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Abstract

Objectives: Monitoring seizure control metrics is key to clinical care of patients with epilepsy.
Manually abstracting these metrics from unstructured text in electronic health records (EHR) is
laborious. We aimed to abstract the date of last seizure and seizure frequency from clinical notes
of patients with epilepsy using natural language processing (NLP).

Methods: We extracted seizure control metrics from notes of patients seen in epilepsy

clinics from two hospitals in Boston. Extraction was performed with the pretrained model
RoOBERTa_for_seizureFrequency_QA, for both date of last seizure and seizure frequency,
combined with regular expressions. We designed the algorithm to categorize the timing of last
seizure (“today”, “1 to 6 days ago”, “1 to 4 weeks ago”, “more than 1 to 3 months ago”, “more
than 3 to 6 months ago”, “more than 6 to 12 months ago”, “more than 1 to 2 years ago”,

“more than 2 years ago”) and seizure frequency (“innumerable”, “multiple”, “daily”, “weekly”,
“monthly”, “once per year”, “less than once per year”). Our ground truth consisted of structured
guestionnaires filled out by physicians. Model performance was measured using the areas under
the receiving operating characteristic curve (AUROC) and precision recall curve (AUPRC) for
categorical labels, and median absolute error (MAE) for ordinal labels, with 95% confidence

intervals (Cl) estimated via bootstrapping.

Results: Our cohort included 1,773 adult patients with a total of 5,658 visits with reported
seizure control metrics, seen in epilepsy clinics between December 2018 and May 2022. The
cohort average age was 42 years old, the majority were female (57%), White (81%) and non-
Hispanic (85%). The models achieved an MAE (95% CI) for date of last seizure of 4 (4.00-4.86)
weeks, and for seizure frequency of 0.02 (0.02—-0.02) seizures per day.
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Conclusions: Our NLP approach demonstrates that the extraction of seizure control metrics
from EHR is feasible allowing for large-scale EHR research.
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Large language model

1. Introduction

Time since last seizure occurred and frequency of seizures are important metrics for
providers to guide clinical care of patients with epileg23tél et al., 203,8Vlunger Clary

et al., 2022 To extract these metrics automatically from electronic health records (EHR)
clinical notes reliably for research and quality surveillance purposes is still a challenge
because it entails laborious manual chart review. The unstructured nature of clinical notes,
coupled with medical history of multiple types of seizures and their corresponding seizure
frequencies, medical abbreviations, and other text propeRate( & Dale, 1997Pevy et

al., 20223 makes extraction of these seizure control metrics even more challenging.

Natural language processing (NLP) aims to teach machines how to read human language
from structured or unstructured text efficiently, enabling expansion of clinical research
through large-scale automated chart review. Recent NLP W@k Gallagher, et al., 2022

Xie, Litt, et al., 2022introduced pretrained language models, based on the Transformer
architecture Yaswani et al., 2007to extract seizure frequency and date of most recent
seizure from the text of outpatient progress notes for patients with epilepsy. Models were
pretrained on a large general text corpus to obtain a general understanding of language
and then finetuned on small datasets to adapt them for specific tasks or détaaies (

al., 202). The authorsXie, Gallagher, et al., 202Xie, Litt, et al., 2022 used clinical

notes to fine-tune Transformer models, achieving high accuracy at extracting sections of text
which contained the answers to three key questions: whether a patient was seizure free at
the time of a given clinic visit (median accuracy 84%); and what was their seizure frequency
(accuracy 88%, fscore 85%) and date of most recent seizure (accuracy §6%oie

83%). However, this work had important limitations: First, the ‘ground truth’ was based on
chart review rather than an independent source of truth. Second, evaluation was limited to
a single institution. In the present work, we build upon this prior work by addressing these
limitations.

In our study, we used the aforementioned fine-tuned model to extract date of most recent
seizure and seizure frequency. We extract text containing the answer, and also provide
additional processing (regular expressions) that yields explicit, structured answers, suitable
for large-scale EHR research studies. Second, for the gold standard we utilize direct
guestionnaires (independent of the unstructured note) where doctors explicitly answered the
guestion of interest, thus providing an improved gold standard. Lastly, our study represents a
test of the previous author’'s model at a different institution and is thus a test of how well the
model generalizes to a dataset from a different hospital.
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Our main goal in this study is to extend and externally validate pretrained and finetuned
NLP models to abstract the date of last seizure and seizure frequency from unstructured
clinical notes of patients with epilepsy. This methodology has the potential to allow for rapid
large-scale retrospective research through automatic extraction of seizure control metrics
from unstructured clinical notes.

2. Methods
2.1. Study cohort

This study is reported in accordance with the STrengthening the Reporting of OBservational
studies in Epidemiology (STROBE) statemevar{denbroucke et al., 200l£HR data was
extracted under a protocol approved by the Mass General Brigham (MGB) Institutional
Review Board with a waiver of informed consent. In the study, we conducted a retrospective
analysis of clinic notes from adult patients (=18 years old) with a diagnosis of epilepsy

seen in epilepsy clinics at Mass General Hospital (N = 4,013) and Brigham and Women'’s
hospital (N = 1,645) between Decembel"2818 and May 20 2022. The clinic notes

for each visit included all notes for the visit date, such as progress notes, consult notes

and hospital course. The ground truth for the diagnosis of epilepsy was extracted from
structured questionnaires filled out by physicidferfandes et al., 20Ras part of a

quality improvement project embedded in standard of care. These questionnaires contained
fields where the physician indicated, among other seizure control metrics, the date of last
seizure, seizure frequency, and seizure typesi@hue et al., 2021Up to four seizure types
could be recorded with their corresponding frequencies and dates of last deonabkue

et al., 202). The seizure control metric information contained in these questionnaires was
considered our ground truth.

2.2. Inclusion and exclusion criteria

Candidates for our cohort included all patients with epilepsy questionnaires filled out
regarding seizure control metrics. Based on our inclusion and exclusion criteria (Figure

1), we removed all cases in which the questionnaires did not provide at least one date of last
seizure or one seizure frequency. We then created a dataset for each seizure control metric,
where again each note had to provide at least a value for the metric.

2.3. Modeling approaches

Our objective was to extract from unstructured notes patients’ date of last seizure and
seizure frequency. We utilized two approaches (Tabl&a&iyi-directusing a regex to select

a portion of text for a given “prompt” followed by a regular expression (regex) to map

the text to a final value of the seizure control metric of interastrect Transformers

followed by regular expressions (i.e. using a Transformer model to select relevant text, then
a regex to map the text to a final value of the seizure control metric of interest). Timing

of the last seizure and seizure frequency were extracted using either the semi-direct or
indirect approaches. The regexes and Transformer prompts used for each task are shown
in Table 1. The corresponding labels are shown in Tatleéndes et al., 20RZThe

main regexes used to map the text to a final value of the seizure control metric of interest
are presented in Table A.1. The regexes were designed in a flexible way, so that both
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guantitative and non-quantitative values could be captured and assigned the respective label.
Thus, if the expression was “few days ago”, the category assigned for date of last seizure
was “1 day to 6 days ago” (‘1DAY’). We also designed regexes to capture dates written

in different ways, which we include in our code publicly available in a GitHub repository.
Notes preprocessing consisted of removal of special characters and blank spaces, followed
by lowercasingKkernandes et al., 203

Semi-direct approach: In the semi-direct approach, for each prompt, we captured the
corresponding portion of text following the expression with a total length of 50 tokens
(words). For example, for the prompt “Last seizure”, the regex captured “last seizure was
over 2 years ago and she has remained seizure free”. We then applied a function with a
series of regexes to map the captured text to a value of the seizure control metric (Table 2).
For this given example, the label “2YR” (more than two years ago) was assigned.

Indirect approach: In the indirect approach, we used
RoBERTa_for_seizureFrequency_QXi€, Gallagher, et al., 2022which is a finetuned

model for extraction of both date of last seizure and seizure frequency. This model is based
on the original ROBERTa: A Robustly Optimized BERT Pretraining Approlaichet al.,

2019 pretrained model, which is in turn an enhanced version of BERT with improved
pretraining objectives and hyperparameters. In this work, we used the hyperparameters from
prior work (Xie, Gallagher, et al., 202&vithout any further hyperparameter optimization.

The “prompts” in Table 1 with a question mark, such as “When was the patient last
seizure?” were prompts to the Transformer.

With each prompt, the Transformer extracted for each note a small amount of text that
(likely) contained the information of interest. The text extracted by the Transformer (the
“answer” text) was subsequently mapped (where possible) to a final label shown in Table 2,
as in the semi-direct approach.

We combined the answers from both approaches for evaluation of modeling performance,
thus we refer to model outputs as those resulting from the indirect or semi-direct approaches.

For date of last seizure, in case the model answer was an actual calendar date, instead of
selecting one of the coded options (e.g. 1WK — one to four weeks ago, or 6MON — more

than six to twelve months ago), the regex captured the date, subtracted it from the date of
the clinic visit, and assigned the closest matching label. This approach was also applied for
model answers regarding seizure frequency. If no label was assigned based on regexes for
all other frequencies or dates, in case the regex matching indicated that a patient was seizure
free (i.e. the term “seizure free” or “sz free” was detected), we assigned the label “2YR”
(more than two years ago) for date of last seizure and “YEAR” (less than once per year) for
seizure frequency.

2.4. Modeling performance evaluation

We assessed model performance in two ways: treating the labels as categorical, and as
ordinal.
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Categorical performance— We assessed model performance with respect to categorical
labels for both seizure control metrics. We also assessed models’ performance when
merging labels based on their proximity. We created four categories for date of last seizure
(“TOD-1DAY” — today to six days ago, “1WK-5WK” — one week to three months ago,
“13WK-6MON” — more than three to twelve months ago, “1YR-2YR” — more than one

year ago). We also created four categories for seizure frequency (“INN-MULT-DAIL" —
innumerable, multiple or daily, “WKLY” — weekly, “MNTH" — monthly, “NEM-YEAR" — at
least once or less than once per year).

Model performance relative to categorical labels was evaluated using area under the
precision-recall curve (AUPRC) and area under the receiver operating characteristic curve
(AUROC) (Saito & Rehmsmeier, 201.5AUPRC quantifies the trade-off between precision
(also called positive predictive value) and recall (also called sensitivity) for different
thresholds. AUROC quantifies the tradeoff between sensitivity and false positive rate (1

— specificity) Steyerberg et al., 20LBecause of class imbalance, we evaluated the micro
average performance, which aggregates the contributions of all classes to compute the
average metric. Micro average performance is suited for problems with class imbalance and
consists of calculating metrics globally by counting the total true positives, false negatives
and false positives.

Physicians could record up to four seizure types with their corresponding frequencies and
dates of last seizure for a patient visit. Thus, to evaluate the different model outputs, we
assessed the true positive and true negative classifications with respect to each label. For
each label we assigned either a 1 (present) or O (absent or missing).

Ordinal performance— To assess model performance on an ordinal scale, we assigned
numbers considering time in weeks for date of last seizure and number of seizures per day
for seizure frequency. Thus, for date of last seizure, we assigned the following numbers to
the labels [ TOD’, ‘1DAY’, ‘1WK’, '5WK’, ‘13WK’, ‘6MON’, ‘1YR’, '2YR’]: [0, 1/7, 1,

5, 13, 24, 52, 104]. For seizure frequency, we assigned the following numbers to the labels
[INN’, ‘MULT", ‘DAIL’, ‘WKLY’, ‘MNTH’, ‘NEM’, ‘YEAR']: [2, 4x2/7, 47, 12x4/365,

12/365, 10/365, 1/365]. For evaluation of model performance with respect to these ordinal
labels, we created a scatter plot with true vs assigned labels, and assessed the distribution of
the absolute errors (fye = Yassigneh) between the modelsfyigned and ground truth gy,e)

ordinal labels.

Since one up to four seizure frequencies and dates of last seizure could be recorded by the
physician, we evaluated each individual model output against the closest ground truth, for
ordinal labels. Thus, for each model output, we selected the closest ground truth, in case
there was more than one, and computed the corresponding absolute error for each model
ordinal label. As an example, for a model output with date of last seizure ‘1DAY’, and
ground truth *1DAY’ and ‘1WK’, the error for this model would be 0, since this label is
included in the ground truth. If we changed the ground truth to only ‘1WK’, the error would
be 1 - 1/7~0.86, since we assigned the values 1 to ‘1WK’ and 1/7 to ‘1DAY’. For a model
output with no label (absent or missing) we assigned the closest error, e.g. for ground truth
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‘1DAY’ the error would be 1/7, and for ground truth ‘1DAY’ and ‘1WK’, the error would be
1/7 (the closest).

Confidence intervals— We calculated 95% confidence intervals for all performance
metrics via 1000 bootstrapping iterations.

3. Results

3.1. Study cohort characteristics

The study cohort included 1,773 patients with epilepsy (Table 3). Average age of 42
years old. The majority were females (57%), White (81%) and non-Hispanic (85%). After
applying inclusion and exclusion criteria (Figure 1), we observed that seizure frequency
included a smaller number of patients compared to the other metric, mainly due to several
visits reporting that the seizure frequency was not well defined.

Statistics of models answers and extraction regexes for date of last seizure and seizure
frequency are presented in Table A.2. We also present in Table A.3. examples of cases
where Transformer outputs could not be translated into seizure control metric labels, due to
either an ambiguous answer (e.g. related to patient uncertainty “does not know for sure” or
“increased seizure frequency”) or lack of sufficient information related to the metric (e.g.
“seizure” or “occasional”).

3.2. Evaluation of modeling performance

The full list of modeling results is presented in the appendix (Table A.4. and Figures A.1.
and A.2.), where the answers from both semi-direct and indirect approaches were combined
for evaluation of modeling performance.

Categorical performance— We evaluated models for date of last seizure and seizure
frequency with categorical labels, both individual and merged, as shown in Figure 2. With
individual labels, we obtained a micro average AUROC (95% ClI) of 0.63 (0.62-0.63) and
0.61 (0.61-0.62), AUPRC (95% CI) of 0.44 (0.43-0.45) and 0.43 (0.42—0.44) for last seizure
and seizure frequency, respectively. When we merged labels into smaller groups, AUROC
remained approximately the same, but we observed an increase in AUPRC of 16% and
11%, for last seizure and seizure frequency, respectively. Overall, the performance was more
balanced after merging the labels.

Ordinal performance— We assessed model performance for ordinal labels, presented in
Figure 3. The model achieved a median absolute error (95% CI) of 4 (4.0-4.86) weeks and
0.02 (0.02-0.02) seizures per day, for last seizure and seizure frequency, respectively.

Qualitative error analysis— We performed manual review (MBW) of 10 cases where

the RoBERTa models did not match the ground truth date of last seizure. We observed two
scenarios for the model errors: in one scenario (60% of cases) there was lack of any clearly
documented information in the note; in the other (40% of cases) the model appeared correct
based on information in the note, but the note contradicted the information provided in the
physician structured questionnaire.

Epilepsy ResAuthor manuscript; available in PMC 2025 November 01.
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4. Discussion

4.1. Principal findings

We have developed NLP algorithms to abstract date of last seizure and seizure frequency
from unstructured clinical EHR notes. Our work builds on a previously published pretrained
and finetuned Transformer model and adds to this regular expressions to extract date of last
seizure and seizure frequency. We introduced additional processing to transform the free text
output into structured data, or labels. A novel aspect of our work is that we were able to
evaluate the model output relative to an independent ground truth, based on direct answers
from medical doctors to questionnaires that were filled out separately from the unstructured
clinical notes. Our work also provides an independent validation in a novel dataset from a
different institution, further clarifying the strengths and challenges of using NLP approaches
in unstructured clinical notes to extract seizure control metrics.

4.2. Comparison with prior work

The study Xie, Gallagher, et al., 2022vhich developed the finetuned model that we

leveraged in our study extracted text containing seizure frequency and date of last seizure
from clinical notes. Their finetuned model RoBERFachieved good performance when
extracting seizure frequency and date of last seizure, with overall F1 scores of 0.85 and 0.83.
However, the authors measured text span overlap rather than the prediction’s correctness,
thus we cannot directly compare that study performance with ours. We believe there are
three factors which likely explain our low F1 scores for seizure frequency and date of last
seizure (0.37 and 0.38). First, we used the pre-fine-tuned model from the prior study, as

a test of generalizability; further fine tuning the model to data from our institution might
improve performance. Second, whil€, Gallagher, et al., 2022sed progress notes, we

used epilepsy clinics notes and any other types of neézagndes et al., 20R3he authors

(Xie, Gallagher, et al., 2022xtracted text from progress notes as “paragraphs” to improve

the probability that the text involved epileptic events, and truncated these paragraphs to
better fit within the maximum sequence length of the models (512 tokens), while our notes
had paragraphs but these were not pre-selected or truncated. Third, the prior study evaluated
whether the model correctly captured information in notes relative to a human reading of

the same notes, whereas we evaluated our models relative to an external gold standard (i.e.
guestionnaires filled out separately from the notes), which is one step removed.

Other studies@ecker et al., 202ZFonferko-Shadrach et al., 2Q1¢ave developed rule-

based NLP algorithms to abstract seizure types and frequencies, among other seizure control
metrics, from EHR unstructured clinic notes. Detker et al., 2022the algorithm achieved

an overall 22% recall, 73% precision, and 0.40 F1 score to evaluate seizure types and
frequencies. InFonferko-Shadrach et al., 2Q1¢he model achieved (precision, recall) for
seizure frequency (86.3%, 53.6%). The study sample sizes were smaller than our study, with
150/219/248 notes for training/validation/testre€ker et al., 2022and 200 clinical letters

for validation with 1925 items of information ifgnferko-Shadrach et al., 201®irect
comparison between our study and others is limited due to the different methodologies used
to define cohorts and the methods of measuring performance. This highlights the need to
establish benchmark datasets against which to evaluate models.
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4.3. Limitations

Our study has limitations. This study was limited to a single hospital system, in one
geographic region (Boston, Massachusetts). Thus, the cohort may not be representative

of other US and non-US populations. Another limitation was that some Transformer
outputs were not able to be mapped to a label for seizure frequency or date of last

seizure. As mentioned above, we used a pre-fine-tuned model from another institution;
further fine-tuning could potentially improve performance. However, we also observed that
often there were discrepancies between what was indicated in the structured survey, our
ground truth, and the unstructured clinical note. Therefore, to more fairly evaluate the
model, each case would have to be manually reviewed to reduce “label noise”, which is
unfortunately infeasible at scale. Nevertheless, our analysis using ordinal labels suggests that
the error between ground truth and models’ answers was generally small and acceptable.
Future studies should focus on developing larger, more highly cleaned test sets and testing
generalizability and improving models to work robustly across hospitals.

4.4. Conclusions

Our NLP approach extracted seizure control metrics including date of last seizure and
seizure frequency with reasonable accuracy from unstructured clinical notes of patients with
epilepsy. This methodology can enable large-scale research that relies on seizure control
metrics extracted from EHR data.
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Table A.1.

Regular expressions for seizure control metrics extraction after removal of special characters
from the notes.

Label Regular expression
Date of last
seizure
Today « ‘(was)?\s?today’
« ‘this morning’
« ‘this am’
* ‘nightly’
1 day to 6 days « ‘1-6\s?day’
ago « \d{3,4} [a|p]m’
« ‘tues wed thur fri sat sun’
« ‘daily’
‘(was)?\s?yesterday’

* ‘most recent (\w+\s)+\w+day’
*‘1-6\s?d’
o L *\s?[1-5{1}-[2—-6{1}\s?d’
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Label

Regular expression

o L *As?(([1-7){1})|(one)|(two)|(three)|(four)|(five)|(six))\s?d(ay) ?(s?)’
« ‘this week’

« ‘few days ago’

« ‘weekly’

« ‘day of the visit’

« . *?\s?(al1|(one))\s?week’

« “*?\s?(hour(s)?|night(s)?)’

« ‘last \w+day’

« ‘twice a day’

1week to 4 weeks
ago

« ‘more than (a|1|(one)) week to (2|3|4|(two)|(three)|(four)) weeks’
o L *?\s?last week’

« ‘weekend’

« ‘this past sun’

* ‘last week’

« ‘last was week’

« ‘past week’

« ‘couple (of)?\s?weeks’

« ‘few weeks’

o L *As?(([1-4]{1})|al(one)|(two)|(three)|(four))\s?w(ee) ?k(s?)’
o *As?[1-3){1}-[2-4]{1}\s?w(ee)?k(s?)’

« ' *?\s?(al1|(one))\s?mo(nth)?’

o *\s?([7-9]|[1][0-9]|[2][0-9])\s?d(ay) ?s?’

* ‘last month’

« ‘past month’

o >?\s?[1-4]\s?week’

« ‘this month’

« ‘each month’

« ‘end of the month’

« ‘weeks ago’ # last episode weeks ago

More than 1 month < ‘more than 1 month to 3 months’

to 3 months ago

« ‘5 weeks’

o L *\s?25-12\s?W'

o L *\s?[4-9]-[5-9]\s?w(ee)?k(s?)’

o *\s?[4-9]-[1][0-2]\s?w(ee)?k(s?)’

o L *As?(([5-911}[1][0-2])|(five)|(six)|(seven)|(eight)|(nine)|(ten)|(eleven)|(twelve))\s?w(ee)?

k(s?) ago’

 “ *?\s?[1-2]-[2-3] mo(nths)?\s?ago’

« ‘few?\s? mo(nths)?\s?ago’

« ‘last few?\s? mo(nths)?’

« ‘couple of months ago’

« ‘couple (of)?\s?months’

o L *As?(([1-3){1})|(one)|(two)|(three))\s?mo(nths)?’
o ‘>\s?[1-3\s?m’

More than 3 « ‘more than 3 mo(nths)? to 6 mo(nths)?’
months to 6 « ‘'several weeks ago’
months ago o *\s?13-26\s?wW’
* ' *\s?[3-5]-[4-6]\s?mo(nths)?’
o L *As?(([4-6){1})|(four)|(five)|(six))\s?mo(nths)?’
¢ ‘>\s?[3-5]\s?m’
More than 6 « ‘more than 6 months to 12 months’
months to 12 « ‘several months ago’
months ago o *2\s?6-12\s?mon’

« ' *?\s?[7-9]-[8-9]\s?mo(nths)?’

o “*\s?[7-9]-[1][0-2]\s?mo(nths)?’
o L *\s?([7-9]|[1][0-2])\s?mo(nths)?’
o *\s?((one)|1)\s?y(ea)?r?’

¢ ‘>\s?[6-9]\s?m’

« ‘>\s?[1][0-2]\s?m’

More than 1 year
to 2 years ago

« ‘more than (a|1)\s?y(ea)?r’

o ' *\s?13-24\s?mon’

« ‘less than ((two)|2]a)\s?y(ea)?r?(s)? ago’
o “*As?\>?\s?(1]al(one))\s?y(ea)?r?’

« ‘last (1[3-9])|(2[0-3]) months’

¢ >\s?1\s?/?y’

« ‘last year’

* ‘past year’

More than 2 years
ago

« ‘more than 2 y(ea)?r(s)?’
« . *2\s?([3-9]|[1][0-9]|[2][0-9]|[3][0-9]|[4][0-9]) (\+?)\s?y(ea) ?r?(s)?’

* " *\s?(([3-9I[1][0-9]|[2][0-9]I[3][0-9][41[0-9])- ([3-9]|[1][0-9]I[2][0-91|[3][0-9]|[4][0-aM)(\
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Label

Regular expression

+?)\s?y(ea)?r?(s)?’

« >\s?2\s?/?y’

«‘in years’

«‘age \d{1,2}

« ‘(was)?\s?((a few)|(several)|(many))?\s?yfea)?r?fs)?’

Seizure frequency

Innumerable

« ‘innumerable’

« ‘50100 (seizures)?\s?per day’

‘2030 (seizures)?(events)?\s?per day’
« ‘high (seizure)?\s?frequency’

‘23 per day’

Multiple per day

« ‘multiple’

« ‘times a?(per)? day’

« ‘twice a day’

‘6 per day’

* ‘[2-9]a?\s?day’

« ‘[2-9] nightly’

« ‘[2-9)\s?(events)?(seizures)? a day’
« ‘five seizures day’

« ‘56 spells per day’

* ‘up to 2 every 8 hours’
« ‘several in a day’

Daily

« ‘daily’

«‘once a day’

« ‘every day’

« ‘every morning’

« ‘every evening’

« ‘every night’

«‘in (one)?1? day’

« ‘spells a day’

‘1 (seizure)?(per)?a?\s?day’

Weekly but not
daily

« 'weekly’

« ‘weekly but not daily’

o ‘(fw\d]).{1,15\s?week’

« ‘every [3-9] days’

« ‘every 810 days’

« '[1-3] nocturnal seizures?’

« ‘events on tues wed thur fri sat sun’

« ‘every few days’

« ‘one to a few seizures every couple of nights’
« ‘79 events in 30 days’

Monthly but not
weekly

« ‘at least once per month’
« ‘monthly but not weekly’
« ‘(IwAd]).{1,15\s?month’
« ‘month’

« ‘13 times each year’

e ‘12xyear’

* ‘34 per year’

« ‘currently 1 g 5 wks’
«‘freq 1 q 2wk’

At least once per

« ‘at least once pery’

year, but not every -« ‘per year’

month

Epilepsy ResAuthor manuscript; available in PMC 2025 November 01.

e ‘ayear

« ‘every year’

« {([1-9])?(seizures)?(events)?\s?in the past year’
« \d\\s?year’

o '<AS?INS?/?Y

« 'yearly’

« ‘in (the)?\s?last year’

« ‘one seizure q 60 days’

« ‘over the past year’

« ‘couple of (times)?\s?a?(per)?\s?year’

« ‘less than 1 g 3mos’

« ‘a few times year’

« ‘one to two events each year’

« ‘2 seizures over the course of the last year’
« ‘6 to 8 total seizures in three years’
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Label Regular expression

« ‘last year she has had 5 small seizures’
‘2 gtc year’

Less than once per « ‘[1-9] y(ea)?r

year « '>\s?2\s?/?y’
* 'sz\s?free’
« ‘'seizure\s?free’
« ‘event\s?free’
« ‘for years’
* 'no (sz?)?(seizure?)?(s?)? since \d\d\d\d’
« ‘less than 2 years ago’
« ‘none for 2?\s?years’
« ‘none recently’
« ‘2year seizure recurrence’
« ‘none in (many)?(several)?\s?years
« ‘less than onc?e pery’
« ‘onc?e (or)?(twice)?\s?a?\s?y’
« ‘every (other)?(few)? year’
« ‘in (his)?(her)?\s?life’
« ‘life\s?time’
« ‘three in adult life’
« ‘frequency none’
« ‘since (19)?(20)?’
« ‘frequency is approximately 1.53’
« ‘once in a blue moon’
« ‘at least one seizure each year
« ‘over his life he has had a total of 3’
* ‘no seizures for many years’
« ‘rarely’
* ‘no (gtc)?(seizures)?\s?in years’
« ‘'seizure free’
« ‘sz free’
« ‘'seizurefree’
« ‘event free’

Table A.2.

Statistics of models answers and extraction regexes for date of last seizure and seizure
frequency.

Question metric No. extractions (%) No. labels assigned (%) Extraction method

Date of last seizure

Last _seizure 5582 (100) 5196 (93.1)
Recent_seizure 5582 (100) 5185 (92.9) o
RoBERTa —/ndirect approach

Last event 5582 (100) 5204 (93.2)
Recent_event 5582 (100) 5197 (93.1)
Last seizure 1647 (29.5) 1515 (27.1)
Last sz 14 (0.3) 14 (0.3)

Regexes -semi-direct approach
Last convulsion 29 (0.5) 27 (0.5)
Last event 717 (12.8) 707 (12.7)

Seizure frequency

Often_event 4732 (100) 3764 (79.5)
Often_seizure 4732 (100) 3835 (81.0)
RoBERTa —/ndirect approach
Frequency_seizure 4732 (100) 3617 (76.4)
Frequency_event 4732 (100) 3644 (77.0)
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Question metric No. extractions (%) No. labels assigned (%) Extraction method

Seizure frequency 1126 (23.8) 655 (13.8) Regexes -semi-direct approach

Table A.3.

Examples of cases from the Transformer outputs where seizure control metrics could not be
translated into a label.

Last_seizure answer Seizure_frequency answer

Indication of event/frequency

he had another seizure

her most recent event

her most recent seizure
continuing to have seizures
he did have another episode
she did have an odd event
he did have another episode

seizures still cycle

relatively regular rate of seizures
every now and then

every other day

average frequency of every other night
freq. every other night

all the time

more frequent when waking up

most often in the afternoon

Indication of no event/frequency

he has had no spells since
has had none since

none since

none for that period of time

not had a seizure in some time

none since
no further seizures.

Referenceto last visit

5 seizures since last visit

the same frequency
about the same rate as before

has had 3 seizures since the last visit
no additional events since our last encounter
no events since last seen

no seizures since last clinic visit

since last visit has had 2 starring spells

two events since last seen

two seizures since last encounter

Number and types of events

1 gtc since in the week after
1 possible brief seizure

2 tonicclonic seizures

2. freezes

34 gtc szmonth

4 gtc.

complex partial seizures
one breakout seizure

one generalized convulsion
one seizure

partial seizure

1 gtc

absence seizures every now and then
1frequent left temporal epileptiform

discharges 2

facial spasm was quite frequent

2 other times she will get an aura

dejavu episodes once in a while

one aura

brief 2 to 3second events of unawareness
more frequently he has events of speech arrest
single clear spell

frequency 3 seizures in total

she had at least 2 more

none frequency 3 episodes in total

3 seizures with 2 3min long and another one a
little over 2min

single seizure

3 seizures over the course of a couple of days
2 seizures this year

Medications dosages and frequency

keppra would be the choice.

lorazepam ativan 1 mg tablet

nightly
nightly at bedtime
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Last_seizure answer Seizure _frequency answer
medication instructions take 1 tablet by mouth nightly
medication titration schedule three tablets75mg nightly

mg tablet take 1 tablet 5 mg total by mouth nightly
1 tablet by mouth every 4 four hours

1 tablet by mouth every other day

2 tablets by mouth every 6 hours if needed
every 4 four hours as needed

every 8 eight hours

seizure activity max 3 mg per day

1.5in the am and 2 at night

once for 1 dose

once in the morningonce at night

every 6 six hours

3 aeds.

drugresistant epilepsy

Single words

awareness fatigued
below migraines
chair occasional
coat blood
compete awake

oil days
head home
himself coffee

his ketone levels freedom
plan disability
practice recording
seizure seizures.
not mgday

Punctuation and single numbers

Other undefined

since his last visit seizure frequency

at the last visit every second or 2 for a while then stops
Patient uncertainty Increase or decreasein frequency

does not know for sure increased frequency of all 3 types of seizures
she does not recall the last definite event the frequency and duration of her seizures
concerning for seizure have increased recently

cant remember the last time he had one increased seizure frequency
less frequently
frequency is now pretty low
she has still been having startle events much improved in frequency
he is now having these episodes more frequently
as he aged they became more frequent

Table A.4.

Micro average performance for categorical labels, performed for 1000 bootstrapping
iterations to calculate 95% confidence intervals.

Metric/labels AUROC AUPRC Accuracy Specificity Recall F1 score

Last seizure
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Metric/labels AUROC AUPRC Accuracy Specificity Recall F1 score
Individual 0.63 [0.62— 0.44 [0.43- 0.32[0.31— 0.90 [0.90— 0.37[0.36— 0.38[0.37—
0.63] 0.45] 0.34] 0.91] 0.38] 0.39]
Meraed 0.64 [0.64— 0.60 [0.59— 0.44[0.43- 0.81[0.81— 0.50 [0.49- 0.52[0.51-
9 0.65] 0.61] 0.45] 0.82] 0.51] 0.53]
Seizure frequency
Individual 0.61[0.61— 0.43 [0.42— 0.28 [0.27— 0.88 [0.88— 0.36 [0.35— 0.37[0.36—
0.62] 0.44] 0.30] 0.88] 0.37] 0.38]
Meraed 0.61[0.61— 0.54 [0.54— 0.35[0.34— 0.78[0.78— 0.46 [0.45—- 0.46 [0.45-
9 0.62] 0.55] 0.37] 0.79] 0.47] 0.47]

Legend: AUROC - Area under the receiver operating curve; AUPRC — Area under the precision-recall curve.
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Figure A.1.

Confusion matrices for classification of date of last seizure, with (a) individual and (b)
merged labels. Y — yes, N — no. Classifications: YY — true positive, NN — true negative,

Y predictedNtrue — false positive, ¥udNpredicted— false negative.
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Confusion matrices for classification of seizure frequency, with (a) individual and (b)

merged labels. Y — yes, N — no. Classifications: YY — true positive, NN — true negative,

Y predictedNtrue — false positive, ¥udNpredicted— false negative.

Abbreviations:

AUPRC
Area under the precision recall-curve
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AUROC
Area under the receiver operating characteristic

Cl
Confidence interval

EHR
Electronic health record

MAE
Median absolute error

MGB
Mass General Brigham

NLP
Natural language processing

RoOBERTa
Robustly Optimized BERT Pretraining Approach

SD
Standard deviation

STROBE

STrengthening the Reporting of OBservational studies in Epidemiology

Last seizure: TOD
Today

1DAY
One day to six days ago

1WK
One to four weeks ago

5WK
More than one month to three months ago

13WK
More than three months to six months ago

6MON
More than six to twelve months ago

1YR
More than one year to two years ago

2YR
More than two years ago

Epilepsy ResAuthor manuscript; available in PMC 2025 November 01.
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Seizure frequency: INN
Innumerable

MULT
Multiple per day

DAIL
Daily

WKLY
Weekly

MNTH
Monthly

NEM
At least once per year

YEAR
Less than once per year
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Highlights
. Monitoring seizure control metrics is key for patients with epilepsy
. Manual abstraction of seizure control metrics from EHR notes is laborious
. Large Language Models can extract seizure control metrics from EHR notes
. Seizure control metrics extraction from EHR enables large-scale EHR
research
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Figure 1.
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Inclusion and exclusion criteria. N is the number of visits and n the number of patients.
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0.78

0.61

0.54

0.46

Seizure frequency -
merged labels

Micro average modeling performance for date of last seizure and seizure frequency, with
categorical labels, performed for 1000 bootstrapping iterations to calculate 95% confidence

intervals.

AUROC - Area under the receiver operating curve; AUPRC — Area under the precision-

recall curve.
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Distribution of assigned vs true labels and the absolute error in the classification for (a)(c)
date of last seizure and (b)(d) seizure frequency.
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Prompts and corresponding text extraction method used for the prompt/question-answering task.

Table 1.

Extraction

Prompt Method

Date of last seizure

Last_seizuréWhen was the patient last seizure?”
Last_event’‘When was the patient last event?”
Recent_seizuréWWhen was the patient most recent seizur
Recent_eventWhen was the patient most recent event?”

o AROBERTa —indirect approach

Last seizure'Last seizure”

Last sz Last sz”

Last convulsiorLast convulsion”
Last event’Last event”

Regexes semi-direct approach

Seizure frequency

Often_event'How often does the patient have seizures?”
Often_seizuré‘How often does the patient have seizures?”
Frequency_seizuréNhat is the seizure frequency?”
Frequency_everifiNhat is the event frequency?”

RoBERTa —ndirect approach

Seizure frequencySeizure frequency” or “sz frequency”  Regexes semi-direct approach

Epilepsy ResAuthor manuscript; available in PMC 2025 November 01.
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Table 2.

Specifications for label assignments in each field relevant to seizure control information.

Field Label

Date of last seizure TOD - Today
1DAY - 1 day to 6 days ago
1WK — 1 week to 4 weeks ago
5WK — More than 1 month to 3 months ago
13WK — More than 3 months to 6 months ago
6MON — More than 6 months to 12 months ago
1YR - More than 1 year to 2 years ago
2YR — More than 2 years ago

Seizure frequency since last visitINN — Innumerable (i.e. 210 per day on most days)
MULT — Multiple per day (i.e. 4 days per week with > seizures)
DAIL — Daily (i.e. 4 or more days in the past week)
WKLY — Weekly but not daily (i.e. 1 — 3 in the past week)
MNTH — Monthly but not weekly (i.e. 1 — 3 in the past month)
NEM — At least once per year, but not every month (i.e. 10 or fewer in past 12 months)
YEAR - Less than once per year

Epilepsy ResAuthor manuscript; available in PMC 2025 November 01.
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Characteristics of the study cohort with reported seizure control metrics.

Table 3.

Characteristic

Study cohort (n = 1,773, N = 5,658)

Age(@years, mean (SD))
Sex, n (%)
Female
Race, n (%)
Black or African American
Other(®)
White
Ethnicity, n (%)
Hispanic
Unknown
Non-Hispanic

Epilepsy diagnosis, n (%)

42.2+16.4

1,017 (57.4)

109 (6.1)
229 (13.0)

1,435 (80.9)

134 (7.6)
131 (7.4)
1,508 (85.0)
1,773 (100.0)

The number of patients is represented by n and the number of visits by N.

@),

®)

Epilepsy ResAuthor manuscript; available in PMC 2025 November 01.

ge at baseline for the first visit in the study period.
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