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Summary
Background The evaluation and management of first-time seizure-like events in children can be difficult because these 
episodes are not always directly observed and might be epileptic seizures or other conditions (seizure mimics). We 
aimed to evaluate whether machine learning models using real-world data could predict seizure recurrence after an 
initial seizure-like event.

Methods This retrospective cohort study compared models trained and evaluated on two separate datasets between 
Jan 1, 2010, and Jan 1, 2020: electronic medical records (EMRs) at Boston Children’s Hospital and de-identified, 
patient-level, administrative claims data from the IBM MarketScan research database. The study population 
comprised patients with an initial diagnosis of either epilepsy or convulsions before the age of 21 years, based on 
International Classification of Diseases, Clinical Modification (ICD-CM) codes. We compared machine learning-
based predictive modelling using structured data (logistic regression and XGBoost) with emerging techniques in 
natural language processing by use of large language models.

Findings The primary cohort comprised 14 021 patients at Boston Children’s Hospital matching inclusion criteria with 
an initial seizure-like event and the comparison cohort comprised 15 062 patients within the IBM MarketScan research 
database. Seizure recurrence based on a composite expert-derived definition occurred in 57% of patients at Boston 
Children’s Hospital and 63% of patients within IBM MarketScan. Large language models with additional domain-
specific and location-specific pre-training on patients excluded from the study (F1-score 0·826 [95% CI 0·817–0·835], 
AUC 0·897 [95% CI 0·875–0·913]) performed best. All large language models, including the base model without 
additional pre-training (F1-score 0·739 [95% CI 0·738–0·741], AUROC 0·846 [95% CI 0·826–0·861]) outperformed 
models trained with structured data. With structured data only, XGBoost outperformed logistic regression and 
XGBoost models trained with the Boston Children’s Hospital EMR (logistic regression: F1-score 0·650 [95% CI  
0·643–0·657], AUC 0·694 [95% CI 0·685–0·705], XGBoost: F1-score 0·679 [0·676–0·683], AUC 0·725 [0·717–0·734]) 
performed similarly to models trained on the IBM MarketScan database (logistic regression: F1-score 0·596 
[0·590–0·601], AUC 0·670 [0·664–0·675], XGBoost: F1-score 0·678 [0·668–0·687], AUC 0·710 [0·703–0·714]). 

Interpretation Physician’s clinical notes about an initial seizure-like event include substantial signals for prediction of 
seizure recurrence, and additional domain-specific and location-specific pre-training can significantly improve the 
performance of clinical large language models, even for specialised cohorts.

Funding UCB, National Institute of Neurological Disorders and Stroke (US National Institutes of Health).

Copyright © 2023 The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 license. 

Introduction
The evaluation and management of first-time seizure-like 
events in children poses considerable challenges. 
Although some of these episodes might represent 
epileptic seizures, seizure mimics are also common in 
paediatric populations.1,2 Physicians might not directly 
observe the initial seizure, or even know whether a 
seizure has occurred, and so they define seizure-like to 
include any initial visit with an International Classification 
of Diseases (ICD) code for epilepsy, seizures (including 
febrile), and convulsions (appendix p 1). When a child 
presents with a first-time transient neurological episode, 
a thorough clinical evaluation is necessary to distinguish 

between an epileptic seizure and seizure mimic. Even 
when, after expert evaluation, an episode is considered to 
correspond to an epileptic seizure, risk stratification can 
be difficult in clinical practice.3 In many children, a first-
time seizure could represent a singular event, sometimes 
precipitated by an acute condition, with a low risk of 
recurrence. In other cases, this event might be the first of 
a recurring series of seizures, which will eventually lead 
to an established diagnosis of epilepsy.

Accurately predicting seizure recurrence is important 
for both the diagnosis of epilepsy and the treatment of 
seizures. A patient is diagnosed with epilepsy if they 
meet any of the following criteria: one unprovoked or 
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reflex seizure with a high risk of recurrence (typically 
≥60%), at least two unprovoked or reflex seizures 
occurring more than 24 h apart, or the clinical identi
fication of a specific epilepsy syndrome.4,5 The diagnosis 
of epilepsy is correlated with but not necessarily linked to 
the decision to start antiseizure medications (ASMs). 
The decision to start an ASM is typically based on clinical 
suspicion of epileptic seizures, findings from ancillary 
neurodiagnostic studies, and the estimated risk of 
seizure recurrence.6–8 With some exceptions, children are 
typically not started on ASMs after the first unprovoked 
seizure.9–14 When a child has a second unprovoked seizure 
they are diagnosed with epilepsy and this generally, but 
not always, indicates a sufficiently high risk of seizure 
recurrence to justify initiation of an ASM.15 However, 
certain epilepsy syndromes in children have a relatively 
favourable long-term prognosis and might not require 
chronic ASM therapy.4 Therefore, the decision to start an 
ASM is based on the risk of recurrent seizures, but must 
also consider the relative risk reduction an ASM could 
provide, combined with the risks associated with long-
term use of ASMs (eg, endocrine dysfunction and bone 
disease). The choice of ASM should therefore be guided 
by epilepsy type, patient comorbidities, cost, side-effect 
profile, and the potential for other favourable clinical 
effects of the ASM.16

Previous studies have estimated that when a first, un-
provoked, afebrile seizure occurs in a child with no 
previous history of neurological illness and a normal 

neurological examination, the recurrence rate for 
additional afebrile unprovoked seizures is approximately 
25% within 1 year and 45–50% within 3 years.3,8,17 Most 
studies predicting seizure recurrence have focused on 
whether seizures will recur after the withdrawal of ASMs 
or on predicting outcomes following epilepsy surgery.18–26 
Studies predicting seizure recurrence after an initial 
seizure have largely been focused on specific aetiologies27 
or purpose-collected data (including manual chart 
review)—for example, by recruiting patients to registries 
or recording specific information in seizure 
databases.14,28,29 Kim and colleagues30 developed a model 
with data from the Multicentre trial for Early Epilepsy 
and Single Seizures (MESS) that categorised the risk of 
seizure recurrence as low (<30%), medium (30–49%), or 
high (≥50%). To date, MESS is the largest study of people 
with single seizures and early epilepsy. Kim and 
colleagues30 concluded that there might be a benefit of 
initiating treatment in patients with a medium or high 
risk of recurrence. However, this model had poor 
discrimination for the MESS database (C-statistic 0·59) 
and the three external databases it was tested in 
(C-statistic: 0·55–0·60).31 van Diessen and colleagues32 
developed a logistic regression model in a cohort of 
451 children (with external validation carried out in a 
cohort of 187 children) that predicted the risk of seizure 
recurrence on the basis of clinical and electro
encephalogram (EEG) characteristics (AUC=0·86). To 
the best of our knowledge, no previous models have used 

Research in context

Evidence before this study
We searched PubMed and Google Scholar for publications from 
database inception to March 7, 2023, using the keywords 
(“natural language processing” or “deep learning” or “large 
language models”) AND (“seizure recurrence prediction” or 
“seizure to epilepsy conversion”) for English language articles. 
We identified studies that fell into three primary categories: 
prospective longitudinal clinical studies attempting to estimate 
seizure recurrence frequency, methods focused on predicting 
seizure recurrence based on non-text modalities 
(eg, electroencephalograms), and natural language processing 
methods to predict general (non-seizure-specific) outcomes 
from real-world data and clinical notes. To supplement this 
search, we used UpToDate, an online clinical resource from 
Wolters Kluwer, to identify synthesised clinical guidelines for the 
diagnosis, prognosis, and treatment of seizures and epilepsy. 
These resources provided substantial guidance in determining a 
composite definition of seizures from real-world data.

Added value of this study
To date, nearly all approaches based on large language models 
for prediction with clinical data have focused on broad 
outcomes (eg, in-hospital mortality and unplanned re-
admissions). This retrospective cohort study shows the 

potential of these large language models in specialist-heavy, 
narrower tasks. Although it is not possible to conclusively 
determine whether physicians can accurately predict seizure 
recurrence with retrospective data in this manner, our findings 
show that, at a minimum, physicians capture and record a 
substantial amount of information in the form of clinical notes 
that can be useful for predicting seizure recurrence in children.

Implications of all the available evidence
Given that treatment guidelines after an initial seizure-like event 
rely on a physician’s ability to predict recurrence, this study 
shows that, at a minimum, physicians know what information is 
important for this task. Based on these findings, a future 
prospective study could be conducted whereby physicians are 
surveyed at the time of an initial seizure-like event and 
follow-up is carried out with the composite definition for seizure 
recurrence. Additionally, the strong performance of fine-tuned 
large language models for narrow, domain-specific tasks could 
support clinical decision support workflows, but a substantial 
level of implementation science needs to be done before 
deployment of such models. These models could also serve as a 
potential resource to be interrogated for the purposes of 
developing an aetiological understanding of seizures or 
examining adherence to clinical guidelines, or both.
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raw data from electronic medical records (EMRs) 
collected for routine care, or directly input clinical notes 
from EMRs, for the purpose of predicting the risk of 
seizure recurrence.

A recent trend in natural language processing (NLP) 
based on deep learning techniques involves self-
supervised learning over massive unlabelled general 
textual datasets to capture the intrinsic structure of the 
data, and subsequent application of these large pre-
trained models to a specific problem domain by fine-
tuning, usually on a much smaller dataset.33 These 
pre-trained models have been shown to outperform 
heavily engineered, task-specific architectures on many 
sentence-level and token-level tasks.34–36 Jiang and 
colleagues37 trained a large language model for general 
tasks such as re-admission, in-hospital mortality, length 
of stay, and comorbidity index prediction. Although 
direct comparisons between different cohorts are 
challenging (eg, demographic differences and rates of 
events), this model achieved similar performance to 
previous NLP-based approaches and logistic regression 
approaches based on expert-derived features.38 Previous 
work has shown that performance close to this level can 
be achieved by predicting solely from similar patient 
outcomes (eg, in-hospital mortality and re-admission 
rates),39 suggesting that prediction models based on 
EMRs might not derive their signal purely from objective 
measures of patient state, but are also likely to benefit 
from physicians’ beliefs and decision making.

The actions taken and notes captured in EMRs depict  
some of the thoughts and prognostications of 
physicians.39 Clinical orders and even the timing of these 
orders have been shown to hold substantial information 
about patient risk. For example, Agniel and colleages40 
observed that the timing of a white blood cell count was 
more predictive of 3-year survival than the actual results 
from the laboratory. They observed that for 68% of 
118 tests, process information (eg, timing) was more 
informative than pathophysiology. Predictions based on 
physician-collected data could therefore provide a strong 
baseline for future models designed to predict recurrence 
risk directly from patient measurements and diagnostics 
such as EEG, head CTs, and brain MRIs. Surpassing this 
baseline will be an important measure indicating 
whether future models can help physicians beyond their 
current intuition.

The goal of this study was to ascertain whether 
naturally collected data in EMRs (ie, data collected as part 
of routine care and not specifically for the purpose of 
predicting future seizures) contain signals predictive of 
the risk of seizure recurrence. We performed this 
ascertainment by training machine learning models to 
predict the risk of seizure recurrence in a patient with an 
initial seizure-like event.  Given that it is not easy for 
humans to translate their intuition to exact percentages 
(eg, to specify whether a particular patient has a ≥60% 
chance of seizure recurrence5), we aimed to evaluate 

whether machine learning methods could quantify the 
risk of seizure recurrence from information naturally 
recorded by physicians.41

We compared traditional approaches (logistic 
regression and XGBoost42) applied to structured EMR 
data with emerging approaches for NLP to predict 
whether a patient presenting with seizure-like events will 
have additional seizures within the next 2 years. We 
relied primarily on a single paediatric health system’s 
EMRs but leveraged data from a nationwide admin
istrative claims dataset to explore how our findings might 
differ from the broader population, including non-
tertiary care settings.

Methods
Data sources
This retrospective cohort study analysed data from two 
separate populations and two different data modalities: 
EMRs from Boston Children’s Hospital and admin
istrative claims data from the IBM MarketScan dataset. 
We included IBM MarketScan data to enable comparison 
of a paediatric tertiary care facility (Boston Children’s 
Hospital) with general nationwide data, in order to 
understand potential differences based on data modality, 
population source, and care setting. Comparisons 
between datasets were made with parametric methods 
where normality was observed (two-sample t-test) and 
non-parametric methods (Mann-Whitney U test) where 
normality could not be discerned.

Using i2b2 (software for patient cohort identification),43 
we identified 14 021 patients meeting the inclusion and 
outcome criteria (provided below) at Boston Children’s 
Hospital between Jan 1, 2010, and Jan 1, 2020 (panel44,45). 
We extracted data on patient demographics, diagnoses, 
medications (home and in-hospital), procedures, and 
laboratory and clinical notes from the i2b2 data model 
for analyses. In addition to the structured medication 
data captured discretely in the EMR medication orders, 
administration, and history, we extracted medication 
data from the clinical notes at Boston Children’s 
Hospital, because we found that patients frequently had 
mentions of external prescriptions in their notes that 
were not captured in the structured data. We extracted 
medication data by first identifying appropriate sections 
with a rules-based approach to identify sections of 
clinical notes referencing medications (history, changes, 
orders, and discharge medication lists). We used 
SciSpacy46 for negation detection and to link medications 
to RxNorm47 so that medications could be categorised by 
drug class. We did a manual chart review of 250 clinical 
notes in which extracted medications were identified 
and 250 notes in which no medications were identified. 
In this process we found two errors: a misspelling and 
an abbreviation (levetiracetam referred to as “LEV”). In 
both cases, other notes for the patient in question 
identified and associated the medication with the 
patient.
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We used de-identified, patient-level, administrative 
claims data from the IBM MarketScan research data
base.48 The IBM MarketScan research database includes 
a broad population based on claims after payment and 
adjudication. It includes covered periods for more than 
273 million individuals with both private (approximately 
50%) and public insurance (eg, Medicaid and the 
Children’s Health Insurance Program [CHIP]; 
approximately 50%). The data provided for this study 
included patient demographics and medical and 
prescription claims (inpatient and outpatient encounters, 
medications, diagnoses, procedures, and laboratory tests  
ordered). Within the IBM MarketScan research database, 
15 062 patients matched the inclusion criteria.

Patient inclusion criteria
The study population comprised patients with an initial 
diagnosis of either epilepsy or convulsions before the age 
of 21 years, based on International Classification of 

Diseases, Clinical Modification codes (ICD9-CM and 
ICD10-CM), with sufficient data to determine whether it 
was likely to be a first-time event and for follow-up 
outcome assessment.

Patients were required to fulfil three criteria. First, they 
had to have an encounter (at Boston Children’s Hospital) 
or insurance coverage (in IBM MarketScan) for any 
reason at least 1 year before an initial seizure-like episode 
to enrich for those patients without a history of seizures 
(patients having a first seizure-like event before 1 year are 
required to have an encounter for other purposes at least 
1 week before the index encounter to filter for patients 
being referred after having previous seizures). Second, 
they were required to have an index encounter for 
epilepsy or convulsions (appendix p 1). Notably, the 
definition for this index encounter is broader than the 
definitions used to identify outcomes because the code 
used at the time of initial diagnosis might differ from 
that used in future visits for the same issue or even the 
clinical notes from the initial visit. Third, they were 
required to have an additional encounter for any purpose 
(at Boston Children’s Hospital) or coverage (in IBM 
MarketScan) at least 2 years after the index event.

The goal of this definition was to enrich the cohort for 
patients having their first seizure-like event by including  
a sufficiently long period before the index date, while also 
having sufficient follow-up to evaluate whether seizures 
recurred. Unlike other large database studies defining 
epilepsy,49–51 we sought to identify patients with an initial  
seizure or seizure-like event. Therefore, it did not seem 
appropriate to use prescription release encounters to 
define the initial cohort.

Notably, any definitions used to define these cohorts 
will have their limitations. In this case, the requirement 
of any encounter at least 1 year earlier excluded patients 
who were healthy and did not receive care at Boston 
Children’s Hospital. The alternative, however, was 
risking the inclusion of patients who received their care 
outside of Boston Children’s Hospital, had a series of 
seizures, and then arrived at Boston Children’s Hospital 
for the first time. These patients would not be 
representative of those having an initial seizure-like 
episode. Additionally, the requirement for an encounter 
at least 2 years after the index event was necessary to 
have a sufficient follow-up time to observe outcomes. It 
also helped to filter patients who were seen at Boston 
Children’s Hospital as a one-off specialty referral for a 
second opinion, as these patients generally would not 
meet the first and third criteria.

Outcome criteria
Because neither the EMR nor claims data will capture all 
seizures occurring in these two cohorts, we developed 
meaningful definitions of seizure recurrence. We 
developed a binary composite label to serve as a proxy for 
a patient having an additional seizure after the first event 
(panel). To define this label we used measures of epilepsy 

Panel: Individual criteria making up the composite score, a heuristic for additional 
seizures

Total ASM classes
Three or more total antiseizure medication (ASM) classes (including rescue therapies; 
eg, benzodiazepine, see appendix pp 2–3).

Simultaneous ASM classes
Two or more ASM classes where each ASM is prescribed at least one additional time after 
an initial overlapping period.

Status epilepticus
Any International Statistical Classification of Diseases (ICD) codes for status epilepticus 
after initial seizure (ICD-944: 345.2, 345.3, and 345.7; ICD-1045: G40.001, G40.011, 
G40.101, G40.111, G40.201, G40.211, G40.501, G40.801, G40.803, G40.901, G40.911, 
and G41).

Inpatient admissions for seizures
Inpatient admission where epilepsy is listed as primary or admitting billing code (ICD-9 
code 345.** or ICD-10 code G40.*; eg, excluding convulsions ICD9–780** and 
ICD10-R56*).

Referrals to neurology or neurology notes
Four or more consult orders or neurology notes, or both, during the course of a visit 
where epilepsy is listed as a billing code (required to occur on unique days, at least 1 week 
apart).

Epilepsy-related procedure orders
Any of the following procedures during a visit with epilepsy billing codes (at least 1 week 
after an initial seizure-like event): electroencephalogram, brain MRI, head CT, fMRI, 
FDG-PET, or surgical treatment (eg, resective epilepsy surgery); the order must occur in an 
encounter with an epilepsy ICD code and the patient must have at least one more epilepsy 
ICD code more than 1 week after the procedure.

Distinct days with epilepsy ICD billing codes
More than 4 distinct days (each at least 1 week apart) with epilepsy ICD codes (ICD-9 
code 345.** or ICD-10 code G40.*).

Patients will be considered to have had additional seizures if they match any of the above criteria in the 2 years after an initial  
seizure-like event.
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available in real-world data, including adjunctive therapy, 
diagnoses of status epilepticus after initial presentation, 
seizure-related inpatient admissions, seizure-related 
health-care utilisation, all health-care utilisation, seizure-
related diagnostic testing, and seizure-related procedures 
performed (definitions provided in the appendix p 4). 
Outcome definitions were in part derived from previous 
work validating coding definitions for administrative 
claims data.52 Patients meeting any of the criteria outlined 
in the panel were considered to be positive for seizure 
recurrence and only those not matching any criteria were 
considered to be seizure-free. This is an imperfect proxy 
definition due to the absence of specific data capture 
around seizures, but it incorporates substantial expert 
knowledge.

The definition for outcome epilepsy-specific ICD 
billing codes (ICD-9 code 345.** or ICD-10 code G40.*, 
eg, excluding convulsions ICD9–780.** and ICD10-R56.*) 
has been shown to have high sensitivity and specificity 
for epilepsy.51 The use of ICD-based definitions allows for 
cross-comparison between EMR and claims data (EMR-
only definitions might be more accurate but require 
additional validation and cannot be used with claims 
data). For procedures, we required both an epilepsy-
related procedure code in an encounter with an epilepsy-
specific diagnosis (as defined above) as the primary or 
admitting code. We also required another epilepsy-
specific diagnosis at least 1 week after the procedure to 
avoid the issue of procedures being misclassified as 
recurrence, as reported in the literature.53 The included 
medications are provided in the appendix (pp 2–3), 
including both first-line epilepsy treatments and ASMs 
indicated for adjunctive use.

We required status epilepticus to either be the primary 
or admitting code, or for the primary or admitting code 
to be one of the epilepsy-specific ICD billing codes. This 
approach filtered for cases of febrile status epilepticus. 
Since coding is not perfect, we determined that febrile 
status epilepticus coded as afebrile status epilepticus is 
reasonable to include in the status epilepticus category, 
because febrile status epilepticus might occur in the 
context of Dravet syndrome or in entities such as febrile 
infection-related epilepsy syndrome (FIRES). FIRES is a 
subcategory of new-onset refractory status epilepticus, 
which is associated with substantial morbidity and 
mortality.54 The consensus definition of FIRES has been 
published,54 and there is no specific ICD-10 code for 
FIRES. Since status epilepticus is a neurological 
emergency, we aimed to identify any cases of status 
epilepticus regardless of whether they were febrile or 
not. Additionally, although ASMs in general are not 
recommended for recurrent febrile seizures, which are 
assumed to be benign, we believe our outcome definition 
aligns with the fact that for some patients, complex 
febrile seizures or febrile status epilepticus might be 
characteristic of an underlying epilepsy syndrome, and 
might therefore indicate an increased risk of afebrile 

seizures.55,56 As such, we did not include specific codes 
for febrile seizures in the outcome definition for 
recurrence, but acknowledge that if a patient is treated 
with ASMs (ie, the physician believes the patient is high 
risk) or has status epilepticus, they will be included in the 
recurrent group.

Prediction of seizure outcomes
We performed five-fold cross-validation using 80% of the 
dataset for training (11 216 patients at Boston Children’s 
Hospital and 12 049 within IBM MarketScan) and 20% for 
evaluation (2805 patients at Boston Children’s Hospital 
and 3013 within IBM MarketScan). We repeated this five-
fold cross-validation for each individual outcome 
described in the panel as well as the composite score (ie, 
meeting any individual outcome) to assess the stability of 
predictive performance across potential outcome 
measures. Given the sample sizes and because the 
purpose of this study was to understand whether clinical 
data sources encode information about seizure 
recurrence after an initial seizure-like event, rather than 
deployment, we did not do additional hyperparameter 
tuning for the clinical longformer models and therefore 
only used a train and test split of data. We calculated 
95% CIs with bootstrapping to 1000 random samples.

We performed predictions of seizure recurrence using 
XGBoost42 and the scikit-learn implementation of logistic 
regression57 as a baseline comparison. We performed an 
extensive hyperparameter sweep for both logistic 
regression and XGBoost (>600 000 total parameter 
combinations). Full details are available in the 
appendix (p 5). We examined feature sets including 
diagnoses in either ICD or PheCode form, procedures 
(Current Procedural Terminology [CPT] and ICD), 
medications (National Drug Codes [NDCs] rolled up with 
RxNorm), and laboratory results (logical observation 
identifiers names and codes [LOINCs]). Pipelines with 
both classifiers showed the strongest performance with 
the full feature set features where diagnoses were 
represented by PheCodes.

We first constructed a feature vector containing the 
counts of each observed code in the year before the initial 
seizure diagnosis (up to and including the day of the first 
seizure diagnosis).58 Each feature vector had a 
corresponding set of labels, but the parameter sweep and 
primary evaluations were done with the composite score 
as a binary label.

We then performed normalisation of these vectors, and 
found that for both pipelines the strongest performing 
normalisation technique was to represent a patient as a 
vector of the counts of occurrences for each code and then 
perform log-normalisation: log(count occurrences + 1), 
clipped to a maximum of 1. This approach allows 
contribution of multiple diagnoses for patients while 
avoiding large outliers. Each subsequent diagnosis decays 
under the assumption that the first diagnosis is most 
informative, followed by the second, and so on. 
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Differences between, for example, eight and nine 
diagnoses might be more likely to be driven by health-
care dynamics and billing processes.

After all features were normalised, feature selection 
techniques were evaluated on the training dataset, based 
on frequency, information content, and association with 
outcomes (recursive feature elimination and χ² statistic 
ranking). We found that including all features present in 
at least 1% of the data was best for XGBoost (2115 features) 
and selecting the top 500 best features according to the 
χ² test statistic was best for logistic regression.

Finally, we evaluated parameters for the classifiers 
themselves. For many parameter settings, it was not 
possible to determine that one model significantly 
outperformed another. In these cases, the simpler (eg, 
fewer estimators, reduced depth, or fewer included 
features) and default parameters were used. For logistic 
regression, we identified that the default parameters for 
logistic regression with “elasticnet” penalisation with 
class balancing performed as well as any other included 
parameter set (no parameters showed a significant cross-
validation score). For XGBoost, we found non-inferior 
performance with the default parameters except when 
setting the number of estimators to 500 and setting 
lambda and alpha regularisation terms to 0·1.

We acknowledge this parameter sweep has the potential 
to inflate performance due to multiple testing. Because 
the structured EMR data are only meant for baseline 
comparison, we chose the strongest baseline possible to 

compare with the NLP-based models. This approach 
reduces the potential for an under-optimised baseline 
comparison. Details of the full pipeline parameter sweeps 
of initial feature sets, normalisation, feature selection, and 
classifier parameters are available in the appendix (p 5).

Long-sequence transformers40 were proposed with the 
idea of sparse attention mechanism for more efficient 
scaling with sequence length, thus enhancing the ability 
of modelling long-term dependency. Here, we used the 
clinical-longformer model42 as the base for our experi
ments, which is pre-trained on an unrelated clinical 
corpus (MIMIC-III clinical notes43).

We performed additional pre-training on clinical notes 
from Boston Children’s Hospital to create the Boston 
Children’s Hospital clinical-longformer model. To do 
this, we selected the relevant notes, defined as all 
neurology notes, communications (eg, patient messages), 
imaging and EEG reports (eg, brain MRI and head CT 
scans), and discharge summaries from patients who had 
diagnoses for epilepsy or convulsions but did not match 
our inclusion criteria (eg, had a seizure on their first visit, 
did not have follow-up data, and so on).

 These criteria provided 8 549 848 clinical notes for pre-
training (1·7 billion tokens), several times more tokens 
than the clinical pre-training of the base model with 
MIMIC (approximately 2 million notes). Less than 5% of 
around 8·5 million notes were longer than 4096 tokens. 
Notes longer than 4096 tokens were split into multiple 
notes with an overlapping window of 512 tokens. We 
used Nvidia RTX 8000 with 48 GB of RAM. This allowed 
for a per-device batch size of 4 and, by accumulating the 
gradient over two steps, an effective batch size of 32. All 
other hyperparameters were kept the same as the original 
clinical-longformer model.33 We used the Hugging Face 
transformers library59 to run additional pre-training for 
300 000 steps, taking approximately 1 week. We compared 
the model with additional or domain-specific pre-training 
to the base clinical-longformer model.

We first empirically evaluated the masked language 
modelling performance of the base clinical-longformer 
model and the Boston Children’s Hospital clinical-
longformer model by providing prompts that include a 
missing word for the models to fill in (table 1). This 
approach allowed for an intuitive, qualitative comparison 
between the two models. We then fine-tuned each model 
on a classification prediction task using the relevant notes 
from patients who matched the inclusion criteria for the 
set of outcomes described in the panel. Fine-tuning was 
done with each note, predicting whether the patient would 
have seizure recurrence, yielding multiple notes per 
patient. We fine-tuned for up to five epochs, with early 
stopping based on training loss after every ten steps and a 
patience of ten (ie, 100 total steps). During fine-tuning we 
used a per-device batch size of 32 without gradient 
accumulation, for an effective batch size of 128. Additionally, 
layer-wise weight decay was set to 0·01. We performed 
fine-tuning using two approaches: where the weights of 

Base clinical-longformer mask 
prediction

Boston Children’s Hospital clinical-
longformer mask prediction

The patient suffered a <mask> Stroke, fracture, fall, seizure, 
trauma

Concussion, fall, seizure, fracture, 
stroke

The patient experienced a 
<mask>

Seizure, headache, fall, stroke, fever Seizure, fall, concussion, headache, 
fever

The patient’s episode was a 
<mask>

Brief, trigger, transient, problem, 
seizure

Seizure, fever, headache, concussion, 
fall

Patient with refractory 
<mask>

Hypertension, disease, pneumonia, 
infection, diabetes

Epilepsy, seizures, seizure, disease, 
headaches

Patient will undergo elective 
<mask>

Procedure, surgery, cath, 
transjugular intrahepatic 
portosystemic shunt, 
transesophageal echocardiography

Surgery, admission, MRI, procedure, 
EEG

The EEG showed <mask> Normal, improvement, changes, 
slowing, abnormalities

Seizures, normal, abnormalities, 
spikes, seizure

Patient experienced a focal 
<mask>

Headache, seizure, weakness, 
deficit, pain

Seizure, event, seizures, episode, 
epilepsy

Leviteracetam is used to treat 
<mask>

Seizures, this, nausea, pain, anxiety Seizures, epilepsy, migraine, seizure, 
depression

Patient has a high likelihood 
of additional seizures so a 
<mask> was ordered

EEG, section, transesophageal 
echocardiography, consult, second

EEG, MRI, PET, CT, video

Patient experienced a <mask> 
seizure

Generalised, witnessed, second, 
brief, focal

Breakthrough, generalised, second, 
prolonged, focal

Top five masked predictions ordered from highest to lowest score. EEG=electroencephalogram.

Table 1: Prompts for understanding the impact of fine-tuning on Boston Children’s Hospital clinical 
notes 
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the entire model were trainable and where only the 
weights of the head of the model were trainable.

The predictions at the note level were aggregated to the 
patient level by selecting the class of the prediction with 
largest margin from the threshold (0·5). This aggregation 
can be interpreted as pseudo-confidence scores where 
the note with the most confident prediction in either 
direction was used. We explicitly did not perform an 
additional hyperparameter sweep for the clinical-
longformer or Boston Children’s Hospital clinical-long
former fine-tuning, classification, or note aggregation 
steps, to avoid the risk of multiple testing issues during 
cross-validation. This aggregation strategy was chosen 
because it is intuitive and values notes encoding 
information leading to “confident” predictions. There are 
likely to be more sophisticated aggregation strategies that 
could improve performance but these strategies should 
be created and evaluated in a larger sample with 
additional levels of hold-out validation sets.

We did an ablation study over notes to understand where 
the predictive signal is encoded. We concretely trained 
separate Boston Children’s Hospital clinical-longformer 
models with notes from each note type and compared the 
performance of each model. The following note types were 
considered: neurology notes and communications 
(eg, messages to but not from patients, and messages 
describing interactions with patients), EEG reports, brain 
MRI reports, head CT reports, discharge summaries, and 
all relevant notes (all specified note types).

Standard protocol approvals, registrations, and patient 
consent
The institutional review boards of Harvard Medical School 
and Boston Children’s Hospital reviewed and approved 
the research protocol and waived the requirement for 
written consent as the study presents no more than 
minimal risk to the privacy of individuals, uses only data 
collected as part of routine clinical care, and presents only 
aggregate results (which do not include any identifiable 
information), and the study could not practically be 
conducted without the waiver of informed consent.

Role of the funding source
The study funders did not play a role in data collection, 
data analysis, or data interpretation, writing of the 
manuscript or the decision to submit the manuscript for 
publication.

Results
The primary cohort comprised 14 021 children at Boston 
Children’s Hospital and the comparison cohort 
comprised 15 062 children within the IBM MarketScan 
research database (table 2). The included population had 
a non-epilepsy encounter (at Boston Children’s Hospital) 
or insurance coverage (in IBM MarketScan) at least 1 year 
before the index seizure-like event encounter (occurring 
between birth and 21 years of age, as defined in the 

appendix p 1). Additionally, as defined above, patients 
were required to have any encounter (at Boston 
Children’s Hospital) or insurance coverage (in IBM 
MarketScan) at least 2 years after the index encounter.

The two populations had a few key differences. Patients 
at Boston Children’s Hospital had, on average, an earlier 
onset of epilepsy than those in the IBM MarketScan 
dataset (6·76 vs 10·20 years; p<0·0001) and less focal 

Boston Children’s 
Hospital EMR 
(n=14 021)

IBM MarketScan 
(n=15 062)

p value

Sex

Male 7920 (56·5%)* 8013 (53·2%) >0·25

Female 6100 (43·5%)* 7049 (46·8%) <0·0001

Age at initial diagnosis (years) 6·76 10·20 <0·0001

<1 year 2228 (15·9%) 622 (4·1%) <0·0001

1 to <2 years 1566 (11·2%) 1174 (7·8%) <0·0001

2 to <3 years 768 (5·5%) 1080 (7·2%) <0·0001

3 to <6 years 2311 (16·5%) 1636 (10·9%) <0·0001

6 to <11 years 2908 (20·7%) 3127 (20·8%) <0·0001

11 to <16 years 2367 (16·9%) 3362 (22·3%) <0·97

16 to <21 years 990 (7·1%) 4061 (27·0%) <0·0001

Location (state or region) 

Massachusetts 12 196 (87·0%) ·· ··

New Hampshire 662 (4·7%) ·· ··

Rhode Island 211 (1·5%) ·· ··

Maine 198 (1·4%) ·· ··

New York 162 (1·2%) ·· ··

Connecticut 151 (1·1%) ·· ··

No zip code available 150 (1·1%) ·· ··

Vermont 43 (0·3%) ·· ··

Other 248 (1·8%) ·· ··

Northeast ·· 2934 (19·5%) ··

North Central ·· 3332 (22·1%) ··

South ·· 6707 (44·5%) ··

West ·· 2089 (13·9%) ··

Race

White 9535 (68·0%) NA ··

Other 1726 (12·3%) NA ··

Black or African-American 1237 (8·8%) NA ··

Declined to answer 568 (4·1%) NA ··

Asian 405 (2·9%) NA ··

Unable to answer 333 (2·4%) NA ··

Hispanic or Latino 112 (0·8%) NA ··

Unknown 105 (0·7%) NA ··

Epilepsy type (most common diagnoses for cases only; table 3)

Total cases (composite score) 7964 9489 <0·0001

Focal 4050 (50·9%) 5289 (55·7%) <0·0001

Generalised 3514 (44·1%) 3824 (40·3%) <0·0001

Even number of focal or generalised 400 (5·0%) 376 (4·0%) 0·0032

Data are n (%). EMR=electronic medical record. NA=not available. *One patient did not have a recorded value for sex in 
their medical record. Case definitions for epilepsy diagnosis subgroups are defined in the panel.

Table 2: Demographics of the study population across Boston Children’s Hospital EMRs and IBM 
MarketScan dataset
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epilepsy after an initial seizure-like event (50·9% vs 55·7%; 
p<0·0001). Information on race or ethnicity  was not 
available in IBM MarketScan. Within Boston Children’s 
Hospital, groups of fewer than 30 patients (American 
Indian or Alaska Native, Native Hawaiian or Other Pacific 
Islander) were included in the “Other” category to avoid 
the potential for re-identification or identification of an 
individual being included in this study. Location 
information within IBM MarketScan was available only at 
the regional level. The requirement for non-seizure-like 
encounters enriched for patients located close to Boston 
Children’s Hospital who might be more likely to receive 
primary or other care at Boston Children’s Hospital. 
Within the cohort, 87·0% of patients were from 
Massachusetts and 96·0% were from New England 
(ie, from the states of Maine, Vermont, New Hampshire, 
Massachusetts, Connecticut, and Rhode Island). When 
removing the requirement for a non-seizure-like 
encounter at least 1 year before epilepsy, the proportion of 
patients within Massachusetts dropped to 70·1%, 
with 83·2% from New England (appendix p 10). This filter 
is important because patients outside the New England 
region might be more likely to be referrals and the first 
observed seizure-like event at Boston Children’s Hospital 
is unlikely to be the first event occurring in such patients.

To allow for comparison with the published literature, 
we compared initial treatment choices for those prescribed 
an ASM (appendix p 2). In line with the published 
literature, levetiracetam was the most common initial 
treatment. However, there was heterogeneity in treatment 
received, both in terms of the ASMs prescribed and the 
population of patients who received ASMs as rescue 
therapies or adjunctive therapy. Importantly, we observed 
that a lower proportion of patients at Boston Children’s 
Hospital (59·4%) had an indicated treatment present in 
their EMR during the study period than those observed in 
IBM MarketScan (74·7%; appendix p 7). This difference 
was reduced but not eliminated when performing 

NLP-based extraction of ASMs. Notably, ASMs have 
alternative indications. For example, in the paediatric 
population, gabapentin is prescribed far more frequently 
for management of neuropathic pain than for epilepsy.59 
Although we required that the ASM appears in an 
encounter with an epilepsy diagnosis, it is likely that not 
all ASMs used for non-epilepsy indications were filtered 
out. The observed frequencies of gabapentin as a first-line 
treatment were 1·94% in IBM MarketScan, 2·88% in the 
structured Boston Children’s Hospital dataset, and 2·99% 
in the NLP-based Boston Children’s Hospital dataset 
(pp 7–8). At Boston Children’s Hospital we observed that 
patients receiving gabapentin as the first ASM after a 
seizure-like event were more likely to have focal epilepsy 
(67·8% vs 50·9%, p<0·0001), and had significantly higher 
rates of neuropathy, anxiety, pain, migraines, headaches, 
depression, infantile cerebral palsy, and encephalopathy 
(appendix p 8). These attributes might explain the higher 
rates of gabapentin use as a first-line treatment.

Table 3 shows epilepsy-related outcomes within 2 years 
of an initial seizure-like episode. The composite score is 
described in the Methods section as well as in the panel. 
Overall, the mean composite score for epilepsy severity 
was slightly higher (0·63) within the IBM MarketScan 
cohort than in the Boston Children’s Hospital 
cohort (0·57). The use of a composite score allowed for 
important comparisons between a specialised academic 
health system and a general nationwide cohort. This 
analysis illustrates the potential effects of biases that 
could be present given the nature of Boston Children’s 
Hospital (eg, referrals to a specialised academic health 
system might constitute more severe cases, and patients 
might receive follow-up care outside of Boston Children’s 
Hospital and therefore not be observed). These challenges 
provide an important context to results that are based on 
a single health system. Patients in the Boston Children’s 
Hospital cohort had fewer distinct encounter days with 
an epilepsy ICD code, and fewer encounters for status 

Median (IQR) Mean p value

Boston Children’s 
Hospital 

IBM 
MarketScan

Boston Children’s 
Hospital

IBM 
MarketScan

Presence of a diagnosis of status epilepticus* 0 (0–0) 0 (0–0) 0·14 (0·35) 0·25 (0·43) <0·0001

Number of inpatient admissions for all causes 0 (0–0) 0 (0–0) 1·57 (7·84) 0·91 (2·07) <0·0001

Number of inpatient admissions for seizures 0 (0–0) 0 (0–0) 0·37 (1·25) 0·34 (0·84) 0·013

General utilisation; number of distinct days with ICD code 7 (3–15) 17 (14–37) 12·82 (19·89) 25·78 (37·78) <0·0001

Seizure-related utilisation; number of distinct days with seizure-related 
ICD codes

2 (0–6) 3 (2–10) 4·13 (5·97) 6·40 (14·02) <0·0001

Number of ASM classes (mean of those receiving at least 1 ASM) 1 (0–2) 1 (0–2) 1·36 (1·79) 1·41 (1·71) 0·17

Number of neurology notes during epilepsy-related ICD visit 3 (1–8) NA 6·61 (10·90) NA NA

Number of seizure-related imaging and procedures 0 (0–1) 0 (0–1) 0·84 (2·35) 0·86 (2·41) >0·25

Composite score (meeting any of the criteria defined in panel) 1 (0–1) 1 (0–1) 0·57 (0·50) 0·63 (0·48) <0·001

Data are median (IQR) or mean (SD). ICD=International Classification of Diseases. ASM=antiseizure medication. NA=not available. *1=present, 0=absent; mean represents 
proportion of patients with diagnosis. 

Table 3: Epilepsy-related outcomes and health-care utilisation in the 2 years after an initial diagnosis
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epilepticus. However, a higher proportion of encounters 
in the Boston Children’s Hospital cohort were related to 
inpatient admissions.

We evaluated the ability of various machine learning 
approaches to predict outcomes related to seizure 
recurrence, with particular attention paid to the com
posite score (figure A, B). Results are available in tabular 

form with 95% CIs in the appendix (p 7). We compared 
methods based on structured data (XGBoost and logistic 
regression) across both Boston Children’s Hospital and 
IBM MarketScan datasets. Within Boston Children’s 
Hospital we also compared two models, the base clinical-
longformer model and the clinical-longformer model 
with additional pre-training with Boston Children’s 

Figure: Prediction performance for the composite score of seizure recurrence
(A) Comparison of different classifiers by F1-Score. (B) Comparison of different classifiers by area under the receiver operating characteristic (AUROC). (C) Prediction performance providing only specific 
note types (AUROC). (D) Prediction performance to sub-labels for the composite label (AUROC). Error bars depict 95% CIs. BCH=Boston Children’s Hospital. CL=clinical longformer. 
EEG=electroencephalogram. ICD=International Classification of Diseases.
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Hospital data under two settings: allowing only the 
classifier layer to be trained during fine-tuning and 
allowing the entire transformer to be trained during fine-
tuning.

Large language models with additional domain and 
location specific pre-training on patients excluded from 
the study (F1-score 0·826 [95% CI 0·817–0·835], 
AUC 0·897 [95% CI 0·875–0·913]) performed best. All 
large language models, including the base model 
without additional pre-training (F1-score 0·739 [95% CI 
0·738–0·741], AUROC 0·846 [95% CI 0·826–0·861]), 
outperformed models trained with structured data. With 
structured data only, XGBoost outperformed logistic 
regression and XGBoost models trained with the Boston 
Children’s Hospital EMR (logistic regression: F1-score 
0·650 [95% CI  0·643–0·657], AUC 0·694 [95% CI 
0·685–0·705], XGBoost: F1-score 0·679 [0·676–0·683], 
AUC 0·725 [0·717–0·734]) performed similarly to models 
trained on the IBM MarketScan database (logistic 
regression: F1-score 0·596 [0·590–0·601], AUC 0·670 
[0·664–0·675], XGBoost: F1-score 0·678 [0·668–0·687], 
AUC 0·710 [0·703–0·714]). 

We observed several important trends: there was a 
significant improvement in performance for full 
transformer models over traditional approaches with the 
tabular structured data; it was important to allow the 
entire transformer model to be trainable when 
performing fine-tuning; and fine-tuning on an excluded 
cohort at Boston Children’s Hospital (the clinical-
longformer model) provided a significant performance 
improvement over the base clinical-longformer model.

Additionally, transformer models pre-trained and fine-
tuned on all relevant clinical notes (neurology notes, 
discharge summaries, imaging reports, and EEG reports) 
performed better than models pre-trained and fine-tuned 
on any one category of clinical notes (figure C). The model 
fine-tuned on neurology notes outperformed each of the 
diagnostics, EEG, brain MRI, and head CT reports, as well 
as the full discharge summaries. Finally, comparison of 
fine-tuning and evaluation of the composite label versus 
individual labels (eg, drug classes) did not result in a 
major variation in prediction performance, but it is 
possible the composite label reduced noise by aggregating 
each of the categories and as a result best represents the 
intended task (figure D). 

Because methods to interpret large language models 
are still evolving and do not yet offer clear inter
pretability,60 we sought instead to empirically characterise 
differences between the base clinical-longformer model 
and the Boston Children’s Hospital clinical-longformer 
model (table 1). To do this, we explored epilepsy-related 
prompts for masked language modelling. Specifically, 
we asked the transformer model to fill in a masked word 
in a given sentence. Although anecdotal, we observed 
that the Boston Children’s Hospital model predicted 
more realistic concepts with a stronger relationship to 
epilepsy. 

Discussion
These findings yield several important conclusions. Most 
importantly, we found that physicians encode meaningful 
prognostic information about seizure recurrence in clinical 
notes. Although it is difficult for humans to quantify risk 
as a percentage, these findings indicate that physicians 
record a sufficient amount of relevant information for 
large language models to quantify risk with a strong degree 
of accuracy. Additionally, the improved performance of the 
models trained on clinical notes shows the utility of 
leveraging clinical text beyond structured data where 
feasible. Pre-training large language models on domain-
specific (ie, clinical) and sub-domain-specific (ie, paediatric 
neurological) data can yield substantial improvements. We 
expect that this trend would also include location-specific 
data (ie, Boston Children’s Hospital), although demon
strating this was outside the scope of the current study and 
would require inclusion of additional children’s hospitals. 
Finally, this study shows that modern EMR-based data 
warehouses can contain sufficient data for additional pre-
training of large language models even for specific tasks 
(eg, predicting seizure recurrence).

While evaluating this primary task, we identified several 
additional findings as well as important limitations. We 
observed that models fine-tuned on neurology notes 
outperform each other category. Although diagnostic 
reports tend to report findings in a fact-based manner, 
progress notes, consult notes, and discharge summaries 
frequently include subjective sections and even prognoses 
and future treatment plans. Additionally, we hypothesise 
that the performance improvement over discharge 
summaries could be due to two primary factors: patients 
with discharge summaries were admitted to the hospital at 
the time of their first seizure-like event as opposed to being 
seen in an outpatient setting and therefore might be sicker, 
have additional comorbidities, or other factors that make 
their prognosis more complicated. This discrepancy could 
be partly due to the fact that patients are frequently admitted 
to general paediatrics and then seen by a neurological 
consultant. This means that the discharge summary is 
commonly written by a paediatrics resident rather than a 
paediatric neurologist. The performance difference 
between discharge summaries and neurology notes could 
therefore arise because the neurology notes include more 
specialised insight. An important next step to follow up on 
these findings would be to develop or use methods as they 
become available to interrogate large language models to 
understand what information they are capturing that is not 
being captured by the structured EMR data.

We observed that children with an encounter for a new-
onset seizure-like presentation in the IBM MarketScan 
database were prescribed an ASM more often than patients 
in the Boston Children’s Hospital dataset (appendix p 5). A 
subset of patients at Boston Children’s Hospital might 
have been treated externally, leading to no prescription 
being present in the structured EMR data. However, this 
information was captured in the clinical notes. The 
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remaining difference could have been due to variations in 
clinical practice (eg, specialised epileptologists at Boston 
Children’s Hospital might be more adherent to clinical 
guidelines than general neurologists in the IBM 
MarketScan cohort, have a higher threshold to start ASMs, 
keep the possibility of seizure mimics higher in their 
differential diagnosis, or other reasons). The younger age 
of patients and lower prevalence of focal epilepsies in the 
Boston Children’s Hospital cohort could partially explain 
the lower incidence of ASM prescriptions. For example, 
simple febrile seizures are fairly common in children aged 
younger than 5 years, and are relatively clear cases that do 
not warrant long-term ASM prescription.11 Other reasons 
for differences in clinical practice are not easily testable. 
Therefore, this is an important limitation to mitigate 
against when working with EMRs from a single health 
system, especially if it is a major referral centre for complex 
cases.

Our comparison of epilepsy-related outcomes 
within 2 years of an initial seizure-like event illustrates 
differential effects of biases between a specialised 
academic health system and a general nationwide 
cohort. Different modalities of real-world data have 
distinct strengths and weaknesses for informatics 
analyses. Large-scale administrative claims datasets 
present substantial strengths in terms of sample size, as 
well as the completeness of care recorded across 
multiple health-care systems and providers. However, 
administrative claims datasets have a lower resolution 
of patient health data, and their use for billing and 
reimbursement or quality reporting and improvement 
can lead to biases inherent to these processes. By 
contrast, a single health system’s EMR includes 
substantially more data per patient, different data types 
for validation (eg, clinical notes), as well as direct 
measurements of patient physiology (eg, laboratory and 
vital measurement results). Despite similar overall rates 
of seizure recurrence (according to our composite 
score), fewer patients in the Boston Children’s Hospital 
cohort had an encounter for status epilepticus. Patients 
with status epilepticus, a life-threatening event, usually 
go to the closest emergency department to receive 
treatment. This might not necessarily have been Boston 
Children’s Hospital and therefore would not have been 
captured in the Boston Children’s Hospital EMR. 
Additionally, more patients at Boston Children’s 
Hospital received inpatient treatment for non-epilepsy 
reasons, likely indicating that they had higher medical 
complexity than patients in the IBM MarketScan 
dataset. This discrepancy could have influenced health-
care provider prescribing habits. These challenges are 
important to keep in mind when interpreting results 
based on a single health system.

Throughout this study, we relied on clinical knowledge-
based cohort definitions and silver-standard labels in the 
form of our composite score for seizure recurrence. Both 
EMRs and administrative claims datasets only capture 

treatment related to seizures and might not accurately 
document every seizure. Additionally, paediatric seizures 
are especially challenging as they often rely on a parent or 
caregiver observing, recognising, and communicating 
symptoms to a physician. The composite score was 
designed to capture seizure recurrence necessitating 
clinical attention, but it has not been directly validated 
against a gold-standard prospective trial for capturing 
recurrent seizures. The best options within routine 
clinical care would be to examine assets such as long-term 
video EEG monitoring, but even these would present 
substantial challenges since these evaluations are typically 
taken while physicians are adjusting or even withholding 
medications in order to characterise seizures for 
successful long-term treatment. Additionally, the 
increasingly widespread prevalence of smartphones and 
less restrictive wearables might present the opportunity 
for improved longitudinal monitoring. It will be 
worthwhile to explore technologies in this area as they are 
developed. Although there are limitations to the composite 
score extracted from real-world data, we believe the 
stability of prediction models across individual measures 
helps to illustrate the value of the composite score.

Finally, given the strong performance of the Boston 
Children’s Hospital clinical-longformer model, there is a 
compelling reason to further explore this model. First, we 
intend to replicate these results at additional paediatric 
hospitals. We expect that models will require substantial 
pre-training and fine-tuning at each site. Second, we plan to 
explore prospective assessment where physicians are asked 
to estimate the recurrence risk for patients matching 
inclusion criteria. We will assess whether physicians have a 
strong intuition of seizure recurrence (justifying the 
60% threshold set by the International League Against 
Epilepsy) or whether they are simply capturing sufficient 
relevant information for a large language model to learn 
patterns. In conjunction with this, we intend to further 
explore model interpretation as methods become more 
robust, to investigate what is driving the predictions. We 
also intend to observe model performance in more diverse 
settings, especially where non-specialist physicians are 
more likely to treat patients after an initial seizure-like 
event. This approach offers the potential to evaluate 
whether specialist physicians, in this case child neurologists 
or epileptologists, or both, hold a more accurate prognostic 
intuition than non-specialists or general practioners.

We believe there is considerable work to be done in both 
model development and from an implementation science 
perspective before making models operational on the basis 
of clinical notes. The work of Jiang and colleagues37 showed 
the strong performance of large language models in 
predicting general health-care outcomes in a large health 
system. Despite the potentially strong performance of such 
models, however, we have concerns about the clinical 
deployment of models constructed in this manner. Notably, 
Jiang and colleagues’37 model truncates notes to 512 tokens, 
whereas in the present study the median number of tokens 
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per note was 1019, meaning their model would cut off 
nearly half the notes in our dataset. For a note written in the 
widely used SOAP (subjective, objective, assessment, and 
plan)61 format, this could exclude the entire plan section of 
the note. The tokeniser used by Jiang and colleagues37 
might be different and alleviate some of these concerns, 
but nearly 5% of the notes in our dataset were longer than 
our context size of 4096. We recognise this as a limitation 
and urge caution about deploying this model for clinical 
decision support. Additionally, when looking at the 
mortality task, within MIMIC-III, approximately 5% of 
clearly identified admission notes are not finalised before 
the clinical event being predicted occurs. We therefore do 
not believe NLP-based approaches are well suited for 
prediction tasks with short-term outcomes. In our study, 
the nearest a patient would be considered recurrent is 
1 week after an index event. We also urge clarification of the 
terminology around deployment, since this term has a 
considerably different meaning in software development 
and clinical settings. Within software development it might 
mean simply that the code is running in real time, but in 
the clinic it typically means that the results are being 
returned to clinicians and are being considered as part of 
their decision making. Before clinical deployment of this or 
other large language models fine-tuned for predictive tasks, 
a formal study is required, especially as we have substantial 
concerns about deployment of models on the basis of 
clinical notes. We are concerned about challenges related to 
health equity and fairness, the potential for models to 
“train” physicians to write notes yielding the model 
prediction they desire (ie, writing notes with a higher 
likelihood of justifying a more expensive treatment 
decision), as well as a dataset shift. Despite these limitations, 
we believe the results shown in this study justify further 
investigation of how information stored in EMRs could be 
used to predict the risk of future medical events.
Contributors
BKB-J contributed to the conception or design of the work; data 
acquisition (pre-processing), analysis and interpretation; software 
development; and drafting and revising the manuscript. PS contributed 
to the conception or design of the work and revising the manuscript. 
IK contributed to the conception or design of the work, data acquisition 
and interpretation, and drafting and revising the manuscript. APB and 
MFV contributed to data interpretation and drafting and revising the 
manuscript. BDW and EA contributed to data interpretation and revising 
the manuscript. JdJ contributed to revising the manuscript. WA 
contributed to data interpretation and drafting and revising the 
manuscript. AP contributed to revising the manuscript. BKB-J and IK 
had access to all the data from Boston Children’s Hospital, and WA, AP, 
and BKB-J had access to all the data from IBM MarketScan, and have 
verified the results.

Declaration of interests
PS, APB, WA, JdJ, and AP were employees of UCB for some or all of the 
time they contributed to this work. All other authors declare no 
competing interests.

Data sharing
The Boston Children’s Hospital EMR is an identified dataset that 
requires Boston Children’s Hospital research affiliation and appropriate 
institutional review board approval to access. Information about 
accessing the IBM MarketScan research database is available via IBM 
(https://www.ibm.com/downloads/cas/0NKLE57Y). The source code is 

available on GitHub (https://github.com/brettbj/seizure-recurrence-
prediction) and in archival form on Zenodo (https://doi.org/10.5281/
zenodo.8226626).

Acknowledgments
This work was supported by a grant from UCB (to IK) and from the US 
National Institutes of Health, National Institute of Neurological 
Disorders and Stroke (grant number R00NS114850) to BKB-J. 

References
1	 Maloney EM, Chaila E, O’Reilly ÉJ, Costello DJ. Incidence of first 

seizures, epilepsy, and seizure mimics in a geographically defined 
area. Neurology 2020; 95: e576–90.

2	 Stainman RS, Kossoff EH. Seizure mimics in children: an age-
based approach. Curr Probl Pediatr Adolesc Health Care 2020; 
50: 100894.

3	 Pellino G, Faggioli R, Madrassi L, Falsaperla R, Suppiej A. 
Operational diagnosis of epilepsy in children at undetermined risk: 
a meta-analysis of prognostic factors for seizure recurrence. 
Epilepsy Behav 2022; 127: 108498.

4	 Moosa ANV. Antiepileptic drug treatment of epilepsy in children. 
Continuum 2019; 25: 381–407.

5	 Fisher RS, Acevedo C, Arzimanoglou A, et al. ILAE official report: 
a practical clinical definition of epilepsy. Epilepsia 2014; 55: 475–82.

6	 Wilfong A. Seizures and epilepsy in children: initial treatment and 
monitoring. In: Nordli DR, Dashe JF, eds. UpToDate. Waltham, 
MA: Wolters Kluwer, 2022.

7	 Shinnar S, Berg AT, Moshe SL, et al. The risk of seizure recurrence 
after a first unprovoked afebrile seizure in childhood: an extended 
follow-up. Pediatrics 1996; 98: 216–25.

8	 Garcia Pierce J, Aronoff S, Del Vecchio M. Systematic review and 
meta-analysis of seizure recurrence after a first unprovoked seizure 
in 815 neurologically and developmentally normal children. 
J Child Neurol 2017; 32: 1035–39.

9	 Glauser T, Ben-Menachem E, Bourgeois B, et al. Updated ILAE 
evidence review of antiepileptic drug efficacy and effectiveness as 
initial monotherapy for epileptic seizures and syndromes. Epilepsia 
2013; 54: 551–63.

10	 Sansevere AJ, Avalone J, Strauss LD, et al. Diagnostic and 
therapeutic management of a first unprovoked seizure in children 
and adolescents with a focus on the revised diagnostic criteria for 
epilepsy. J Child Neurol 2017; 32: 774–88.

11	 Wilmshurst JM, Gaillard WD, Vinayan KP, et al. Summary of 
recommendations for the management of infantile seizures: Task 
Force Report for the ILAE Commission of Pediatrics. Epilepsia 2015; 
56: 1185–97.

12	 Hirtz D, Berg A, Bettis D, et al. Practice parameter: treatment of the 
child with a first unprovoked seizure: Report of the Quality 
Standards Subcommittee of the American Academy of Neurology 
and the Practice Committee of the Child Neurology Society. 
Neurology 2003; 60: 166–75.

13	 Musicco M, Beghi E, Solari A, Viani F. Treatment of first tonic-
clonic seizure does not improve the prognosis of epilepsy. Neurology 
1997; 49: 991–98.

14	 National Guideline Centre (UK). Evidence review: Prediction of 
second seizure: epilepsies in children, young people and adults: 
diagnosis and management. Evidence review 1. April, 2022. 
NICE Guideline, No. 217. https://www.ncbi.nlm.nih.gov/books/
NBK581140/ (accessed Sept 18, 2023).

15	 Hauser WA, Rich SS, Lee JR, Annegers JF, Anderson VE. Risk of 
recurrent seizures after two unprovoked seizures. N Engl J Med 
1998; 338: 429–34.

16	 Villamar MF, Sarkis RA, Pennell P, Kohane I, Beaulieu-Jones BK. 
Severity of epilepsy and response to antiseizure medications in 
individuals with multiple sclerosis: analysis of a real-world dataset. 
Neurol Clin Pract 2022; 12: e49–57.

17	 Shinnar S, Berg AT, Moshé SL, et al. Risk of seizure recurrence 
following a first unprovoked seizure in childhood: a prospective 
study. Pediatrics 1990; 85: 1076–85.

18	 Contento M, Bertaccini B, Biggi M, et al. Prediction of seizure 
recurrence risk following discontinuation of antiepileptic drugs. 
Epilepsia 2021; 62: 2159–70.

19	 Lin J, Ding S, Li X, et al. External validation and comparison of two 
prediction models for seizure recurrence after the withdrawal of 
antiepileptic drugs in adult patients. Epilepsia 2020; 61: 115–24.



Articles

www.thelancet.com/digital-health   Vol 5   December 2023	 e894

20	 Stevelink R, Al-Toma D, Jansen FE, et al. Individualised prediction 
of drug resistance and seizure recurrence after medication 
withdrawal in people with juvenile myoclonic epilepsy: a systematic 
review and individual participant data meta-analysis. 
EClinicalMedicine 2022; 53: 101732.

21	 Chu S-S, Tan G, Wang X-P, Liu L. Validation of the predictive model 
for seizure recurrence after withdrawal of antiepileptic drugs. 
Epilepsy Behav 2021; 114: 106987.

22	 Hawash KY, Rosman NP. Do partial seizures predict an increased 
risk of seizure recurrence after antiepilepsy drugs are withdrawn? 
J Child Neurol 2003; 18: 331–37.

23	 Lamberink HJ, Boshuisen K, Otte WM, Geleijns K, Braun KPJ. 
Individualized prediction of seizure relapse and outcomes following 
antiepileptic drug withdrawal after pediatric epilepsy surgery. 
Epilepsia 2018; 59: e28–33.

24	 Lamberink HJ, Otte WM, Geleijns K, Braun KPJ. Antiepileptic drug 
withdrawal in medically and surgically treated patients: a meta-
analysis of seizure recurrence and systematic review of its 
predictors. Epileptic Disord 2015; 17: 211–28.

25	 Fitzgerald Z, Morita-Sherman M, Hogue O, et al. Improving the 
prediction of epilepsy surgery outcomes using basic scalp EEG 
findings. Epilepsia 2021; 62: 2439–50.

26	 Jehi L, Yardi R, Chagin K, et al. Development and validation of 
nomograms to provide individualised predictions of seizure 
outcomes after epilepsy surgery: a retrospective analysis. 
Lancet Neurol 2015; 14: 283–90.

27	 Kim HJ, Park KD, Choi K-G, Lee HW. Clinical predictors of seizure 
recurrence after the first post-ischemic stroke seizure. BMC Neurol 
2016; 16: 212.

28	 Bonnett LJ, Kim L, Johnson A, et al. Risk of seizure recurrence in 
people with single seizures and early epilepsy — model 
development and external validation. Seizure 2022; 94: 26–32.

29	 Liu G, Locascio JJ, Corvol JC, et al. Prediction of cognition in 
Parkinson’s disease with a clinical-genetic score: a longitudinal 
analysis of nine cohorts. Lancet Neurol 2017; 16: 620–29.

30	 Kim LG, Johnson TL, Marson AG, Chadwick DW. Prediction of risk 
of seizure recurrence after a single seizure and early epilepsy: 
further results from the MESS trial. Lancet Neurol 2006; 5: 317–22.

31	 Bonnett LJ, Marson AG, Johnson A, et al. External validation of a 
prognostic model for seizure recurrence following a first 
unprovoked seizure and implications for driving. PLoS One 2014; 
9: e99063.

32	 van Diessen E, Lamberink HJ, Otte WM, et al. A prediction model 
to determine childhood epilepsy after 1 or more paroxysmal events. 
Pediatrics 2018; 142: e20180931.

33	 Li Y, Wehbe RM, Ahmad FS, Wang H, Luo Y. Clinical-Longformer 
and Clinical-BigBird: transformers for long clinical sequences. 
arXiv 2022; published online April 15. https://doi.org/10.48550/
arXiv.2201.11838 (preprint).

34	 Wulff P, Mientus L, Nowak A, Borowski A. Utilizing a pretrained 
language model (BERT) to classify preservice physics teachers’ 
written reflections. Int J Artif Intell Educ 2022; 33: 439–66.

35	 Lu H, Ehwerhemuepha L, Rakovski C. A comparative study on deep 
learning models for text classification of unstructured medical 
notes with various levels of class imbalance. BMC Med Res Methodol 
2022; 22: 181.

36	 Rasmy L, Xiang Y, Xie Z, Tao C, Zhi D. Med-BERT: pretrained 
contextualized embeddings on large-scale structured electronic 
health records for disease prediction. NPJ Digit Med 2021; 4: 86.

37	 Jiang LY, Liu XC, Nejatian NP, et al. Health system-scale language 
models are all-purpose prediction engines. Nature 2023; 
619: 357–62.

38	 Rajkomar A, Oren E, Chen K, et al. Scalable and accurate deep 
learning for electronic health records. arXiv 2018; published online 
May 11. https://doi.org/10.48550/arXiv.1801.07860 (preprint).

39	 Beaulieu-Jones BK, Yuan W, Brat GA, et al. Machine learning for 
patient risk stratification: standing on, or looking over, the 
shoulders of clinicians? NPJ Digit Med 2021; 4: 62.

40	 Agniel D, Kohane IS, Weber GM. Biases in electronic health record 
data due to processes within the healthcare system: retrospective 
observational study. BMJ 2018; 361: k1479.

41	 Morgan DJ, Pineles L, Owczarzak J, et al. Accuracy of practitioner 
estimates of probability of diagnosis before and after testing. 
JAMA Intern Med 2021; 181: 747–55.

42	 Chen T, Guestrin C. XGBoost: a scalable tree boosting system. arXiv 
2016; published online June 10. https://doi.org/10.48550/
arXiv.1603.02754 (preprint).

43	 Murphy SN, Weber G, Mendis M, et al. Serving the enterprise and 
beyond with informatics for integrating biology and the bedside 
(i2b2). J Am Med Inform Assoc 2010; 17: 124–30.

44	 Pedregosa F, Varoquaux G, Gramfort A. Scikit-learn: machine 
learning in Python. J Mach Learn Res 2011; 12: 2825–30.

45	 Beaulieu-Jones BK, Lavage DR, Snyder JW, Moore JH, 
Pendergrass SA, Bauer CR. Characterizing and managing missing 
structured data in electronic health records: data analysis. 
JMIR Med Inform 2018; 6: e11.

46	 Neumann M, King D, Beltagy I, Ammar W. ScispaCy: fast and 
robust models for biomedical natural language processing. arXiv 
2019; published online Oct 9. https://doi.org/10.48550/
arXiv.1902.07669 (preprint).

47	 Liu S, Ma W, Moore R, Ganesan V, Nelson S. RxNorm: prescription 
for electronic drug information exchange. IT Prof 2005; 7: 17–23.

48	 Hansen L. IBM MarketScan Research Databases for Health Services 
Researchers. IBM Watson Health. April, 2018. https://www.ibm.
com/downloads/cas/0NKLE57Y (accessed Sept 18, 2023).

49	 Holden EW, Grossman E, Nguyen HT, et al. Developing a computer 
algorithm to identify epilepsy cases in managed care organizations. 
Dis Manag 2005; 8: 1–14.

50	 Moura LMVR, Price M, Cole AJ, Hoch DB, Hsu J. Accuracy of 
claims-based algorithms for epilepsy research: revealing the unseen 
performance of claims-based studies. Epilepsia 2017; 58: 683–91.

51	 Mbizvo GK, Bennett KH, Schnier C, Simpson CR, Duncan SE, 
Chin RFM. The accuracy of using administrative healthcare data to 
identify epilepsy cases: a systematic review of validation studies. 
Epilepsia 2020; 61: 1319–35.

52	 St Germaine-Smith C, Metcalfe A, Pringsheim T, et al. 
Recommendations for optimal ICD codes to study neurologic 
conditions: a systematic review. Neurology 2012; 79: 1049–55.

53	 Aaberg KM, Gunnes N, Bakken IJ, et al. Incidence and prevalence 
of childhood epilepsy: a nationwide cohort study. Pediatrics 2017; 
139: e20163908.

54	 Hirsch LJ, Gaspard N, van Baalen A, et al. Proposed consensus 
definitions for new-onset refractory status epilepticus (NORSE), 
febrile infection-related epilepsy syndrome (FIRES), and related 
conditions. Epilepsia 2018; 59: 739–44.

55	 Nordli DR Jr, Moshé SL, Shinnar S, et al. Acute EEG findings in 
children with febrile status epilepticus: results of the FEBSTAT 
study. Neurology 2012; 79: 2180–86.

56	 Shinnar S, Bello JA, Chan S, et al. MRI abnormalities following 
febrile status epilepticus in children: the FEBSTAT study. Neurology 
2012; 79: 871–77.

57	 Wolf T, Debut L, Sanh V, et al. Transformers: state-of-the-art natural 
language processing. Proceedings of the 2020 Conference on 
Empirical Methods in Natural Language Processing: System 
Demonstrations, Association for Computational Linguistics; 
October, 2020. https://aclanthology.org/2020.emnlp-demos.6/ 
(accessed Sept 18, 2023).

58	 Beaulieu-Jones B. Source code to support: Predicting seizure 
recurrence after an initial seizure-like episode from routine clinical 
notes using large language models: a cohort-based study. Zenodo 
Aug 8, 2023. https://doi.org/10.5281/zenodo.8226626 (accessed 
Nov 9, 2023).

59	 Ali S, Stanley J, Davis S, Keenan N, Scheffer IE, Sadleir LG. 
Indications and prescribing patterns of antiseizure medications in 
children in New Zealand. Dev Med Child Neurol 2023; 65: 1247–55.

60	 Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need. 
arXiv 2023; published online Aug 2. https://doi.org/10.48550/
arXiv.1706.03762 (preprint).

61	 Podder V, Lew V, Ghassemzadeh S. SOAP Notes. Treasure Island, 
FL: StatPearls Publishing, 2022.


	Predicting seizure recurrence after an initial seizure-like episode from routine clinical notes using large language models: a retrospective cohort study
	Introduction
	Methods
	Data sources
	Patient inclusion criteria
	Outcome criteria
	Prediction of seizure outcomes
	Standard protocol approvals, registrations, and patient consent
	Role of the funding source

	Results
	Discussion
	Acknowledgments
	References


