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Abstract

Seizure freedom is a key clinical outcome for
people with epilepsy (PWE) yet it is primar-
ily recorded in free-text notes and letters in the
United Kingdom, making it difficult to aggre-
gate and track at scale. This paper introduces
a generative LLM-based pipeline boosted by
synthetic data to identify a PWE’s seizure free-
dom status in clinicians’ records. We fine-
tuned seven different large language models
(LLMs) with between 4-14 billion parameters
using LoRA to compare models trained on
synthetic records against those trained on ex-
pert annotated records. The best performing
configuration, based on Qwen-2.5-14B, was
trained entirely on synthetic records and used
chain-of-thought (CoT) reasoning (both gen-
erated by GPT-5). This achieved an F1 score
of 0.90+0.02 on double-annotated test data
and outperformed the equivalent model trained
on authentic clinician records, which achieved
0.87+0.04. The synthetically trained models
also have the benefit of outputting their CoT
reasoning process for greater decision-making
transparency and can also make use of unused
supervised training data for significantly in-
creased test examples. This work has implica-
tions for monitoring a key treatment outcome
for PWE automatically and at scale.

1 Introduction

Epilepsy is a chronic neurological condition char-
acterised by recurrent seizures (Beghi, 2019).
Seizure freedom is a key outcome for improv-
ing quality of life in people with epilepsy (PWE)
(Poochikian-Sarkissian et al., 2008) and an impor-
tant post-surgical outcome (Wieser et al., 2001).
However, its definition remains inconsistent (Hal-
ford and Edwards, 2020). Engel’s (1993) post-
operative classification prioritises reduction of
“disabling seizures”, placing less emphasis on mi-
nor seizures, while Wieser et al. (2001) proposed a
stricter definition requiring complete seizure free-
dom without auras, aligning more closely with
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PWE’s expectations. Clinically, seizure freedom
also requires a temporal threshold, as PWE may
experience seizure recurrence after years without
them. For example, the UK Driving and Vehicle
Licensing Agency (DVLA) requires 12 months of
seizure freedom for licence reinstatement (DVLA,
2026). Other studies have used six- and twelve-
month thresholds (Hsieh et al., 2023; Choi et al.,
2014). Thus, seizure freedom is both a definitional
and temporal concept.

In the UK, difficult-to-treat epilepsy is managed
in outpatient (ambulatory) settings, where consul-
tation summaries (outpatient letters) are recorded
as unstructured or semi-structured free text. This
format limits automated information extraction.
Advances in natural language processing (NLP),
particularly large language models (LLMs), have
enabled extraction of complex contextual informa-
tion from electronic health records (EHRs) (Jerfy
et al., 2024; Jin et al., 2025), including temporal-
ity (Yuan et al., 2024), which is essential for deter-
mining seizure freedom.

Accordingly, this study develops an LLM-based
seizure-freedom classifier trained entirely on syn-
thetic epilepsy letters which provides generated
explanations. We also examine how training data
origin (synthetic vs. authentic), class distribu-
tion, and synthetic chain-of-thought reasoning af-
fect model performance. While this paper ex-
plores an epilepsy-specific application, we believe
this approach has the potential to improve other
imbalanced clinical information extraction tasks.

2 Related Work

Previous studies have applied NLP to extract
seizure freedom-status from epilepsy records. Xie
et al. (2022) used BERT-style models (Devlin
et al., 2019) to extract seizure freedom and fre-
quency, defining seizure freedom as no seizures
since the last clinic visit or for at least 12 months.

Proceedings of the 25th Workshop on Biomedical Language Processing (BioNLP 2026), pages 20-30
July 3-4, 2026 ©2026 Association for Computational Linguistics


mailto:email@domain

Due to model input length limits, they used
paragraph-level classification. Fernandes et al.
(2024) found performance declined without reli-
able paragraph selection, and later work by Xie et
al. (2023) introduced a bespoke paragraph extrac-
tor to aggregate document-level predictions. How-
ever, seizure freedom is inherently a document-
level construct, true or false at the time of writ-
ing. Modern generative LLMs with longer con-
text windows could perform direct document-
level classification without rule-based passage se-
lection, which could in turn better resolve con-
tradictory statements. Related work on seizure
frequency also reflects these broader NLP de-
velopments, progressing from rule-based meth-
ods (Fonferko-Shadrach et al., 2019) to encoder-
only models (Xie et al., 2022), in-context learn-
ing (Holgate et al., 2024), and parameter-efficient
fine-tuning for document-level approaches (Hol-
gate et al., 2025).

These studies usually rely on relatively small
annotated datasets, reflecting expert time con-
straints and limiting representation of rarer con-
texts. Data imbalance is intrinsic, as seizure-free
PWE attend fewer appointments. Synthetic data
offers a potential solution, enabling larger training
datasets while reserving expert-annotated data for
evaluation. Teacher—student approaches, where
large LLMs generate synthetic training data for
smaller models, are a potential solution. Phi-4
(Abdin et al., 2024), for example, was trained pri-
marily on synthetic GPT-4 output. Synthetic data
has also addressed healthcare challenges like Su-
valov et al. (2025) creating an Estonian clini-
cal named entity recognition system using GPT-
generated records. However, it remains unclear
whether fully synthetic training can capture tem-
poral clinical concepts like seizure freedom. Ad-
ditionally, approaches such as DeepSeek’s syn-
thetic reasoning chains (Guo et al., 2025; Liu et al.,
2025) may enhance transparency by addressing
clinician concerns about “black box™ decisions
(Salvi et al., 2025) by providing interpretable rea-
soning in model output.

Synthetic clinical text has also been explored
in epilepsy where Goldenholtz et al. (2025)
used LLM-generated notes to simulate a clinical
trial. This study was entirely in silico and thus
highlights the need to evaluate synthetic training
against real-world clinician-authored notes, which
this study addresses.
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3 Methods

Seizure freedom (SF) classification is framed in
this work as a binary classification task using
generative language modelling. We compare au-
thentic and synthetic training datasets to examine
the effect on performance for classifying seizure-
freedom. For the synthetic training approach, we
also compare how additional fine-tuning on CoT
reasoning-chains affects performance and outputs.
For the authentic letters we also tested whether un-
der sampling the majority class resulted in better
performance due to the pronounced class imbal-
ance in this task.

3.1 Seizure Freedom Definition

Seizure freedom is considered an important out-
come of epilepsy treatment, yet definitions dif-
fer. We sought to find a compromise between a
the stricter 12-month definition of seizure free-
dom (DVLA, 2026; Choi et al., 2014) and Xie
et al.’s (2022) last clinic approach. Hsieh et al.’s
(2023) six-month definition of seizure freedom
provided a clinically relevant outcome while pro-
viding enough training and testing examples (as
12-months seizure free was much less frequently
seen in our dataset than six-months). Accordingly,
in this work seizure freedom is defined as:

“The person with epilepsy has suffered
no epileptic seizures of any kind for a
period of six months or more.”

Figure 1 shows some artificial examples of am-
biguous examples of SF-positive and SF-negative
letters by this definition. These characteristics in-
formed the need to use LLMs with longer context
windows (the number of text tokens an LLM can
process at a time) as relevant information could be
in any part of (sometimes very long) letters, and a
degree of temporal reasoning is required to ascer-
tain the correct SF-status.

3.2 Authentic Dataset

We randomly sampled and annotated for SF status
2,114 epilepsy letters from King’s College Hospi-
tal (London, UK) with a team of five epilepsy ex-
perts. These were retrieved using the information
retrieval system CogStack (Jackson et al., 2018).
The letters were written between 1 January 2013
and 30 September 2023. The documents com-
prise doctor’s and nurse’s reports with the vast
majority referring to outpatient clinic visits. A



SF-Positive (Unclear)

SF-Negative (Unclear)

Clinic Date: 15/03/2022
Diagnosis: Idiopathic Generalised Epilepsy

Current Medication: Sodium Valproate 400mg
twice a day.

Howard has responded well to the introduction of
Epilim. Since our last clinic appointment in
August last year, he has experienced no
epileptic symptoms. He has experienced some
shortness of breath in this time, but | understand
he is being investigated by the cardiac unit and
awaiting the results of an echocardiogram.

Howard has expressed a desire to restart driving
having surrendered his licence. | have informed
him that the DLVA require a period of 12 months

without a seizure before he can drive again.

Clinic Date: 01/08/2017
Diagnosis: Epilepsy since Childhood
Current Medication:

1. Levetiracetam 1500mg BD.
2. Lamotrigine 200mg BD.

Jessica remains stable and seizure free since

her medication was updated.

Plan

Continue with current doses.

Figure 1: Fictional clinician letters for epilepsy demonstrating ambiguous SF-positive and SF-negative status.
Letters can be much longer and more detailed in practice. Both examples show how temporal reasoning is required
to make the correct classification (either relating information to provided dates, or recognising there is missing
temporal information). The negative example demonstrates how we consider all examples that are not explicitly

seizure free (for six months or more) as negative examples.

subset of 300 reports were dual annotated inde-
pendently by epileptologists to test inter-annotator
agreement and subsequently a gold-standard test
set was produced via consensus between the ex-
perts. The overall agreement for seizure free-
dom was 0.85 using Cohen’s Kappa, representing
‘near perfect’ (Cohen, 1960) or ‘strong’ (McHugh,
2012) agreement. SF-positive status was observed
to be rare in the hospital letters, around 6% of the
total. Therefore, due to limited resources for an-
notation, the bulk of the letters were annotated by
one person. This motivated both the creation of
the dual-annotated subset (for greater confidence
in evaluation) and the need to create synthetic let-
ters for training.

This project and its data usage operated un-
der UK Health Research Authority (HRA) London
South East Research Ethics Committee approval
(reference18/L.0O/2048 and renewed 24/1.O/0057)
granted to the King’s Electronic Records Research
Interface (KERRI) with data research opt-out. In-
dividual consent for participation was waived by
the KERRI committee at King’s College Hospi-
tal (KCH) for purposes of evaluating NLP for
Epilepsy (approved February 2021) with local in-
stitutional oversight.
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3.3 Synthetic Dataset

The aforementioned class imbalance motivated the
use of synthetic training examples. As part of
a wider synthetic data project 15,099 synthetic
epilepsy letters were generated by GPT-5 to re-
flect a range of different seizure frequency and
seizure freedom occurrences in clinical epilepsy
letters (Gan et al.,, 2026). These were created
from 10 manually composed letters (to mimic a
UK style of epilepsy reporting) and 74 templates
of different letter characteristics (different seizure
frequencies, no seizures mentioned, seizure free
etc.). Once these letters were generated, they
were fed back to GPT-5 where it was prompted
to ascertain the correct seizure frequency/seizure
freedom-status and provide a description of how
it came to that conclusion. This functions as a
quality-assurance step for the synthetic data as any
letters that GPT-5 does not correctly categorise
were discarded. From these explanations 454 syn-
thetic letters were found that were correctly de-
scribed by GPT-5 as implying SF-positive status.
These were extracted along with 454 SF-negative
examples to create a balanced synthetic training
dataset. This approach mitigates the class imbal-
ance issue present in a true clinical distribution of



letters. Two variations on this synthetic dataset
were trialled: Synthetic and Synthetic-CoT. For
the latter we include the reasoning chains gener-
ated by GPT-5 as part of the output for super-
vised training to test if it improves model per-
formance. This also has the benefit of providing
text explanations for the classifications, something
that could potentially assist clinicians (Miao et al.,
2024). This project respects OpenAl’s Terms of
Use. This study is conducted for academic, non-
commercial research purposes. We do not re-
lease distilled model weights and do not position
the distilled model as a deployable substitute for
OpenAl services; results are reported for method-
ological analysis.

3.4 Dataset Splits, Evaluation, and
Prompting

We define four training datasets: Authentic,
Authentic-Balanced, Synthetic and Synthetic-
CoT. The Authentic training set uses 1,814 an-
notated letters (all but the 300 double-annotated
letters). The Authentic-Balanced dataset uses the
115 SF-positive examples that are not included
in the gold-standard test set alongside a matching
115 SF-negative examples. This matches the dis-
tribution of the Synthetic and Synthetic-CoT train-
ing datasets which contain 454 SF-positive and
454 SF-negative examples.

We used two test datasets. The gold-standard
test set consisted of the 300 examples with con-
sensus annotation from two experts and both au-
thentic and synthetic models used this for testing.
The silver-standard test set consisted of all 2,114
annotated letters and was used for additional test-
ing of the synthetically trained models. This al-
lowed for a better indication of long-term perfor-
mance. The authentic models were not tested on
this as they were explicitly trained on all but the
300 gold-standard examples in this dataset.

As seizure freedom extraction is framed as a
binary classification task, we used precision, re-
call, F1 score, and accuracy for evaluation. Due
to the pronounced class imbalance, we priori-
tised macro-averaged F1 over accuracy to compare
the different models. This ensured we evaluated
both the majority and minority classes equally and
avoided making decisions due to deceptively high
accuracy scores caused by the class imbalance.

The prompt used for training and inference is
demonstrated in Figure 2. The additional su-
pervision signal of GPT-5 reasoning chains were
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Base Model Parameters Type
Gemma-3 4B VLM
MedGemma 4B VLM
Qwen-2.5-7B 7B LLM
Lingshu 7B VLM
Llama-3.1-Instruct 8B LLM
Ministral-Instruct-2410 8B LLM
Qwen-2.5-14B 14B LLM

Table 1: Comparison of the LLMs used in this study.
"B’ represents 'Billion’.

prepended to the desired output in the Synthetic-
CoT dataset. Figure 2 also demonstrates how
models trained on the Synthetic-CoT dataset gen-
erate temporal reasoning before making a final
classification decision. The other training ap-
proaches used the same input prompt but only pro-
vided a ‘Seizure free: yes/no’ output.

3.5 LLMs and Training Approach

We selected seven open-weight LLMs with be-
tween 4 billion to 14 billion parameters for fine-
tuning on the SF extraction task (Table 1). Some
of these were vision-language models (VLMs),
but only their language capabilities were utilised
for this task. The selection represents both general
and clinically specialised models and were cho-
sen as they represented a diverse selection of dif-
ferent size LLMs with different pre-training cor-
pora and model architectures. We also trained two
simpler, logistic regression classifiers using term
frequency-inverse document frequency (TF-IDF)
encodings to serve as baselines, one on the ’Au-
thentic’ dataset, and one on the balanced ’Syn-
thetic’ dataset.

Early experiments revealed that in-context
learning was not sufficient for adequate perfor-
mance on this task so fine-tuning was performed
using low-rank adaptation (LoRA) (Hu et al.,
2021). Due to the extra VRAM (Video Ran-
dom Access Memory) Qwen-2.5-14B required for
fine-tuning, we used 8-bit quantization using Bit-
sandbytes (Dettmers et al., 2021). The optimisa-
tion task was autoregressive language modelling,
where the model is trained to predict the next to-
ken of text from previous text. The appropriate
instruction templates and tokenizers were used for
each model tested.

No specific hyperparameter tuning took place
in order to compare synthetic and authentic ap-
proaches without biasing training towards either



Chain-of-Thought Fine-Tuning Prompt
Input:

“You are a professional neuroscientist. The
following is a document written by a
healthcare professional. Analyze the text and
ascertain whether the patient referred to in
the letter has been seizure free for six months
or more. Think through the problem step-by-
step. Some things to consider include:
Ascertain if the letter contains information
about seizures, ascertaining if they have had
recent seizures, and if they have not had
seizures for six months or more. Finally, if you
think the subject has been seizure free for six
months or more return 'Seizure free: yes,
otherwise return 'Seizure free: no’.

Document:

[LETTER]”

Output:

“The letter explicitly states: "She reports
ongoing absence of seizures since February
2023." The letter date is 02 October 2025.
Calculate duration of seizure freedom from
Feb 2023 to Oct 2025: from Feb 2023 to Feb
2024 = 12 months; Feb 2024 to Feb 2025 =12
months; Feb 2025 to Oct 2025 = 8 months.
Total = 32 months. This exceeds 6 months, so
she is seizure free, and the duration is
multiple years. The allowed format for multi-
year seizure freedom is 'seizure free for
multiple year' when exact number in years
isn't required. Seizure free: yes”

Figure 2: The main prompt used for the Synthetic-CoT
training strategy. The Authentic, Authentic-Balanced
and Synthentic training datasets used the same prompt
but “Seizure free: yes/no” only as the desired output.
[LETTER] signifies where the authentic or synthetic
letter would be inserted into the prompt.
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one. All models were trained for three epochs with
a batch size of four. We used a learning rate of
0.0001 with a cosine schedule and a warmup ra-
tio of 0.1. LoRA rank, alpha and dropout were
set at 8, 16 and O respectively. Greedy decoding
was used for text generation to ensure a determin-
istic answer. For synthetic data generation GPT-
5’s temperature was set (via API) to 0.

4 Results

Table 2 shows the distribution of SF-positive and
SF-negative examples in the different datasets
used for training and testing. The extracted
clinical data (Authentic, Authentic-Silver and
Authentic-Gold) demonstrated a pronounced class
imbalance that is rectified by under sampling in
the Authentic-Balanced, Synthetic, and Synthetic-
CoT training datasets. There were only 21 SF-
positive letters in the gold standard dataset but this
is increased to 136 in the silver standard test set,
demonstrating the benefit of having additional an-
notated data available for testing.

Figure 3 shows how synthetic and authentic
training datasets affect performance on the gold-
standard test set. Synthetic training tended to per-
form as well, if not better, than authentic training.
For authentic training, using a balanced dataset
did not help and, in some cases, seemed to hin-
der the model. The use of CoT reasoning chains
in training improved performance on certain mod-
els but not others. All the LLM-based approaches
dramatically outperformed the TF-IDF/logistic re-
gression model which only achieved an F1 score
of 0.48 (in contrast to F1 scores of 0.74-0.91 for
the LLM-based pipelines).

Figure 4 explores the performance of synthet-
ically trained models further on the larger silver-
standard test set. This provides a more thorough
demonstration of synthetically trained model per-
formance with 2,114 test examples as compared to
300 (Table 2). It was observed again that benefits
for training with CoT reasoning chains were de-
pendent on the individual base LLM. The Qwen
models seemed to find the additional CoT reason-
ing supervision beneficial on the larger test dataset
with Qwen-2.5-14B model’s F1 score improving
to 0.85 from 0.84, and Qwen-2.5-7B improving
to 0.84 from 0.82. The best performing model
was Qwen-2.5 14B with CoT reasoning and this
was also a strong performer on the gold standard
subset with an F1 score of 0.88 (Figure 3). In



Dataset Use No. Letters SF-Positive SF-Negative
Authentic Training 1814 115 1699
Authentic-Balanced Training 230 115 115
Synthetic Training 908 454 454
Synthetic-CoT Training 908 454 454
Authentic-Silver Synthetic Test 2114 136 1978
Authentic-Gold Synth and Authentic Test 300 21 279

Table 2: The different training and test sets used in this work and their distribution of SF-positive and negative

examples.
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1.0

0.8 1

o
=N
L

N
~
L

Macro Average F1 Score

0.2 1

0.0 -

>’

s
C>°§

®
& g

&
I o N4 OF

&

Model Name (Ordered by Parameter Count)

TF-IDF/LR Baseline
Authentic
Authentic-Balanced
Synthetic
Synthetic-CoT

Figure 3: Comparison of the different LLMs trialled when trained on four different dataset strategies. Results are
on the gold-standard test set. A TF-IDF logistic regression classifier (trained on the authentic training dataset) is

provided as a baseline.

25



contrast, LLama 3.1-8B performed better without
CoT reasoning supervision with its F1 score per-
formance on the silver standard test set dropping
to 0.77 from 0.83. The synthetically-trained TF-
IDF/logistic regression baseline performs poorly
and only achieves an F1 score of 0.24.

As Qwen-2.5-14B was the best performing
LLM, when taking into account results on both
the gold and silver test sets, Table 3 shows its
performance in more detail when trained three
times with different random seeds. The Synthetic-
CoT training set resulted in the best perform-
ing model pipeline on both the gold and silver-
standard datasets with F1 scores of 0.90+0.02 and
0.85+0.02 respectively.

5 Discussion

Our best model configuration for classifying
seizure freedom status, using Qwen-2.5-14B and
the Synthetic-CoT training strategy, achieved F1
scores of 0.90+0.02 on the gold standard test and
0.85+0.02 on the larger silver standard test dataset.
The strong performance on both suggests it will
be robust to different examples when used in prac-
tice. This model was trained entirely on synthetic
data using a CoT reasoning approach for training.
This means it generates the LLM-reasoning steps
the model took to come to a final answer as part
of the output. It is difficult to directly compare
our results with Xie et al. (2022; 2023) and Fer-
nandes et al.’s (2024) approaches to seizure free-
dom classification as the models were trained on
different datasets and use different definitions of
seizure freedom. However, our best model config-
uration compares favourably to the 0.83-0.88 F1
scores reported by Xie et al. (2022; 2023) (who
also had a gold-standard test set of 300 exam-
ples) and 0.38 reported by Fernandes et al. (2024).
The lower performance of the latter was attributed
to using Xie et al.’s (2022) model without fine-
tuning on their own letters. This demonstrates
the issue of model generalization to external data.
The goal of our research was to maximise perfor-
mance for a stringent definition of seizure freedom
rather than tackle broader seizure frequency con-
cerns. Seizure freedom is an important outcome
in epilepsy treatment so ensuring that we auto-
matically identify PWE who have had at least six
months of seizure freedom at a point in time was
the priority. Although we explore a specific clin-
ical use case in this paper, we believe the results
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of these experiments are also evidence to support
using synthetic training data for other medical
NLP tasks.

A key finding from this work is that a success-
ful seizure freedom classifier can be trained using
only synthetically generated training data. This
provides two key benefits. It allows all expert an-
notated examples to be used for testing, and re-
duces privacy concerns by not using any sensi-
tive data for fine-tuning. The latter makes it im-
possible for the model to disclose this data from
leakage (Zhong et al., 2025), or adversarial at-
tack (Rahman, 2023). Our best overall model fine-
tuned Qwen-2.5-14B on synthetic letters and CoT
reasoning. The Qwen 2.5 models were trained
with an emphasis on reasoning (Yang et al., 2024),
which is a potential reason they benefited from
the CoT training signal, particularly on the silver-
standard test set (Figure 4). Llama 3.1, in con-
trast, was not specifically optimised for reason-
ing which could explain why performance wors-
ened for this LLM using CoT training signal. We
identify two potential reasons for how a synthet-
ically trained model can outperform an authenti-
cally trained one. Firstly, the increased training
examples that the synthetic approach allows pro-
vides greater supervision signal. Secondly, there
are likely less ambiguous synthetic examples (as
these have been verified by GPT-5) so the model
is less likely to overfit to them. These factors could
also interact, as an ambiguous authentic example
will have a disproportionately large effect due to
the smaller number of training examples overall.

Synthetic data has been proposed as a solution
to data bottlenecks when training healthcare mod-
els (McDulff et al., 2023). However, it is non-
trivial creating examples which replicate authen-
tic documents faithfully (Smolyak et al., 2024).
Epilepsy letters are a good case study for synthetic
data approaches as concepts like seizure freedom
and frequency require dates (clinic dates, medica-
tion changes, etc.) to remain in letters for train-
ing. This is because dates and sentences refer-
ring to them may be the only reference to seizure
status in the text. This can be considered pri-
vate information and some de-identification mod-
els will remove them by default. Synthetic exam-
ples overcome this limitation by allowing student
models to train on temporal relationships with-
out jeopardising patient privacy. The reasoning
chain demonstrated in Figure 2 shows how both
the teacher and student models make use of this



Comparison of CoT vs no CoT Synthetic Training on Silver Standard Dataset
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Training Set Test Set  Accuracy F1 Precision Recall Support
Authentic Gold  0.972+0.009 0.874+0.049 0.952+0.011 0.824+0.062 300
Auth-Balanced  Gold  0.926+0.015 0.793+£0.026 0.739+0.026  0.909+0.012 300
Synthetic Gold  0.969+0.002 0.88+0.007 0.883+0.025 0.881+0.028 300
Synth-CoT Gold  0.973+0.007 0.896+0.023 0.904+0.037 0.89+0.016 300
Synthetic Silver  0.954+0.007 0.829+0.014 0.799+0.027 0.87+0.013 2114
Synth-CoT Silver  0.961+0.004 0.847+0.019 0.826+0.016 0.873+0.03 2114

Table 3: Performance of Qwen-2.5-14B when LoRA fine-tuned with the four different training strategies on both
test sets. Each model was trained three time with three random seeds, and the mean and standard deviation is
reported. F1, precision, and recall metrics are macro-averaged. Support signifies the number of examples in the
test sets. Bold text represent the best performing on the gold-standard test set, and bold plus italics represents the
best performing on the silver-standard test set.
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temporal information to arrive at a classification.
By using a high-quality reasoning model as the
teacher model, like GPT-5, we demonstrate that
student models can learn to generate reasoning
chains that justify the classification of SF-status.
This can not only improve performance of the
model (depending on the student LLM used), but
also provides a human interpretable explanation
for the clinician, something that has been identi-
fied as important step towards building confidence
in Al solutions for healthcare (Miao et al., 2024).
The reasoning chains also provided another bene-
fit by serving as a verifier for quality when creating
the synthetic letters. This combination of synthetic
letters with CoT reasoning appears to be a power-
ful combination for developing epilepsy-specific
systems where temporal features are directly re-
lated to patient outcomes.

The synthetic training data approach also has
advantages when it comes to evaluation. Many
classification models are tested on a small num-
ber of examples (Hou et al., 2024), which re-
duces the support for any classification metrics
presented. Not requiring annotations for training
means all annotations can go towards verifying the
performance of models. The synthetically trained
models in this project were evaluated on seven
times the number of samples than was possible for
the authentically trained models, providing greater
confidence in them.

Although the largest model tested was the most
effective, it should be noted that all the mod-
els tested reliably extracted SF-status from re-
ports (Figures 3 and 4). Many hospitals do not
have extensive computational resources, so hav-
ing a smaller, 4 billion parameter LLM as a vi-
able option is encouraging for clinical translation.
It is also worth noting that the smaller models
seemed to particularly benefit from the additional
training examples provided by the synthetic let-
ters. This is illustrated in Figure 3 where Gemma
and MedGemma performed comparatively poorly
when trained on authentic letters compared to syn-
thetic letters (on the gold-standard test set). As
multimodal Al becomes more prevalent, it was
also encouraging to see that the VLMs (Gemma,
MedGemma, and Lingshu) did not perform no-
ticeably worse than LLMs when operating using
text only. This suggests there is little drawback in
training foundation models for multimodality out-
side of data resource and compute constraints.

For future work, it would be useful to apply
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synthetic-only training approaches to other clini-
cal NLP tasks. Identifying people with rare phe-
notypes (for both epilepsy and other conditions)
in electronic health records would be a valuable
test for this approach. We also plan to implement
the best performing model from this project as a
feature extractor for an epilepsy prognostic tool,
where a PWE’s seizure freedom status is likely to
have predictive value.

6 Conclusion

We developed an LLM-based pipeline to classify
PWE’s clinical reports for seizure freedom status.
A configuration using Qwen-2.5-14B trained on a
dataset consisting entirely of synthetically gener-
ated clinician letters from GPT-5 with CoT reason-
ing chains performed the best. This model offered
key advantages over the traditional supervised ap-
proach. Most notably the CoT from the teacher
model, GPT-5, can be used as supervision signal
and allow the student model, to generate CoT text
for better performance and greater transparency in
its answers. Also, not needing annotated data for
training allowed the model to be evaluated on a
much larger test set. This pipeline has the poten-
tial to be used for monitoring the progress of PWE
at scale and determining if medication changes or
other interventions result in this key clinical out-
come being achieved.

Limitations

There were three main limitations. Firstly, we
were unable to perform external testing for the
authentic models due to only having annotations
from one hospital. Secondly, the silver-standard
test set was only single-annotated and although
we found these annotations to be reliable, there
could be more annotation mistakes in this test set
when compared to the gold-standard test set. Fi-
nally, these are document-level classification mod-
els, and there are cases where relevant temporal
information could be spread across multiple doc-
uments which this method will not take into ac-
count.
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