximal contrast density,
CBF cerebral blood flow, cc cubic centimeters.
Note: Categorical variables are reported as n (%); continuous variables are reported asmedian [IQR]
unless otherwise specified.
aElixhauser comorbidity index was collected for 80 (66.7%) patients.
b Initial NIH stroke scale which was collected for 113 (94.2%) patients.
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Impact of Note Author Type on Model Performance
This best performing model was built using text from 188 unique notes
which were written by 147 unique authors. The latest note included for
each sample in this model was authored at a median of 5.2 min prior to
(IQR: 23.1 min prior to, 5.6 min after) the earliest neuroimaging (either
CTA or CTH). Of the 188 notes included in this model, 104 (55.3%) were
written by registered nurses, 35 (18.6%) were written by Resident Physi-
cians, and 25 (13.3%) were written by Attending Physicians. 142 (75.5%)
of the notes were written by authors from the Emergency Medicine

service. A Kruskal-Wallis test indicated that there was no significant
differences in samples’ combined rank score based on the author types of
notes included in that sample (p = 0.20). We also used the combined
ranking to identify samples that were most often misclassified by the
model, and the 5 lowest scoring samples were analyzed manually. Upon
reviewing these poorly classified samples, we observed that there is often
dilution of the note content by irrelevant notes or extensive focus on
procedural or logistical details. Examples of note text for two of those
samples are included in Supplementary Figure 1.

Table 2 | Note characteristics according to patient level-corpus character thresholds

Character threshold Number of unique notes included Time delay between note and CTP scan time (minutes) Word count Character count

500 2 [1,2] 29.8 [15.6–92.9] 138 [67–481] 841 [488]

1000 2 [1–3] 31.3 [16.1–112.9] 212 [67–591] 1584 [173]

5000 3 [2–4] 42.4 [21.9–165.5] 464 [67–1098] 3187 [935]

Note: All figures are reported as median [IQR] and correspond to all patient notes that were added to patient-level corpora until minimum character threshold was reached.

Fig. 1 | Performance of XGBoost models in predicting penumbra-to-core ratio
>= 1.8 across different text-cutoff thresholds. Receiver-operating characteristic
(ROC) curves for models trained using structured features only (red), document
embeddings only (green), and both structured features and document embeddings

(blue). Panels (a), (b), and (c) correspond tomodels trained with text data generated
with cutoffs of 500, 1000, and 5000 characters, respectively. The dashed line
represents the performance of a random classifier (AUROC = 0.5).
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Discussion
In this retrospective study of patients presenting with AIS due to LVO, we
successfully developedapredictiveMLmodel basedonclinical note text and
structured data to classify a binary P:C ratio of 1.8, as measured by post-

processed CTP imaging. We used a novel computational approach to pre-
process clinical note text data, by first extracting meanings by way of a
validated biomedical word embedding library and then applying TF-IDF
weighting. We furthermore applied a second level of pre-processing to

Fig. 2 | Average confusion matrices for the full model using decision thresholds
that maximize Youden’s index across different text-cutoff thresholds. Confusion
matrices for the full model are presented for three different text-cutoff thresholds
(500, 1000, and 5000 characters) in panels (a), (b), and (c), respectively. For each
cutoff, the optimal classification threshold was determined by maximizing Youden’s

index (i.e.,maximizing the sumof sensitivity and specificity,which corresponds to the
sum of the row-normalized diagonal elements). Each cell in the matrices represents
the proportion of cases for the true class (expressed as a percentage), with the axes
labeled “P:C < 1.8” and “P:C ≥ 1.8” indicating the binary classification outcome for
the penumbra-to-core ratio.

Table 3 | Best-performing model results stratified by sensitivity target

Sensitivity Target Sensitivity (95%CI) Specificity (95%CI) Precision (95%CI) F1 Score (95%CI)

1.00 1.00 (1.00–1.00) 0.03 (0.00–0.25) 0.89 (0.89–0.91) 0.94 (0.94–0.96)

0.90 0.98 (0.84–1.00) 0.07 (0.00–0.25) 0.89 (0.89–0.91) 0.94 (0.87–0.96)

0.75 0.91 (0.72–1.00) 0.35 (0.25–0.75) 0.92 (0.89–0.97) 0.91 (0.81–0.96)

0.50 0.80 (0.50–0.94) 0.66 (0.50–1.00) 0.95 (0.91–1.00) 0.86 (0.65–0.95)

0.25 0.63 (0.19–0.88) 0.93 (0.75–1.00) 0.99 (0.94–1.00) 0.75 (0.32–0.93)

0.10 0.48 (0.06–0.88) 1.00 (1.00–1.00) 1.00 (1.00–1.00) 0.60 (0.12–0.93)

0.00 0.03 (0.03–0.06) 1.00 (1.00–1.00) 1.00 (1.00–1.00) 0.07 (0.06–0.12)

Thebest performingmodel asmeasuredbyAUROCwasanXGBoostmodel trainedon text-dataonly derived fromacharacter thresholdof 500. The table above recordssensitivity, specificity, precision and
F1scorebasedondifferent decision thresholds for thismodelwhich achievedasensitivity greater thanor equal to andwhichwerenearest to thedesiredsensitivity target.Confidence intervals are estimated
using bootstrapping (1000 models fit).
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minimize signal-to-noise ratios in the clinical text by limiting the size of the
included text to pre-determined character thresholds. Our model demon-
strated good discriminatory performance using a patient-level corpus
character threshold of 500, which generated predictions at a median lead
time of approximately 30min ahead of CTP scan times and 5min ahead of
initial neuroimaging.

To contextualize our results, Sheth and colleagues previously devel-
oped a deep learning model to classify the presence of CTP ischemic core
volume greater than 30 cc from CTA images, which demonstrated an
AUROC of 0.8819. Our approach fundamentally differs in multiple ways,
namely that (a) we used exclusively non-imaging data as predictor data and
(b) we predicted an outcome reflective of both core and penumbra volumes.
Our findings suggest that critical information about perfusion imaging
findings that can inform treatment candidacy determinations may be
quickly derivable from patient data that is recorded in the EHR shortly after
presentation with stroke symptoms. While we are encouraged by recent
advances in image-based models for predicting P:C ratios and other CTP
outcomes from CTA, as investigated by other authors, we view our text-
based approach as orthogonal to these imaging-based efforts, offering an
additional layer of data that could ultimately improve multimodal model
performance. While these results are preliminary and based on a small
sample, if replicated in larger studies and evaluated in a comparative
effectiveness study to standard stroke imaging-based selection, this
approach could be used to assist identification of actionable AIS with LVO,
particularly in settings where access to neuroimaging or neurological
expertise is limited– thereby allowing earlier escalation to thrombectomy
capable centers.

The findings from our ablative analyses suggest that the pre-processed
clinical note text contained the most salient signal for our chosen outcome,
while demographic and comorbidity data were much less predictive. Clin-
ical notes capture concepts that are more closely related to stroke pre-
sentation, such as symptomatology, size, severity, as well as pertinent
medical history and physical examination, than comorbidities and
demographics.

Our analysis suggests that signal-to-noise ratios in unstructured text
datawere inversely related to prediction lead time beforeCTP.Compared to
high character thresholds, lower character thresholds tended to generate
model predictions that were closer to the CTP time but also later in the
stroke care pathway. Although increasing amounts of clinical text data
generally translated to worse performance due to worse signal-to-noise
ratios than at lower character thresholds, our best-performing model
achieved moderate to good discriminatory performance while generating
predictions approximately 30min prior to CTP scan time.

Although our use of word embedding to pre-process the clinical note
text data demonstrated effectiveness in differentiating relevant signals
within a reasonable timeframe before the CTP scan, we expect further
studies using a larger patient population will identify an optimal threshold
that balances prediction accuracy and speed. This suggests a promising
direction for future studies.

This study has several strengths. Most importantly, it constitutes a
proof of concept for encoding semantic meaning from unstructured bio-
medical text data by scaling weighted sums of word embeddings by TF-IDF
scores. Furthermore, our results suggest that it is possible to use ML to
capture clinically relevant signals that can inform decision-making prior to
neuroimaging beingobtained.Our analysis also supports the notion that the
model’s performance was not biased toward specific disciplines or author
types and therefore did not rely too heavily on expertise of individual note
writers. Given the wide range of author types and note types included, our
model incorporated a heterogeneous mixture of standardized and non-
standardized notes. This heterogeneity may further highlight the model’s
capacity to extract meaningful features from diverse text sources.

Several limitations warrant consideration, however. First, this was a
retrospective model derivation study based on a patient cohort drawn from
a separate research study rather than all patients who had CT perfusion
imaging for evaluation of suspected AIS. Second, there was a relatively large

class imbalance in the dataset, with most patients having a P:C ratio >= 1.8.
Third, while our document embedding approach using BioWordVec and
TF-IDF is innovative, it is limited in that it produces non-human inter-
pretable text representations, creating challenges for model oper-
ationalization. This was observed most saliently in our manual review of
samples which were most often misclassified by the model. Currently, the
model does not account for note quality or prioritize more informative
sections of the text. These could be avenues for future exploration to refine
this approach. Fourth, our algorithmpredicted binary P:C ratios only rather
than point estimates of penumbra or core values, which could provide a
more precise and nuanced assessment of patient candidacy for throm-
bectomy. Fifth, we used a semi-empiric approach to select note character
thresholds to minimize text-related noise, although this limitation could be
addressed in the future by ML algorithms that could determine optimal
character cutoffs.

Finally, this study was conducted at a single center, limiting its gen-
eralizability to other institutions with different documentation practices,
patient populations, and clinical workflows.While our model incorporated
notes from a diverse set of providers across multiple services multi-center
validation will be essential to assess model performance across diverse set-
tings and ensure robustness in broader clinical applications.As suchweurge
caution in interpreting these results until further validation studies are
performed.

Our study lays the foundation for an NLP-based approach at lever-
aging clinical notes for prediction of key CTP findings in AIS due to LVO
prior to advanced neuroimaging. Studies conducted in larger, more repre-
sentative populations and attempting to predict continuous penumbra and
core volumes should attempt to replicate our findings and address outlined
limitations.

Methods
Study Design & Patient Population
This was a retrospectivemodel derivation study using patient data from the
Mount Sinai Health System (MSHS), a multi-site, tertiary-care hospital
network in New York City comprising 2 academic medical centers and 5
community hospitals. The Institutional Review Board of Mount Sinai
approved theuseofpatient data for this researchunder IRB#19–00738.The
MSHS is one of the highest volume academically-affiliated stroke centers in
the New York metropolitan area, with approximately 2400 admissions for
acute stroke and 240 EVT procedures annually. The patient population in
this derivation studywas drawn froma separate, unpublishedexperiment in
which a convolutional neural network (deep learning)modelwas developed
to estimate CTP core and penumbra volumes directly from CTH images.
The population from this separate analysis was comprised of patients who
underwent acute CTP imaging within 30min of hyperacute CTH or CTA
imaging for suspected acute stroke betweenMay 14th, 2019, and June 15th,
2021. The start date of this period coincidedwith the release of a commercial
CTP post-processing algorithm (VIZ.ai, San Francisco, CA) across MSHS
on May 14th, 2019.

We excluded patients who were not evaluated for suspected stroke or
had any primary intracranial (intraparenchymal, subarachnoid, or sub-
dural) hemorrhage. We also excluded patients who lacked interpretable
diagnostic CTP images, arterial occlusions, or appreciable penumbra as
measured by volumeof time-to-maximumattenuation (Tmax) greater than
6 s. We also excluded patients whose presenting symptoms could not be
attributed to an LVO and patients who had known chronic infarcts in the
culprit arterial territory.

Measurements
Using our institutional radiology picture and archive communication
(PACS) web viewer, we manually extracted the VIZ.ai – generated CTP
penumbra and core volumes for each patient and computed the P:C ratio20.
Based on prior published work, we defined “penumbra” as an area on CTP
with Tmax>6 s compared to the contralateral cerebral hemisphere, and
“core” as relative CBF below 30% of the contralateral hemisphere21. We
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trained an MLmodel using structured and free-text data to classify the P:C
ratio into one of two binary categories (>=1.8 or <1.8).

Predictor Variables – Structured Data
From our institutional data warehouse, we collected clinical and
sociodemographic variables at the time of evaluation, including sex,
race, preferred language, medical comorbidities, presenting NIH
Stroke Scale (NIHSS) score, time from last known well to CTP, time
from CTH to CTP (including both image acquisition and post-
processing), and location of arterial occlusion. Using each patient’s
medical history, which was encoded in a series of International
Classification of Diseases, 10th Edition Clinical Modification (ICD-
10-CM) codes immediately prior to their scan time, we calculated an
Elixhauser comorbidity index for each patient. Categorical variables
were encoded using one-hot vectors.

Predictor Variables – Unstructured Text
We extracted the free-text data of all notes written within one week prior to
each patient’s CTP scan time. To reduce non-contributory text (or “noise”),
we limited the included text by a pre-specified character threshold. Because
noteswritten closer to the time of neuroimagingweremore likely to contain
clinically relevant information predictive of the outcome, we constructed a
“patient-level corpus” by sequentially adding entire clinical notes in reverse
chronological order, starting from the CTP scan, until the character
thresholdwas reached.Here, the term “corpus” refers to a large collection of
text or speech data used for NLP tasks22,23.

This process resulted in a character-limited subset of text for each
patient. Full notes were includedwithout cropping, and if the note closest to
the CTP scan exceeded the character threshold, only that note was incor-
porated into the model (Fig. 3). We selected conservative character
thresholds that captured themedian note length both for the overall corpus
and for notes written closest to the CTP scan.

All patient-level corpora also underwent a series of routine free-text
preprocessing steps, which included converting all characters to lowercase,
removing stop words, removing punctuation marks, and applying stem-
ming and lemmatization to simplify words to their basic forms. To max-
imizemodel generalizability and ensure the algorithmdid not learn patient-
specific data (e.g., unique names, addresses, etc.), we excluded any words
that were unique to a single patient.

To transform the free-text patient-level corpora into a format our
model could ingest, we employed a combination of two NLP techniques:
term frequency-inverse document frequency (TF-IDF) and word embed-
ding. TF-IDF is a mathematical method that outputs a score indicating the
frequency of any given word within a particular patient’s text corpus
compared to the clinical notes of all other patients24,25. By contrast, word
embedding encodes each word in a text document as a vector, or a string of
numbers, in a high-dimensional space. This process ensures thatwordswith
similarmeanings or usage contexts are positioned close to each other in this
space. An effective analogy is the postal system: each word is assigned an
“address”, such that words with related meanings or frequent co-
occurrences receive “addresses” that are mathematically close to each
other in semantic space. This allows us to capture semantic relationships

Fig. 3 | Text processing pipeline for generating document embeddings. Flow-
chart illustrating the five-step pipeline for constructing document embeddings.
The process begins with selecting clinical notes based on a predefined character
cutoff threshold, followed by text preprocessing. Next, term frequency-inverse
document frequency (TF-IDF) weighting is applied to each participant’s text

corpus (“patient-level corpora”). Preprocessed text is then mapped to word
embeddings using BioWord2Vec, and a final document-level embedding is
obtained by matrix-multiplying the TF-IDF matrix with the word embedding
matrix.
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between words in a quantifiable manner and is commonly used in NLP
work26–28.

Because patient notes varied widely in formatting, author types,
abbreviations, and word counts, we employed a specific combination of
approaches to represent clinical text from patient notes in a consistent and
low-dimensional form.We sought to combine signals implicit to individual
word meanings with signals in how those words were relatively distributed
across all patients’notes (Fig. 3). To accomplish this, we first converted each
word in each patient-level corpus into vectors using an open-source set of
200-dimensional biomedical word embeddings that were pre-trained on a
large corpus of clinical notes and medical texts (BioWordVec)29.

We then generated document-level vectors by summing andweighting
patient-level vectors by respective TF-IDF scores. We then concatenated
structured data andweighted document vectors and scaled all features using
a linear transform.Missing valueswere estimatedusing a5-nearest neighbor
imputation approach.

Model Development & Performance Measurement
Wetrained tendifferentmodel architectures, includingk-nearest neighbors,
support vector classifier, decision tree, random forest, adaptive boosting,
gradient boosting, Gaussian naïve Bayes, linear discriminant analysis,
quadratic discriminant analysis, and extreme-gradient boosting (XGBoost)
models on these features to classify P:C > = 1.8 as a binary outcome18,30–33.
We also determined sensitivity, specificity, precision, and F1 score for each
model, as well as area under the receiver-operating characteristic curve
(AUROC). We defined the best-performing model as the combination of
model architecture and character threshold whichmaximized the AUROC.
We used a bootstrapping approach in which 1000 random, stratified 70/30
train-test splits were used to generate distributions for each of the perfor-
mance measures we assessed.

We also evaluated model performance using an iterative approach to
identify the decision threshold that maximized Youden’s Index (a measure
of diagnostic test accuracy, calculated as sensitivity + specificity - 1) and
reporting the confusion matrix for the models average performance at that
threshold across all bootstraps.

In addition to training fullmodels on both the structured and text data,
we also performed ablative analyses in which we trained two additional
versions of the best-performing model using structured-only and text-only
data inputs as feature sets. To evaluate whether different minimum char-
acter thresholds affected model performance, we also trained 3 different
versions of the most performant model corresponding to the 3 different
character thresholds.

Analyses of Factors Affecting Model Performance
We conducted a post-hoc analysis to identify which samples the model
consistently failed to correctly classify across all bootstraps and to determine
whether there were interpretable factors contributing to these mis-
classifications. To achieve this, we calculated the average probability of each
sample being classified into its true class, across all bootstraps. To account
for class imbalance, we normalized these probabilities within each class by
scaling them relative to the best-performing sample in that class. This
normalization ensured that inherent differences in sample distribution did
not disproportionately lower minority class probabilities. We then com-
bined these scores into a single “combined rank” score spanning both
classes.

Next, to determine whether the model’s performance was influenced
by the author type (e.g., registered nurses, resident physicians, attending
physicians), we conducted a Kruskal-Wallis to assess whether author type
was significantly associated with the combined rank score. Additionally, we
used the combined rank score to identify themost consistentlymisclassified
samples and manually reviewed the clinical notes associated with the five
lowest scoring cases. This qualitative review aimed to determine whether
errors in classification were linked to human-interpretable discrepancies in
note quality, such as missing information, ambiguous language, or varia-
tions in documentation style.

Data availability
The data that support the findings of this study constitute protected health
information, and therefore are not freely available. Limited data may be
made available by the corresponding author upon reasonable request,
subject to the approval from the Mount Sinai Institutional Review Board.

Code availability
The code for our developed model has been made publicly available in the
GitHub repository (https://github.com/shaunk24/CTP_NLP).
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