Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Creating A Gold Standard Annotation Guideline for
Electronic Health Records

Joe Davies

Joe.m,.davies@kel (ac, uk

King's College London

Beata Fonferko-Shadrach
Swansea University

Ben Holgate
King's College London

Arron Lacey
Swansea University

Huw Strafford
Swansea University

Owen Pickrell
Swansea University

Mark P Richardson
King's College London

Research Article

Keywords: Epilepsy, electronic health records, annotation, inter-annotator agreement, natural language
processing

Posted Date: November 11th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-11693331/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-11693331/v1
https://doi.org/10.21203/rs.3.rs-11693331/v1
https://doi.org/10.21203/rs.3.rs-11693331/v1
https://creativecommons.org/licenses/by/4.0/

Creating A Gold Standard Annotation Guideline
for Electronic Health Records

Joe Davies'”, Beata Fonferko-Shadrach?, Ben Holgate!,
Arron Lacey?, Huw Strafford?, Owen Pickrell?,
Mark P Richardson'

"Basic and Clinical Neuroscience, King’s College London, 16 De
Crespigny Park, London, SE5 8AF, England.
2Faculty of Medicine Health and Life Science, Swansea University,
Singleton Park, Swansea, SA2 8PP, Wales.

*Corresponding author(s). E-mail(s): joe.m.davies@kcl.ac.uk;
Contributing authors: B.Fonferko-Shadrach@Swansea.ac.uk;
benjamin.holgate@kcl.ac.uk; A.S.Lacey@Swansea.ac.uk;

H.A Strafford@Swansea.ac.uk; W.O.Pickrell@Swansea.ac.uk;
mark.richardson@kcl.ac.uk;

Abstract

Purpose: Large Language Models have captured the research environment with
their potential to aid in understanding a multitude of natural language process-
ing tasks. Often they require fine-tuning with corpora of relevant information.
Electronic health records have an abundance of free-text that is dense with
information and could be used for this purpose. This work aims to create a
gold-standard annotated dataset with an associated set of guidelines for the anno-
tation process.

Methods: Using a dataset of 1500 electronic health records from epilepsy clin-
ics, we created a set of annotation guidelines and a team of data scientists and
clinicians annotated these accordingly.

Results: We find an overall inter-annotator agreement of 0.769, as measured
with Krippendorft’s Alpha, and showed that the most annotated and agreed
upon annotations are those related to anti-seizure medications and diagnoses of
epilepsy and other comorbidities.

Conclusion: This work provides a valuable resource for the development and
evaluation of NLP systems for epilepsy and electronic health records.

Keywords: Epilepsy, electronic health records, annotation, inter-annotator
agreement, natural language processing



1 Introduction

Epilepsy is one of the most common neurological disorders affecting around one in
100 people in the UK and some 51 million world-wide [1]. The disease is characterised
by recurring unprovoked seizures of various types, aetiology, and severity. Epilepsy is
most commonly treated with anti-seizure medications (ASMs), with the majority of
individuals achieving seizure freedom. However, despite the advances made in drug
therapies, around 30% of people with epilepsy do not become seizure free. One way
to understand why some individuals develop refractory (drug resistant) epilepsy is to
study a full, detailed history of the disease together with other life/environmental fac-
tors that may contribute to its course, at a population level. The only source of this
type of information are the records held by specialist epilepsy /neurology clinics, where
patients with epilepsy are investigated, diagnosed, treated, and monitored. They con-
tain details of every patient-specialist encounter including history of seizure onset,
seizure type and frequency, ASM dose and side effects, comorbidities, investigation
results, and other factors that are reported by patients. Often these records are kept
as electronic health records (EHRs) with a large free-text element. These are promis-
ing avenues of exploration, then, given their rich wealth of varied information.
Natural Language Processing (NLP) can help understand these EHRs. NLP is the
study and development of tools (usually software) that aims to parse human-produced
speech. Historically NLP has been used in such fields as: fraud prevention [2][3][4],
content moderation [5][6][7], and language translation [8][9][10]. Recently, NLP has
also been leveraged to extract information from clinic letters such as: seizure frequency
[11], current anti-seizure medications (ASMs) [12], and long-term patterns in seizure
freedom [13].

Most of the NLP methods in recent times have been centered around Large Language
Models (LLMs). These are deep learning neural networks that are able to encode not
just information about how often terms are used, but also the relational information
between different terms within a sentence. As a result, they are often able to emulate
and parse human-made text with high accuracy. This coupled with the often low bar-
rier for entry in acquiring or querying them means that research can be done quickly
and effectively with little start-up cost. Whilst most LLMs are general purpose, there
are some that have been specifically tuned for medical purposes such as: MedGemma
[14], Meditron [15], and BioMistral [16]. These algorithms score well on common med-
ical tests such as: MedQA [17], MedMCQA [18], and PubMedQA [19]. These are large
datasets of questions and answers on topics including epilepsy, cardiology and general
medical questions. As a result, these models are often a good starting point for spe-
cific research and clinical assistance.

However, when researching techniques using LLMs, it is often found that these mod-
els require tuning to be at their most effective [20]. This necessitates the finding of
gold-standard, expert-annotated data. There are corpuses of deidentified medical data
available, such as: MIMIC-IV [21] (based on patients admitted to intensive care units
(ICUs)), NPA-CP [22] (EHRs containing patient information on 11 different pathogens
to predict hospital-onset infections), and EHRCon [23] (designed to verify consistency
between clinical notes and large-scale relational databases in EHRs). In general, how-
ever, there is a lack of freely available EHRs from clinic visits because of constraints



around identifiable patient data.

This project aims to create a gold standard, anonymised, annotated corpus of epilepsy
clinical records accompanied by a set of annotation guidelines that can be used by other
researchers (in their own analyses). In addition, we will evaluate the inter-annotator
agreement (IAA) between those annotating the documents. This acts as a measure of
how well the annotation guidelines were followed, and how easy they are to do so. We
will also investigate which entities are most and least agreed upon to possibly isolate
any problem areas for future investigations.

2 Data

We use 1500 EHRs taken from Guy’s and St Thomas’ Trust (GSTT). These are EHRs
from epilepsy clinics written by clinicians during patient consultations. As a result,
the text here is a mix of structured and unstructured. There are consistent layouts
for name, address, date of birth etc for the patient, but also sections that describe
the interaction, current treatment and future treatment, along with potentially useful
insights into the patient’s ongoing care.

The letters were selected from a wider corpus using stratified random sampling, focus-
ing on factors such as: age, ASMs present, and seizure frequencies. As a result, we
get a dataset that is representative of the center as a whole and, indeed, is a large
cross-section of patients with epilepsy (PwE).

3 Method

3.1 Annotation

Data was annotated by 8 users: 5 clinicians and 3 data scientists with epilepsy domain
experience. All annotators were employed or associated with King’s College London.
The annotation tasks were performed using a platform called Markup [22]. Markup
provides annotators with a list of entities to annotate, each with their associated
attributes. The attributes are either selected from a dropdown menu of options, or
inputted by the user. Figure 1 shows an example Markup instance. These entities and
attributes are set by a configuration file which is manually loaded onto the system,
allowing for bespoke guidelines to be used. All configuration files are made as json-
type files. After annotations are completed, the data can be exported in the form of
a .ann file, which can be read as an ordinary text file. This is done using the Brat
Standoff format [23], ensuring annotations are kept separate from the annotated text.
Entities annotated can be found below with a short description of what each entity
pertains to:

Diagnosis: the type of epilepsy, seizures or epilepsy syndrome mentioned

When Diagnosed: when someone was diagnosed with epilepsy, according to the text
Onset: age or time since onset

Epilepsy Aetiology: whether the cause of epilepsy is known or not

Past History Epilepsy: whether someone has a past history of epilepsy



Date_of_Birth
[NHS_number

Hosp_number

DiagnosedsSince
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/// markup

DOCS  GITHUB  DARKMODE

Dear Dr.

Ireviewed this (42 year old lady with [BBIBBBJ. together with her husband, in clinic today. She tells
me that she has been getting episodes around twice a week of an unusual thought. This was difficult
to describe but it was like an overfamiliar or deja vu feeling. These thoughts last for around 30
seconds. | think these are in keeping with | This is interesting as
previously she was getting events with coloured objects in her field of vision which were probably
occipital lobe seizures.

Gurrently she is taking [SGIUmVaIproate] 500 mg twice a day and 1000 mg twice
today. She has previously tried carbamazepine but this give her a rash. | explained the new MHRA
rules on prescribing sodium valproate in women of child bearing age. Even though Mrs Williams has no
plans for further children, rules stated that we should try an alternative medication given that she
does not want to use a secure form of contraception. We had a discussion about the various risks and
benefits of stopping sodium valproate. She should slowly reduce the sodium valproate by 200 mg
every week. At the same time. she should introduce lamotrigine at 25 mg every day, increasing by 25
mg every fortnight, to a target dose of 75 mg twice a day.

We also had a discussion about sudden death in epilepy (SUDEP). Overall this is rare, itis if real risk
with people all continue to get seizures. We discussed things that can reduce the risk of SUDEP.
These include not forgetting medication and controlling seizures. | will reveal Mrs Williams again in

@A

- <>

2 annotation suggestions

Date_of_Birth
42year old

Diagnosis

Prescription
‘sodium valproate
DrugName: SodiumValproate

DrugDose: 500
DoseUnit: mg

Frequency: 2

]
-

four months time.

Fig. 1 Example of a letter being annotated in Markup. Text is highlighted and an entity is chosen,
with its own list of attributes.

® Seizure Frequency: how many seizures the text suggests someone has. This includes
upper and lower limits (eg 2 or 3 per week). Seizure frequency is eventually
calculated as seizures per month
Seizure Free: whether someone is seizure free and how long they have been free for

® Investigations: whether an MRI, CT or EEG has been performed

o ASM: what anti-seizure medications are being taken and information about them
(dose, frequency, etc)
Other Epilepsy Treatments: other treatments such as VNS or ketogenic diets

o ASM Associated Symptoms: any comorbidities directly related to the ASMs being
taken

® Past ASMs: any ASMs that have been taken in the past, but that are now not being
used for whatever reason
Other Prescriptions: any non-ASM treatments

e Life Factors: significant life processes that may be affected or affect epilepsy eg
pregnancy

® Seizure Triggers: common seizure triggers eg stress, sleep

o Life Style: life style factors that contribute to epilepsy eg smoking, drinking, living
on their own

e Family History: whether there is anyone in the family with epilepsy, and the genetic
proximity to the individual in question
Comorbidities: any other diseases present

e Birth History: a normal or abnormal birth and whether they were born prematurely
or not

The attributes associated with these entities vary by need, but include both numerical
and text inputs. Seizure frequency, for instance, has attributes pertaining to: the date
of seizures, how many there were, over how many time periods they occur, how long the



time periods are etc. Diagnostic (pertaining to epilepsy/seizure classifications, comor-
bidities etc) entities also come with a certainty attribute, allowing a user to attach a
value between 1(unlikely) and 3 (definite) inclusive on how likely this entity was what
was meant by the original author of the EHR. Terms like “definitely”, “probably”
and “clearly” would be considered high certainty, whereas “maybe”, “possibly” and
“somewhat” would indicate low certainty. Entities and attributes were agreed upon in
multiple rounds of discussion by clinicians, scientists and patients in both public and
private forums.

These entities are annotated item-by-item rather than over the full EHR. This was
a decision made such that the process can be considered less mentally taxing on the
user, as they just need to annotate as they read rather than annotate after reading
through. Instructions for annotation are provided in a guideline document with exam-
ples to avoid confusion.

The EHRs were double-annotated in order to provide a method of testing inter-
annotator agreement (IAA). The 1500 were split into ten blocks of 150 letters, which
were then annotated by one data scientist and one clinician. This was done to test the
annotation guidelines and whether they are followable by both those with expertise
in clinical work, as well as those that just have domain experience of epilepsy without
an explicit background in epilepsy.

All annotations were performed in a trusted research environment.

3.2 Inter-Annotator Agreement

We first group the raw annotations to reduce sparsity, minimise artificial disagreement
and calculate clinically relevant IAA. For instance, all information relating to comor-
bidities — what the comorbidity is, when it began, possible aetiology etc — is grouped
into “comorbidity”. The annotations come as a mixture of binary (whether an entity
is present or not) and non-binary (medication doses, for example) values. Therefore,
we then calculate IAA using Krippendorf’s Alpha [24]. Krippendorfl’s Alpha is more
suited than other common measures — such as Cohen’s Kappa [25] and F1 score [26]
— for datasets of both binary and non-binary values. Alpha is defined as:

D
ozzl—D—o (1)

where: D, and D, are observed and expected disagreement respectively. We calculate
alpha for each letter between both annotators and, as a result, get the median alpha
score for each block of 150 letters. The median was chosen based on the skewness of
the distribution of alpha scores, shown in figure 2.

4 Results

The median alpha score across the entire set of entity groups is 0.769, with a range of
values being between -0.466 and 1.00. The top 5 raw, ungrouped entities by median
alpha score are shown in table 1, and the bottom 5 are shown in table 2. These are
both shown with their frequency as a percentage of number of documents annotated
in vs total documents.
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Fig. 2 Distribution of the Krippendorff Alpha scores across all entities.

Entity Alpha Score

Frequency_Levetiracetam
DrugDose_Lamotrigine
Frequency_Carbamazepine
Frequency_SodiumValproate
SeizureFree_YearDate

Frequency (%)
1.00 19.2
1.00 13.5
1.00 8.87
1.00 8.27
1.00 7.93

Table 1 The top 5 agreed upon raw entities by median alpha
score and their associated frequencies.
SeizureFrequency_YearDate refers to the year that someone

began being seizure free.

Entity

Alpha Score

Frequency (%)

Comorbidities_Certainty
Comorbidities_ZNumberOfTimePeriods
Frequency_Phenytoin
DoseUnknown_Levetiracetam
DrugDose2_Clonazepam

-0.466
-0.441
-0.421
-0.001
0.00

6.47
0.281

30.0

9.33
0.133

Table 2 The bottom 5 agreed upon raw entities by median alpha score
and their associated frequencies. DrugDose2 refers to the second, different

dose someone takes as part of their full number per day.




Letters Median Alpha Score
1-150 0.940
151-300 0.757
301-450 1.00
451-600 0.990
601-750 0.956
751-900 0.495
901-1050 0.520
1051-1200 1.00
1351-1500 0.769

Table 3 Median alpha scores for
different spans of letters in 150-large
chunks.

Table 3 shows the full median alpha scores for each of the letter blocks.

5 Discussion

The resulting corpus constitutes a reusable annotated dataset for future NLP develop-
ment. We have shown that annotation guidelines can be followed well to attain good
agreement on a carefully sampled set of EHRs. The value for alpha is fairly high at
0.769. Based on accepted guidance, this level of agreement is considered adequate for
tentative, but meaningful, conclusions to be drawn from annotated data [27]. However,
this does fall below the threshold generally recommended by Krippendorff for high-
confidence inference. This is clearly down to outliers in the alpha scores, especially in
letter blocks 751-900 and 901-1050. Investigation into these letters shows that they
were not particularly different in structure or content than the rest, meaning that any
differences likely came from individual raters rather than the records themselves. The
annotation guidelines have strict guidance on how to interpret certainty terms, as well
as others. The significantly negative value associated with certainty would suggest
there is a systematic disagreement between raters. Considering these were the least
well annotated, this is likely one cause for low agreement between raters, perhaps if
they were not adhering to these terms properly. In addition, one of the main factors
of disagreement was around drugs that had multiple different doses e.g. 100 mg in
the morning, 150 mg at night. This is something that may well be missed if health
records specify a medication is taken twice per day early on, with clarification of dif-
ferent doses happening later. As a result, annotators may miss the specific dosing.
ASM-type annotations being the most numerous and most in agreement is not sur-
prising, considering these are easy to pull out. Oftentimes, prescriptions a patient is
using will be listed at the start of an EHR in a pseudo-structured form. Similarly, it
is common for other prescriptions, comorbidities and treatments/investigations to be
listed early on, adding to their relative ease for annotation.

One factor that was considered was the effect of frequency of annotation vs alpha
score. Figure 3 shows a scatter plot of the alpha scores for each grouping annotated
against the proportion of documents they are annotated in. We see that there is no
clear relationship between the two. In figure 4 we see the distribution of the percentage
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Fig. 3 Alpha score for each group annotated vs the proportion of documents annotated in.

frequency of entities in the best and worst performing groups. There is no signifi-
cant difference in their shapes, leading us to be able to conclude that the rarity of an
entity plays no role in how well it is agreed upon. Overall it would seem that much of
the disagreement present is from non-adherence to guidelines and ambiguous entities.
Greater effort should be made in the future to impress upon raters that guidelines are
to be followed to the letter such that agreements can be more common between raters.

5.1 Future Work

This work is ongoing and other EHRs have already been selected to be annotated. As
the corpus grows, we can expect to fine-tune the guidelines and get a greater agreement
between raters as a result.

We expect this work to feed into the fine-tuning of LLMs to increase accuracy in
information extraction from EHRs in other institutions.

6 Conclusion

This work presents the development of an anonymised, expert-annotated corpus of
epilepsy electronic health records together with a set of annotation guidelines designed
to support future NLP research. By evaluating TAA across clinician and data scientist
annotators, we demonstrate that the guidelines are generally reproducible, achieving
a median Krippendorff’s alpha of 0.769. While this level of agreement is sufficient for
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tentative conclusions, it also highlights opportunities to improve consistency before
the corpus is used as a gold-standard resource for model development.

The analysis identified clear patterns in annotation performance. Structured clinical
information, particularly ASMs and associated prescribing information, achieved con-
sistently high agreement, indicating that these entities are well defined within both
the source documents and the annotation guidelines. In contrast, lower agreement was
observed for subjective or ambiguous information, including certainty and temporal
expressions. These findings suggest that future iterations of the guidelines should place
greater emphasis on handling uncertainty and temporal reasoning, alongside additional
annotator training and calibration exercises to reduce variation in interpretation.
Overall, this corpus provides a valuable resource for the development and evaluation
of NLP systems for epilepsy EHRs. As annotation continues and the guidelines are
refined, the dataset has the potential to support the creation of robust domain-specific
language models capable of extracting clinically relevant information at scale. Such
tools could facilitate large-scale analyses of epilepsy care and disease progression, ulti-
mately enabling a better understanding of factors associated with treatment response
and drug-resistant epilepsy.
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