
Title:  

From Clinical Narrative to Diagnosis: Scalable Identification of Acquired Epilepsy 

 

Authors:  

Justin R. Wheelock1, Marta B. Fernandes2, Yilun Chen1, B. Berke Ayvaz1, Daniel S. Jin1, Adeel Zubair1, 
Mitchell Wan1, Jenna Appleton3, Sahar F. Zafar2, Aaron F. Struck4, Lawrence J. Hirsch1, Adithya Sivaraju1, 
Emily J. Gilmore1, M. Brandon Westover5, Jennifer A. Kim1 

 

AfÏliations: 

1Department of Neurology, Yale School of Medicine, New Haven, CT, USA 

2Department of Neurology, Massachusetts General Hospital, Boston, MA, USA 

3Department of Neurosurgery, Yale School of Medicine, New Haven, CT, USA 

4Department of Neurology, Washington University in St. Louis, St. Louis, MO, USA 

5Department of Neurology, Beth Israel Deaconess Medical Center, Boston, MA, USA 

 

Corresponding Author: 

Jennifer A. Kim MD/PhD (email: jennifer.a.kim@yale.edu) 

 

Abstract 

Acquired epilepsy is a disabling, potentially preventable complication of acute brain injury (ABI). Yet, it 
remains a leading cause of new onset epilepsy in adults. Acquired epilepsy is a particularly challenging 
subtype of epilepsy to identify, as the ABI and its acute consequences can confound the later diagnosis of 
acquired epilepsy. We identified a retrospective cohort of patients with ABI (N=828) and optimized a 
general epilepsy algorithm to extract relevant keywords. We confirmed that applying a broad epilepsy 
phenotyping algorithm to a high risk, complex population like acute brain injured patients results in a high 
number of false positives. We developed multivariate models to identify ABI-acquired epilepsy 1) at the 
patient level using temporal trends, and 2) the note-level using keywords. Our models achieved high 
performance in both internal and external validation cohorts. Note-level re-classification also allowed for 
an estimation of time to epilepsy onset. This work enables large-scale, retrospective studies of ABI-
acquired epilepsy across sites. Large-scale implementation may provide insights into acquired epilepsy 
epidemiology, identification of novel epilepsy risk factors and ultimately new treatments.  
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Introduction 

Epilepsy is a disabling but potentially preventable sequela of acute brain injury. These acquired epilepsy 
cases, occurring weeks to months following inciting injuries such as cerebrovascular events or traumatic 
brain injuries, account for up to 30-40% of new epilepsy diagnoses in adults1–4 and are associated with 
significant disability and poor outcomes.5–7 Unlike genetic or idiopathic primary epilepsies, brain injury-
acquired epilepsies have a defined event marking the beginning of their seizure risk. Following brain injury, 
the occurrence of a single unprovoked seizure more than 7 days after the initial insult often carries over a 
60% chance of recurrence.8 As such, the international league against epilepsy (ILAE) has defined that any 
unprovoked seizure >7 days post injury constitutes an epilepsy diagnosis.9,10 

The window of time between an inciting injury and the first late, unprovoked seizure creates a unique 
opportunity to administer preventative treatment.11 A successful preventative treatment would 
dramatically reduce the burden of post-injury disability and could provide deep insight into the 
epileptogenic process.12 Unfortunately, the results of clinical trials thus far have been negative or 
inconclusive.13–15 Although the number of individuals affected by acquired epilepsy is significant, they 
constitute only 5-20% of total brain injury survivors.16,17 Research to date has not comprehensively 
identified biomarkers or risk factors for acquired epilepsy on a large scale in humans.12,18 This limitation, 
coupled with the small populations in clinical trials, has hindered the comprehensive evaluation of 
preventative treatments.  

The first step towards prevention of brain-injury acquired epilepsy is to identify a large cohort of patients 
with the disease. Doing so would allow us to identify the full scope of risk factors and biomarkers which 
can then inform epileptogenic mechanisms and preventative treatments. Building these large cohorts 
could also enable the inclusion and modeling of a broader range of patients who are traditionally excluded, 
either explicitly or implicitly, from many clinical trials.19  

Natural language processing (NLP) provides a potential solution for identifying large cohorts of acquired 
epilepsy patients by providing methods to extract complex information from extensive, unstructured text 
data that constitute clinical narratives within electronic health record (EHR) systems.20 NLP methods have 
been utilized in a similar manner to identify complex diagnoses including ageing syndromes, mental 
illnesses, chronic pain, and atrial fibrillation.21–24 Rule-based NLP methods are often enhanced by machine-
learning approaches such that text can be used to extract a specific, clinically relevant feature.25  Recently, 
an algorithm was developed for phenotyping epilepsy-related features from unstructured, outpatient 
clinical notes,26 allowing for accurate primary epilepsy identification. This algorithm relies on general 
epilepsy characteristics but has high potential for false positives in a brain injured population based on the 
characteristics unique to this group of patients. Based on the high risk and significant likelihood for 
preventable treatment development within this population, it is crucial to develop a model that is finely 
tuned to accurately identify this group. Here, we constructed models specifically designed for the 
identification of brain injury-acquired epilepsy utilizing text features extracted from a comprehensive 
epilepsy phenotyping algorithm. We evaluate our models across a representative, critically ill brain injury 
population of diverse etiology. 
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Results 

Patient population 

A total of 828 patients were identified that fit the inclusion criteria across four acute brain injury types at 
our tertiary care center. The median age of the study cohort was 63.5 years (IQR 50-76), with 376 female 
patients (45%). Our cohort consisted of patients with acute ischemic stroke (AIS, N=184), spontaneous 
intracerebral hemorrhage (ICH, N=202), subarachnoid hemorrhage (SAH, N=154), and traumatic brain 
injury (TBI, N=288). There were significant differences in demographics between each acute-brain injury 
subtype. There was a significant difference in age between acute brain injury types (H=61, p<0.001), with 
TBI patients (median=58 [IQR 34-76]) and SAH patients (median=59 [IQR 50-68]), younger than AIS 
(median=69 [IQR 59-80]) and ICH (median=68 [IQR 57-78]) patients. We found a significant difference in 
sex between brain injury types (χ2

(3, N=828)=91, p=0.001), whereby SAH patients were predominantly female 
(78%), whereas TBI patients were predominantly male (69%). We also found racial differences between 
groups (χ2

(18, N=828)=42.4, p=0.001), but no difference in ethnicity (χ2
(6, N=828)=7.42, p=0.28). The full 

demographic breakdown of the study cohort across all brain injury types is presented in Table 1. 

145 included patients developed epilepsy over the course of two years following their initial injury, 
consisting of a total cumulative incidence of epilepsy of 17.5% in the study population (Supplementary 
Figure 1a). The incidence of epilepsy varied between acute brain injury subtypes, with 39 AIS patients 
(21%), 50 spontaneous ICH patients (25%), 15 SAH patients (10%), and 41 TBI patients (14%) developing 
epilepsy (Supplementary Figure 1b-e). The differences in demographics and epilepsy incidence underscore 
the need to evaluate trends and model performance within each ABI group separately in addition to 
population-level summaries.  

Broad epilepsy phenotyping results in a high number of false positives among acute brain injury patients  

We evaluated the broad, epilepsy phenotyping algorithm from 7 days to 2-years following acute brain 
injury. Across the entire cohort, the algorithm performs with high recall (0.94), successfully capturing many 
acquired epilepsy cases (Supplementary Table 1); however, precision is poor (0.25) indicating a high 
number of false positives. Composite F1-score for the full cohort was 0.39. Precision and recall varied 
across injury types, and the full evaluation of precision, recall, and F1 score can be found in Supplementary 
Table 1. As demonstrated by the confusion matrices in Supplementary Figure 2, the predicted negative 
(“no epilepsy”) class rarely exhibits a type 2 error, yet there are 419 false positives among all injury types. 
Accurate case examples of these true negative patients are highlighted in Figure 1a, with the probability 
across all notes in these patient records never reaching the threshold for an epilepsy classification.  
Conversely, case examples of true epilepsy classifications are shown in Figure 1b, with many notes across 
the patient record reaching high probability, particularly around the known date of epilepsy. Examples of 
false positive cases are shown in Figure 1c. 

Epilepsy patients exhibit distinct temporal trends with sustained hits and probability over time 

Given the high rate of false positives from the baseline model, we sought to identify ways to quantitatively 
differentiate the acquired epilepsy patients from the false positives. Among the 556 patients flagged as 
possible epilepsy, we compared the number of notes flagged as epilepsy (“hits”) and the highest assigned 
epilepsy probability across eight three-month windows from injury onset through two years-post injury 
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using Mann-Whitney U tests. We computed statistics within the entire cohort and show these time-series 
trends separately for each of the injury subtypes (Figure 2). We found that true epilepsy patients 
demonstrated a higher number of hits and a higher probability of epilepsy that was sustained over time, 
significantly higher for epilepsy patients for both features in each of the eight windows compared to false 
positives (probability 0to3month: U=23,544, p=0.002, all other features/windows: p<0.001, FDR 
corrected). Comparisons for each window are shown in Supplementary Table 2.  

True epilepsy can be identified with ML classification using time-series features from clinical text 

Using a multivariate logistic regression trained to differentiate true epilepsy and false positive patients 
with all time-series features from the AIS cohort (N=91, 33 epilepsy), we evaluated performance on the 
patients in each injury subtype separately (Figure 3, a-c). Within the ICH cohort (N=166, 50 epilepsy) this 
model demonstrated an AUC of 0.82 (95CI: 0.74, 0.89) (Figure 3a). Within the SAH cohort (N=133, 15 
epilepsy), this model demonstrated an AUC of 0.87 (95CI: 0.78, 0.93). Lastly, within the TBI cohort (N=166, 
39 epilepsy), this model demonstrated an AUC of 0.90 (95CI: 0.83, 0.95). This model improved the balance 
between precision and recall in each injury type, with an F1 score of 0.67 (+0.21), 0.45 (+0.25), and 0.70 
(+0.32) for ICH, SAH, and TBI, respectively (Supplementary Table 3). Next, we retrained a multivariate LR 
on a stratified sample of 80% of the total cohort, balanced by injury type and epilepsy diagnosis, then 
evaluated its performance on the held out 20% cohort (N=112, 28 epilepsy) (Figure 3d). This representative 
model differentiated true epilepsy and false positive epilepsy diagnosis with an AUC of 0.90 (95CI: 0.83, 
0.95). Within this validation cohort of 112 patients that require manual confirmation of epilepsy diagnosis, 
among whom 28 (25%) have epilepsy, our model based on time-series phenotyping features reduces that 
burden of review by 68%, down to 36 patients (22 with epilepsy, 61%) (Supplementary Figure 3). Lastly, 
we performed an external validation of our final model from a unique dataset of ischemic and hemorrhagic 
stroke patients at another tertiary care hospital. In this group of 77 patients flagged as possible epilepsy 
by the phenotyping algorithm, our model identified true diagnoses of acquired epilepsy with an AUC of 
0.88 (95CI: 0.75, 0.97) (Supplementary Figure 4). 

The presence of key words differentiates the onset of brain injury-acquired epilepsy at the individual-
note level 

At the note level, across the full patient cohort, we identified 3,853 notes as true epilepsy flags, occurring 
at or after a known diagnosis of epilepsy, and 7,243 notes as false epilepsy flags, occurring either 1) in 
patients with no diagnosis of epilepsy or 2) in a patient that developed epilepsy but prior to their first 
unprovoked seizure. Across all notes, we identified 125 text features with presence that significantly varied 
between true flags and false flags (Supplementary Table 4). 83 of these significant text features were more 
common in true flags (top 10 shown in Figure 4a), and 16 were more common in false flags (top 10 shown 
in Figure 4b), FDR corrected. Key words associated with true epilepsy flags included “history of epilepsy” 
(prevalence 33% vs. 16%, χ2

(1, N=11,095)=444.2, p<0.001, FDR-corrected), “vimpat” (26% vs. 11%, χ2
(2, 

N=11,095)=448.1, p<0.001, FDR-corrected), and “recurrent seizure” (8% vs. 1%, χ2
(1, N=11,095)=304.4, p<0.001, 

FDR-corrected). Key words associated with false flags included “continue on [medication]” (42% v.s 53%, 
χ2

(1, N=11,095)=130.8, p<0.001, FDR-corrected), “Keppra” (62% vs. 73%, χ2
(1, N=11,095)=122.4, p<0.001, FDR-

corrected), and “fentanyl” (9% vs. 16%, χ2
(1, N=102.9)=102.9, p<0.001, FDR-corrected). All text features with 

number, prevalence, and statistics are shown in Supplementary Table 4. 
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We evaluated a multivariate LR to differentiate true vs. false positive individual flags based on all keywords 
using notes from the same held out validation cohort described above. Within this validation cohort, there 
were 1,014 true flags and 1,277 false flags across 112 patients. At the note level, the model performed 
significantly above chance with an AUC of 0.68 (95CI: 0.68, 0.70) (Figure 5a). Using the re-classified notes, 
we differentiated patients with an AUC of 0.90 (Figure 5b). Visualizations of case examples are shown in 
Figure 5c, whereby acquired epilepsy patients maintained high probability at the time of unprovoked 
seizure or seizure recurrence, corresponding to their true diagnosis, whereas censored patients 
demonstrated reduced probability at times the baseline model had flagged them as epilepsy. 

Note-level re-classification allows for an estimation of time to epilepsy onset 

We evaluated the time from injury onset to the time of first epilepsy flag for the baseline model and the 
note-level adjusted model and compared these times to the known onset of epilepsy using linear 
regression within the held-out validation cohort (N=26 with epilepsy) (Figure 5d). We did not find a 
significant correlation between the baseline-model estimated times and the actual time to epilepsy 
diagnosis (r=0.376, p=0.058). Using the updated note-level reclassification, we found a significant, weak 
correlation between the estimated time to diagnosis and the actual time to epilepsy diagnosis (r=0.417, 
p=0.034).  

 

Discussion 

In this study, we constructed models specifically designed to identify brain injury-acquired epilepsy by 
leveraging text features extracted from an epilepsy phenotyping algorithm, improving diagnostic accuracy 
in patients after acute brain injury. We provide two approaches to patient identification, first at the patient-
level using temporal trends in epilepsy information present in the notes, and second at the note-level by 
directly evaluating the presence of key words in the patient record. This work provides an accessible, text-
based algorithm that identifies this complex diagnosis in a high risk population typically found only by 
expert review of clinical narratives and patient history. Its use broadens the potential scope of risk factor, 
biomarker and treatment discovery.  

Our results reveal that a high number of false positives are present when applying a non-specific epilepsy 
phenotyping algorithm to acute brain injury populations. This baseline algorithm rests heavily on mentions 
of antiseizure medications, and explicit mentions of seizures of epilepsy. Although this approach aligns 
with recommendations for identifying epilepsy by combining administrative codes with medication 
prescriptions,27,28 these features are problematic in acute-brain injury patients. These patients have 
seizures that do not constitute an epilepsy diagnosis,10 epileptiform patterns on EEG,29,30 and are often 
prophylactically prescribed anti-seizure medications.31–33 On top of this, the practical definition of acquired 
epilepsy has only been standardized in recent years.10 Thus, a high number of baseline false positives was 
expected, and this finding highlights the need to optimize NLP diagnosis identification specific to an acute 
brain injury population. 

In our first approach, we identify brain injury-acquired epilepsy using temporal trends in the epilepsy 
information. We validated this approach across injury types and in an external dataset. These temporal 
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trends align with the clinical course of acquired epilepsy, whereby unprovoked seizures arise months-to-
years after initial insult and anti-seizure medications are re-initiated or maintained.34 Many of the false 
positives occurred during the first 3 months following injury onset, suggesting that misclassification may 
be related to documentation of acute seizures and prophylactic anti-seizure treatment. This trend reflects 
a common issue faced in EHR-based data extraction, whereby many approaches lack the complex temporal 
reasoning required for a clinical diagnosis such as acquired epilepsy.35–37 Our model therefore overcomes 
this barrier by integrating an expert-level understanding of the time course of acquired epilepsy. Notably, 
in the first window, the hemorrhagic stroke subtypes (intracerebral hemorrhage and subarachnoid 
hemorrhage) seem to show generally increased numbers of hits relative to the other subtypes, possibly 
reflecting the greater rates of acute seizure, ASM prophylaxis within these injuries, specifically.38 Such an 
observation highlights one of the limitations of this time-series approach: these time-series features are 
still derived from keyword weights assigned by the original phenotyping algorithm.  

Our text-based approach performs similarly, accounts for limitations of the time-based approach, and 
allows for patient-level visualization of epilepsy trends. In this approach, though our model differentiated 
individual notes as true epilepsy or false positive with a satisfactory AUC of 0.68, this note-level 
performance may be limited by a lack of manual annotations for each of the 11,096 flagged notes. 
Specifically, some notes included as ground truth positive may contain low information context, meaning 
they do not have enough information to alone determine acquired epilepsy diagnosis.  As such, evaluation 
of the note-level performance may be underestimated. Manual labels for each note may improve model 
performance.  

The text features themselves that drive this high classification performance may reveal insights into 
acquired epilepsy onset, treatment, and risk. Our results indicate that many key words significantly vary in 
prevalence between true acquired epilepsy flags and the false positive notes, corresponding to clinically-
relevant issues in post-brain injury seizure management. Some text features directly correspond to the 
ILAE definition of acquired epilepsy,10,39 emphasizing recurrent or unprovoked seizures, with key words like 
“breakthrough seizure” (4% vs 1%) and “decreased seizure” (12% vs. 1%) being more common in acquired 
epilepsy patients. Conversely, keywords like “febrile seizure” (8% vs. 12%) and “fentanyl” (9% vs. 16%), 
correspond to false positive patients. Keywords related to medications demonstrated a more complicated 
relationship with acquired epilepsy diagnosis, mirroring the uncertainty of real-world treatment and the 
exact need for large-scale acquired epilepsy studies. For instance, levetiracetam is a commonly prescribed 
ASM when used for prophylactic indications after acute brain injuries, like traumatic brain injury.33 It may 
be continued long-term without a diagnosis of epilepsy, due to lack of neurology follow up, 
misunderstanding of acute symptomatic seizures, lack of clarity on prophylaxis stop date, among 
others.40,41 These observations are corroborated by our findings whereby phrases “continue on” “Keppra” 
showed the largest association with false-positives of all features, underscoring the tendency for patients 
to be continued on prophylactic ASM therapy, even without clear evidence of acquired epilepsy 
diagnosis.40 By contrast, keywords indicating the presence of other second-line medications, including 
“valproate”, “depakot”, “dilantin”, “vimpat” indicate a true epilepsy diagnosis, reflecting treatment 
protocols following a later unprovoked seizure.34 Our model thus internalized these trends, and our ability 
to differentiate based at the note level may partially rest on what a patient is being treated with, 
particularly when they may have already been on monotherapy with Keppra.  
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The keyword analysis also validates risk factors previously reported for acquired epilepsy. Words such as 
“acute seizure”, “SDH”, “surgery”, “electrographic seizure”, “traumatic” which are more prevalent in 
acquired epilepsy patients, correspond to well-documented clinical risk factors of acquired epilepsy,42–46 
whereas a “normal eeg” free of epileptiform patterns is protective.47 Further, it highlights potential risk 
factors of acquired epilepsy that are important yet understudied. For example, “diabetes” is more common 
in acquired epilepsy notes (12% vs 7%). Though not a documented risk factor of acquired epilepsy, some 
work indicates that diabetes may lower seizure thresholds,48,49 and further work is needed to investigate 
the full relationship between insular resistance, hypoglycemia, and acute brain injury induced seizures. If 
confirmed, this incidental finding shows the potential of NLP to not only validate described risk factors but 
to highlight novel risk factors for an outcome of interest.  

The time-to-epilepsy analysis underscores the need for acquired epilepsy-specific tools, particularly when 
predictive modeling work may benefit from a survival analysis approach.  Our finding of a significant, albeit 
weak correlation between our model’s time to diagnosis and the true epilepsy onset indicates that our 
updated note-level model allows for an estimation of the time to first unprovoked seizure. Such 
information is crucial for the large-scale predictive modeling work that may utilize the current findings, as 
the acute brain injuries which may lead to epilepsy are often accompanied by a high risk of competing 
events, such as mortality.50,51  However, using our model, many acquired epilepsy patients are still flagged 
prior to their first unprovoked seizure, which may be related to our note-level model identifying patient 
related risk factors of epilepsy. 

Our study has some limitations to consider. First, clinical notes may not contain all relevant patient 
encounters from outside health systems or those using separate EHR systems. The present study only 
extracts notes from Epic. Given the non-standardization of the EHR across health systems and the high 
costs of subscribing to these systems, some health facilities may maintain paper or scanned records or use 
other platforms. Studies such as this one, are unable to get outcomes for patients that are lost to follow-
up through clinic visits or unreachable via patient centered outcomes research telephone interviews. 
Particularly, patients lost to follow-up are more likely to be members of marginalized groups or have public 
insurance.52 Implementation or generalization of findings from EHR-based retrospective studies may 
therefore reinforce existing health disparities without consideration,53 and thus must be carefully 
supplemented with prospective studies. Additionally, our note-level analysis lacks a manual ground-truth 
label for each of the approximately 11,000 notes. Thus, we may be underestimating the ability of text 
features to discriminate acquired epilepsy. Despite this limitation, model performance is good at the 
patient level. We have also not validated the algorithms in non-tertiary care centers, or those outside of 
the northeast USA, which may have distinct approaches to documentation. Lastly, our cohorts comprise 
only patients with a clinical indication for EEG monitoring, may create a bias towards a more severely brain 
injured population, and results in heterogeneity between acute brain injury types, as clinical protocols 
vary between sites and between brain injury type. The ability of our model to generalize between brain 
injury types and across sites minimizes the significance of this limitation.  

Our model enhances a broad epilepsy phenotyping algorithm, by optimizing its utility for critical care brain 
injury patients. Our work enables large-scale acquired epilepsy research to identify novel risk factors, 
improve risk stratification and eventually lead to the prevention of acquired epilepsies. Acquired epilepsy 
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can be differentiated from false positives at the patient level using temporal trends in epilepsy information, 
or at the note level using key words in clinical notes. This work supports large-scale, retrospective studies 
of acute-brain-injury-acquired epilepsy across diverse setÝngs, minimizing the need for manual review. 
Widespread implementation may reveal insights into acquired epilepsy epidemiology, novel epilepsy risk 
factors and ultimately new treatments that would otherwise remain elusive.   

 

Methods 

Patient population 

We identified a retrospective cohort of patients admitted to tertiary care facilities with an acute brain 
injury. The training and internal validation cohort included patients admitted to Yale New Haven Hospital 
(YNNH) with acute ischemic stroke (AIS), spontaneous intracerebral hemorrhage (ICH), subarachnoid 
hemorrhage (SAH), or traumatic brain injury (TBI) from 2014-2023. Inclusion criteria were age≥18, imaging 
within 7 days of injury onset to confirm diagnosis and continuous electroencephalogram (cEEG) acquired 
within 7 days. We excluded patients with a known history of epilepsy or seizures, recent brain injury (<5 
years), or other epileptogenic condition (brain metastases, encephalitis), and patients that did not have 
cEEG monitoring.  

The external validation cohort included patients admitted to a separate tertiary care center, Mass General 
Brigham (MGB; integrated healthcare system including Massachusetts General Hospital and Brigham and 
Women’s Hospital) health system from 2016-2023. Inclusion and exclusion criteria were the same as in 
the internal cohort.  

Study protocols including waivers of consent were approved by the Institutional Review Board (IRB) at Yale 
University in accordance with the Declaration of Helsinki (IRB# 2000037022, 1405014045, 2000031988; 
clinical trial number: not applicable). Deidentified data was shared between institutions under directive of 
an approved data use agreement.  

Clinical data and variables collected 

Clinical data and patient demographics were extracted from the electronic health record (EHR). 
Demographics including age, sex, race, and ethnicity were extracted from structured data. Severity scores 
including the National Institutes of Health Stroke Scale (NIHSS), ICH score, Glascow Coma Scale (GCS), and 
Hunt Hess were extracted from manual record review. We manually identified the time of injury onset 
from records, using the date and time of patients Last Known Well (LKW) when exact time was unknown.  

Outcomes 

We identified a ground truth diagnosis of acquired epilepsy for all patients by manual review of records. 
We defined epilepsy according to the International League Against Epilepsy (ILAE) as ≥1 unprovoked 
seizure occurring more than 7 days after the onset of their acute brain injury.10,39 Although not the primary 
outcome, we collected the date of mortality and the date of latest follow-up to contextualize the duration 
of follow-up time available.  
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Unstructured text data 

All unstructured clinical notes were extracted from the EHR for all patients over their entire medical record. 
These notes spanned all types of encounters and providers, including but not limited to emergency 
department notes, progress notes, discharge summaries, history and physicals, telephone encounters, 
occupational and physical therapy, and procedure reports. Imaging reports were not included as part of 
this study. Using our known dates of admission, we extracted all notes occurring between 7-days to 2-
years post injury. This range allows us to capture most acquired epilepsy diagnoses, diminish the influence 
of acute symptomatic seizures and acute inpatient events unrelated to an epilepsy diagnosis, while 
maintaining a consistent follow-up window for time-series analysis of trends in the data. 

Text data processing  

After preprocessing the unstructured text data, the presence of epilepsy-specific key-words were extracted 
using the text-only epilepsy phenotyping algorithm developed by Fernandes et al.26 This algorithm was 
designed to identify epilepsy patients in outpatient setÝngs using international classification of disease 
(ICD) codes, anti-seizure medication (ASM) prescription, and expert-defined key words. Given the 
unreliability for ICD-code detection of epilepsies,27 and the use of ASM-prophylaxis,41 we opted to use the 
text-only model to obtain a per-note probability of epilepsy and binary epilepsy classification. The final 
dataset included the scored notes for each patient in the time window described. 

Baseline model evaluation 

We determined a baseline phenotype label of “epilepsy” for all patients with ≥1 note indicating an epilepsy 
diagnosis during the post-injury period of 7 days-2 years. Using these assigned labels and our known 
diagnosis of epilepsy as the ground truth, we evaluated the performance of the baseline phenotyping 
model as the precision, recall, and F1 score first across the entire internal cohort and then separately 
within each injury subtype (AIS, ICH, SAH, TBI).  

Epilepsy time-series feature extraction 

We calculated time windows for time-series features with the reference date of each patients’ injury onset. 
For the group-level analysis, we calculated windows in three-month intervals up to two years post-injury, 
for a total of eight, non-overlapping time windows. We extracted two features from each time window, 
including the number of “hits” (the number of positively flagged notes in this time window) and the 
epilepsy probability (the highest assigned probability of epilepsy during this time window). We assigned 
windows containing no notes the baseline probability determined by the phenotyping algorithm, a value 
of approximately 0.213.  

Ground truth designation for note-level analysis 

For this analysis, first, we extracted all notes that were flagged positive by the baseline phenotyping 
algorithm to limit the analysis to epilepsy-relevant notes. Next, a ground truth label to each note was 
assigned based on the known, chart reviewed date of acquired epilepsy diagnosis. Specifically, for patients 
with a diagnosis of acquired epilepsy, all notes on or after their manually identified date of epilepsy were 
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labeled 1; all notes prior to their diagnosis were labeled 0. Patients without a diagnosis of acquired 
epilepsy had all notes labeled 0. 

Time to event analysis 

We evaluated the ground truth of time-to-epilepsy as the number of days from injury onset to true 
manually reviewed epilepsy onset. We extracted a predicted time-to-epilepsy as the number of days from 
injury onset to the first note flagged as epilepsy after 7 days. Notes during the acute phase were excluded 
to reduce the influence of acute seizures reported in notes and ASM prophylaxis.  

Statistics  

We first assessed quantitative features for parametric assumptions using Shapiro-Wilk test for normal 
distribution and Levene’s test for equal variance across groups. We conducted group-wise comparisons of 
age and number of notes using Kruskal Wallis test and pair-wise comparisons with Mann-Whitney U test. 
Qualitative features were compared using the Chi2 test. We report effect sizes as the H-statistic, U-statistic, 
and Chi2 statistic for each test, respectively. To account for multiple comparisons, we corrected for the 
False Discovery Rate (FDR) according to the Benjamini-Hochberg procedure.54 

We developed a multivariate logistic regression (LR) classifier to differentiate true and false positive 
epilepsy patients as labeled by the phenotyping algorithm. We first trained a model using only the time-
series epilepsy trends from the AIS group, consisting of the 16 features described above. We evaluated 
performance on each of the other three subtypes (ICH, SAH, TBI). We used a probability threshold of 0.3 
to evaluate the classification of epilepsy cases to prioritize sensitivity.  

We then separated a randomized cohort of 80% of our internal single-site population, holding out 20% of 
each injury subtype and stratifying the selection by true epilepsy diagnosis. We retrained our model on 
the 80% representative sample, and evaluated this model on the hold-out population. We then evaluated 
this re-trained model on the external, independent dataset from MGB.  

Using the same training cohort of 80% of the patients flagged as positive, we then developed a note-level 
classification system to differentiate true and false positive individual flags. We used the individual notes 
to identify text features common in true and false flags. We performed forward selection and trained a LR 
model to differentiate individual notes. We evaluated this LR model using all positively flagged notes from 
the held-out cohort.. We assessed the remaining highest probability note from these adjusted scores at 
the patient-level to estimate patient-level performance.  

All models were evaluated using the area under the receiver operating curve (AUROC) and bootstrapping 
to obtain a 95% confidence interval. 

We compare the ground truth and predicted time-to-epilepsy using Pearson correlation and evaluate this 
association with the correlation coefÏcient and p-value. 
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The deidentified cohort as well as keyword exacted notes for training and validation of the models built in 
this study will be available on github alongside analysis codes. Given the identifying nature of the 
unstructured clinical data utilized in the present study, the clinical notes themselves will not be made 
publicly available. The deidentified clinical notes may be supplied at reasonable request, provided a data 
use agreement is executed between the authors’ institution and that of the requesting party. 
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Tables and Figures: 

Feature Total 
N=828 

AIS 
N=184 

ICH 
N=202  

SAH 
N=154 

TBI N=288 P-value 

Age (IQR) 64 (50-76) 69 (59-80) 68 (57-78) 59 (50-68) 58 (34-76) <0.001 

Sex (%)      <0.001 

 Female 376 (45) 84 (46) 83 (41) 120 (78) 89 (31)  

 Male 452 (55) 100 (54) 119 (59) 34 (22) 199 (69)  

Race (%)      0.001 

 Asian 23 (3) 3 (2) 7 (3)  6 (4) 7 (2)  

 Black 152 (18) 41 (22) 46 (23) 24 (16) 41 (14)  

 Native American 2 (0) 0 (0) 0 (0) 0 (0) 0 (0)  

 Pacific Islander 3 (0) 2 (0) 1(0) 0 (0)  0 (0)  

 White 529 (64) 121 (66) 132 (65) 93 (60) 183 (64)  

 Multi-racial 2 (0) 0 (0) 0 (0) 2 (1) 0 (0)  

 Other 117 (14) 17 (9) 16 (8) 29 (19) 55 (19)  

Ethnicity (%)      0.28 

 Hispanic or Latine 109 (13) 19 (10) 22 (11) 22 (14) 46 (16)  

 Not Hispanic or Latine 705 (85) 162 (88) 175 (89) 129 (84) 235 (82)  

 Other or unknown 14 (2) 3 (2) 1 (0) 3 (2) 7 (2)  

Severity Scores (IQR)       

 NIHSS - 13.5 (6-
20) 

- - - - 

 ICH Score - - 2.0 (1-3) - - - 

 GCS - - 12 (6-15) - 12 (6-15) - 

 Hunt Hess - - - 3.0 (2-4) - - 

Number of Notes 228±279 263±366 354±307 266±220 96.7±126 <0.001 

Table 1: Cohort overview and demographics. AIS – acute ischemic stroke, ICH – intracerebral hemorrhage, 
SAH – subarachnoid hemorrhage, TBI – traumatic brain injury, NIHSS – National Institutes of Health Stroke 
Scale, GCS – Glascow Coma Scale 
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Figure 1: Case examples accurately classified by the baseline model. Phenotyped epilepsy probability 
time-series is shown, extracted in weekly intervals from injury onset to 2 years post-injury. The dashed 
horizontal line denotes an approximation of the optimal threshold. a. true negative case examples, with 
vertical lines indicating the experienced event. Weekly probabilities demonstrate low epilepsy probability 
from extracted notes across time for these case examples, with patients experiencing either mortality 
(purple dashed vertical markers) or censoring (yellow dashed vertical marker) at the end of their available 
record. b. True Positive case examples. These true positive cases demonstrate heightened epilepsy 
probability across time, corresponding to patients with unprovoked seizures constituting a diagnosis of 
epilepsy. c. False positive case examples. These false positive cases demonstrate high epilepsy probability 
despite lacking a diagnosis of acquired epilepsy. Baseline probability for a time window with either low 
information notes or no available data was set at 0.213, corresponding to the baseline epilepsy 
phenotyping probability. 
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Figure 2: Time-series features differentiate true acquired epilepsy from false positive patients. In each 
panel, bars denote the number of “hits”, or notes flagged for an epilepsy diagnosis, in true acquired 
epilepsy (teal) and false positive (blue) patients. The number of hits for individual patients is marked on 
top of the bars (dots). The superimposed line plot shows the highest assigned epilepsy probability in that 
time window for true acquired epilepsy and false positive patients. Shaded area indicates the 95% 
confidence interval. Subplots show the same trends across each of the four acute brain injury subtypes. a. 
acute ischemic stroke (AIS). b. intracerebral hemorrhage (ICH). c. subarachnoid hemorrhage (SAH). d. 
traumatic brain injury (TBI).    
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Figure 3. Time-series phenotyping models trained using either one subtype (AIS) or a stratified sample 
accurately differentiate a broad variety of acquired epilepsy patients from false positive patients. 
Validation receiver operating curves (ROCs) for each of four validation sets are shown. a-c correspond to 
the validation sets for modelling approach 1, using the training set of only acute ischemic stroke (AIS) 
patients to differentiate between true and false positives, and testing on a – all flagged patients with 
intracerebral hemorrhage, b – all flagged patients with subarachnoid hemorrhage, c – all flagged patients 
with traumatic brain injury. d – validation of a 20% held-out cohort with a retrained model using a stratified 
sample of 80% of each acute brain injury.  
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Figure 4. Presence of some keywords differentiates true acquired epilepsy from false positive patients. 
The proportion of each text feature within all true epilepsy notes (N=7,243) and all false positive notes 
(N=3,853) are shown. a. the top ten features more common in true positive notes. b. the top ten features 
more common in false positive notes. All shown features from a and b are p<0.001 from chi2 test (FDR 
corrected) Full keyword breakdown is shown in supplementary table 4. 

 

 

Figure 5: Classification of notes using keywords reduces false positives and allows for improved 
estimation of time to epilepsy diagnosis.  a. Text-based model accurately differentiates epilepsy diagnosis 
at the note level. Per-note performance is shown in the hold-out validation set of 2,291 flagged notes from 
112 patients (N=1,014 true positive notes; AUC=0.68 [95CI: 0.66, 0.70]). Shaded region displays the 95% 
confidence interval calculated from bootstrapping in the validation set. b. Reclassification at the note-level 
improves patient-level identification. Using the reclassified note labels, patient-level performance is shown 
using their highest assigned probability (AUC=0.90). c. Weekly epilepsy probability from the baseline and 
adjusted model is shown for three selected patients: one true epilepsy patient and two original false-
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positive patients. Vertical markers indicate the true event experienced by that patient. d. True versus NLP-
extracted time to epilepsy diagnosis from injury onset in days, in the baseline model and our per-note 
adjusted classification for the 26 epilepsy patients in the held-out validation cohort. Grey points 
demonstrate the time from injury onset to the first note identified as possible epilepsy by the baseline 
phenotyping model (Correlation with true diagnosis time: r=0.376, p=0.058). Teal points demonstrate the 
time from injury onset to the first note identified as epilepsy, after applying the per-note reclassification 
to exclude false positives (Correlation with true diagnosis time: r=0.417, p=0.034). Vertical dashed lines 
connect the baseline and adjusted time to extracted diagnosis for a single patient. Diagonal dotted line 
plotted at y=x for visual reference. 
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