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Abstract
We present GS-BrainText, a curated dataset of 8,511 brain radiology reports from the Generation Scotland
cohort, of which 2,431 are annotated for 24 brain disease phenotypes. This multi-site dataset spans five Scottish
NHS health boards and includes broad age representation (mean age 58, median age 53), making it uniquely
valuable for developing and evaluating generalisable clinical natural language processing (NLP) algorithms and
tools. Expert annotations were performed by a multidisciplinary clinical team using an annotation schema, with
10–100% double annotation per NHS health board and rigorous quality assurance. Benchmark evaluation using
EdIE-R, an existing rule-based NLP system developed in conjunction with the annotation schema, revealed some
performance variation across health boards (F1: 86.13–98.13), phenotypes (F1: 22.22–100) and age groups (F1:
87.01–98.13), highlighting critical challenges in generalisation of NLP tools. The GS-BrainText dataset addresses
a significant gap in available UK clinical text resources and provides a valuable resource for the study of lin-
guistic variation, diagnostic uncertainty expression and the impact of data characteristics on NLP system performance.

Keywords: clinical natural language processing, language resources, brain imaging reports, radiology dataset, gold
standard, benchmarking

1. Introduction

Clinical natural language processing (NLP) can
unlock valuable information from unstructured elec-
tronic health records, supporting research, clinical
decision-making and healthcare quality improve-
ment. However, the translation of NLP tools from
research to clinical practice remains challenging,
primarily due to limited access to diverse, represen-
tative datasets for development and validation.

Current clinical NLP research faces several criti-
cal limitations. First, most publicly available clinical
text datasets originate from US healthcare systems
and may not generalise to other countries, which
differ in terminology, documentation practices and
healthcare processes. Second, existing datasets
often represent single institutions or narrow patient
populations, limiting their utility for developing ro-
bust, generalisable NLP systems. Third, the highly
sensitive nature of clinical data creates significant
barriers to data sharing, hindering external valida-
tion of NLP tools.

We present GS-BrainText, a curated dataset of

brain radiology reports from Generation Scotland,
a broad population-based cohort spanning mul-
tiple Scottish NHS health boards. This dataset
addresses key gaps in available clinical NLP re-
sources by providing: (1) multi-site representation
across various Scottish healthcare settings, (2)
broad demographic coverage including age ranges
typically under-represented in clinical datasets, (3)
expert annotations for clinically important cere-
brovascular phenotypes and (4) evidence of NLP
system performance variation across phenotypes,
sites and age ranges.

2. Background

2.1. Generation Scotland
Generation Scotland is a population-based health
study of approximately 24,000 participants from the
Scottish Family Health Study and the 21st Century
Genetic Health study (Smith et al., 2006; Milbourn
et al., 2024). Established to investigate genetic and
environmental contributions to common diseases,
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participants consented to data linkage and sharing
of their health records, including radiology reports.
The cohort spans multiple NHS health boards serv-
ing distinct geographic regions in Scotland with
varying demographic characteristics. Unlike single-
site or disease-specific cohorts, Generation Scot-
land represents a population-based sample that
includes individuals (recruited between 2006 and
2010) across the full adult age spectrum.1

As part of routine clinical care, participants in
Generation Scotland who underwent brain imag-
ing (CT or MRI) have their radiology reports stored
in NHS digital systems. These reports, authored
by consultant radiologists, document findings ob-
served in brain scans. Reports follow standard
radiology reporting conventions, with sections for
clinical history (provided by the referring clinician),
observations and opinion. The length of the re-
port varies from a few words to a maximum of 602
words (mean: 82 words) depending on the indi-
cation of the scan, the practice of the radiologist,
and the complexity of the findings. Routine clinical
reports are primarily written for clinical communi-
cation. The GS-BrainText dataset includes reports
spanning 1994–2021, providing longitudinal imag-
ing data for the Generation Scotland cohort.

A number of research study reports are also in-
cluded in GS-BrainText but marked in the metadata
to be excludable if necessary. Most of these study
reports (784) are in the unannotated subset, with
14 in the annotated subset.

2.2. Brain Disease Phenotypes
Phenotypes in clinical NLP refer to observable char-
acteristics or traits that can be identified from medi-
cal records. In the context of brain radiology reports,
phenotypes represent specific clinical findings or
diagnostic categories that radiologists observe and
document when interpreting brain imaging. For ex-
ample, they include conditions such as ischaemic
stroke (with specifications for location and time of
occurrence), small vessel disease, atrophy and var-
ious types of tumours.

Automated phenotype extraction from unstruc-
tured radiology text enables researchers to identify
patient cohorts with specific characteristics, con-
duct large-scale epidemiological studies and inves-
tigate disease patterns that would be infeasible to
detect through manual review alone. The accurate
identification and classification of these phenotypes
from free-text reports is essential for translating
imaging findings into structured, searchable data

1Generation Scotland now also includes an additional
17,000 participants from across the whole of Scotland
(NextGenScot), including ones who are younger and
from more health boards. Their data is not included in
GS-BrainText.

that can support both clinical care and research.
We focus on 24 brain disease phenotypes with

substantial clinical and research importance:

Stroke-Related Labels (11)
1. Ischaemic stroke, deep, recent
2. Ischaemic stroke, deep, old
3. Ischaemic stroke, cortical, recent
4. Ischaemic stroke, cortical, old
5. Ischaemic stroke, underspecified
6. Haemorrhagic stroke, deep, recent
7. Haemorrhagic stroke, deep, old
8. Haemorrhagic stroke, lobar, recent
9. Haemorrhagic stroke, lobar, old

10. Haemorrhagic stroke, underspecified
11. Stroke, underspecified

Tumour-Related Labels (4)

12. Tumour, meningioma
13. Tumour, metastasis
14. Tumour, glioma
15. Tumour, other

Other Neurological Findings (9)

16. Small vessel disease
17. Atrophy
18. Subdural haematoma
19. Subarachnoid haemorrhage, aneurysmal
20. Subarachnoid haemorrhage, other
21. Microbleed, deep
22. Microbleed, lobar
23. Microbleed, underspecified
24. Haemorrhagic transformation

These phenotypes are annotated as document-
level labels (see Section 4.1). They were first
devised as part of earlier work on text mining
brain imaging reports by Alex et al. (2019) us-
ing study specific data from one Scottish NHS
health board (the Edinburgh Stroke Study, (Jack-
son et al., 2008)), which was motivated by the
fact that existing medical ontological entries were
not sufficiently fine-grained and phenotyping using
image analysis was not sufficiently accurate yet.
The document-level labels combine mark-up in the
text itself for observations (like ischaemic stroke
or tumour) as well as modifiers for location in the
brain (deep/cortical/lobar) and time of occurrence
(old/recent), creating a comprehensive taxonomy
for stroke, tumour and other neurological findings
from brain imaging reports. Automated extraction
of these phenotypes enables large-scale research
studies that would be infeasible through manual
review alone (e.g., Camilleri et al., 2025; Iveson
et al., 2025).
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2.3. Existing Datasets and Tools
Despite the critical need for annotated clinical
text datasets to develop and validate NLP sys-
tems, publicly available annotated brain imaging
report datasets remain scarce. While some large-
scale annotated radiology datasets exist, such as
MIMIC-CXR (Johnson et al., 2019), containing over
377,000 chest X-ray reports, and IU-XRay, the In-
diana University Chest X-ray collection (Demner-
Fushman et al., 2016), these focus on chest imag-
ing rather than neuroimaging and originate from
US healthcare systems. Linguistic conventions,
terminology and documentation practices in US ra-
diology reports differ from UK NHS settings, limiting
their utility for UK clinical deployment.

Recently, two major brain imaging datasets have
been introduced. Camilleri et al. (2025) describe a
large-scale national cohort from NHS Scotland (ap-
prox. 1.3M brain imaging reports/images linked to
health systems data) accessible through the Brain
Health Data Pilot with reports being labelled with
EdIE-R system output.2 The Brain Imaging and
Neurophysiology Database (BIND), approx. 85K ra-
diology reports from over 1.8M neuroimaging scans
across three US academic medical centres, used
biomedical large language models (LLM) to extract
structured clinical metadata from unstructured re-
ports (Maschke et al., 2025). However, the authors
explicitly note that due to LLM limitations and the
absence of human-curated annotations, they "can-
not guarantee complete accuracy of extracted infor-
mation", positioning the metadata as a navigation
tool rather than clinical ground truth. Both datasets
provide scale but lack expert manual annotations
of clinical phenotypes, limiting their utility for NLP
systems requiring gold standard labels.

For expertly annotated brain imaging datasets,
several smaller resources exist but with restricted
access and limited scope. The Edinburgh Stroke
Study dataset used to develop EdIE-R comprises
1,168 manually annotated reports (Alex et al.,
2019), and datasets used to develop ALARM+,
ESPRESSO, and Sem-EHR remain internal to their
respective institutions (Schrempf et al., 2020; Fu
et al., 2019; Rannikmäe et al., 2021). They provide
high-quality expert annotations for specific pheno-
types but are limited in scale, geographic diversity
and availability to the broader research community.

This scarcity of shareable, expertly annotated,
UK-based brain radiology datasets creates signif-
icant barriers to advancing clinical NLP research
for neuroimaging applications. GS-BrainText
addresses this gap by providing a multi-site,
population-based resource with expert clinical gold
annotations for UK NHS health boards.

2https://healthdatagateway.org/en/
collection/158

3. Data Collection and Curation

3.1. Report Acquisition
We obtained access to brain imaging reports for
Generation Scotland participants who underwent
brain CT or MRI scans. Reports were retrieved
through established data linkage protocols with
NHS Scotland health boards: Fife, Lothian, Greater
Glasgow and Clyde (GGC), Grampian and Tayside.

3.2. Pre-processing Pipeline
Raw reports and associated metadata were sup-
plied in CSV format from each health board. We
developed a standardised pre-processing pipeline
comprising:
Format conversion and structure identification:
Reports were converted from spreadsheets to XML
format using components of the EdIE-R text pro-
cessing pipeline (Alex et al., 2019). During conver-
sion, we automatically identified structural sections
within reports, including clinical history and report
body. Clinical history sections, which typically con-
tain referring clinician notes rather than radiologist
findings, were not annotated.
Imaging modality labelling: Reports were la-
belled by their modality (CT, MRI, etc.) in the XML.

Following this pre-processing, the final dataset,
called the GS-BrainText data, comprises 8,511
scan reports (CT: 4362, MRI: 966, Other: 183)
distributed across the five health boards: Tayside
(3,747), GGC (3,309), Grampian (1,076), Lothian
(269) and Fife (110). The distribution reflects the
volume of reports originally provided by each board,
with larger contributions from Tayside and GGC.
From these available reports, we annotated 2,431
reports (CT: 1,487, MRI: 944), including all but 2
reports from Fife (108), approximately half from
Lothian (143) and Grampian (521), a third from
GGC (1,009) and a fifth from Tayside (650).

4. Annotation Schema and Process

4.1. Annotation Schema Design
We employed a comprehensive annotation schema
originally developed together with a neurologist and
a radiologist for the development of the EdIE-R clin-
ical NLP pipeline (Alex et al., 2019; Wheater et al.,
2019). It comprises of text-level annotations of en-
tities and modifiers, attributes of entities, relations
as well as document-level labels:
Text-level annotations include (1) named enti-
ties representing clinical findings (e.g., “ischaemic
stroke”, “small vessel disease”, “atrophy”); (2) Lo-
cation modifiers specifying anatomical regions (i.e.,
“cortical”, “lobar” or “deep”) and (3) temporal modi-
fiers indicating timing (i.e., “old” or “recent”).

https://healthdatagateway.org/en/collection/158
https://healthdatagateway.org/en/collection/158
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Attributes are an additional annotation on entities
reserved for negation (i.e., to signal that a type of
stroke or tumour is not visible on the image.
Relations include links between modifiers and
named entities (e.g., a link between “old” and “is-
chaemic stroke” to signal that this type of stroke was
not recent or between “deep” and “haemorrhagic
stroke” to signal the location of the haemorrhage.
Entities can be related to multiple modifiers.
Document-level labels classify each report for all
phenotypes (see Section 2.2) in the context of all
other annotations.

The schema was designed to capture not only
phenotype presence and absence but also critical
contextual information that affects clinical interpre-
tation. The annotation was carried out using the
BRAT annotation tool (Stenetorp et al., 2012) and a
synthetic annotated example is shown in Figure 1.

To ensure consistency and efficiency, annotation
was performed as systematic correction of EdIE-R
output rather than annotation from scratch. As a
result, residual anchoring bias cannot be excluded;
in particular, false negatives not surfaced by EdIE-
R may be under-represented in the gold standard.
Nevertheless, pre-annotation with EdIE-R substan-
tially reduced annotation time, a pragmatic trade-off
that is commonly adopted in clinical NLP data an-
notation work and one taken in light of EdIE-R’s
previously demonstrated performance on Scottish
radiology report data (see Section 6.1.

4.2. Annotation Team and Training
Annotations were performed by a multidisciplinary
team consisting of a consultant neurologist, a clini-
cal fellow, a junior doctor, a clinical laboratory sci-
entist and a medical student. All annotators un-
derwent comprehensive training on 115 files from
the Tayside and Fife subsets through an iterative
process.

4.3. Quality Assurance
We implemented rigorous quality assurance to en-
sure annotation consistency:

• Regular consensus meetings were held where
annotators could discuss challenging cases,
resolve queries and provide feedback to main-
tain consistency across all five annotators.

• Around 10% of data was double-annotated
across NHS GGC, Grampian and Tayside.

• 100% of the NHS Lothian and Fife data was an-
notated by two or more annotators as we had
less data available from these health boards.

• Inter-annotator agreement (IAA) was com-
puted amongst the four less experienced an-

notators, i.e. not including the consultant neu-
rologist (see Table 1).

• The final annotated dataset comprises single-
annotated files and, for double-annotated files,
annotations selected based on annotator ex-
pertise and consistency.

Table 1 presents IAA statistics for document-level
labels (phenotypes). F1-scores range from 83.74
to 95.65 across phenotypes and health boards, in-
dicating reasonably high or very high agreement.

IAA was assessed at both the text level (named
entities, negation attributes, modifiers and rela-
tions) and the document level (phenotype labels)
in GS-BrainText. However, given this paper’s focus
on dataset utility for phenotype extraction, we only
report document-level agreement statistics. Com-
prehensive text-level annotation statistics, albeit for
other datasets, can be found in Alex et al. (2019)
and Wheater et al. (2019).

5. Annotated Dataset Characteristics

5.1. Size and Composition

The annotated GS-BrainText comprises 2,431 radi-
ology reports across five NHS health boards. Ta-
ble 2 shows the distribution of reports and phe-
notype prevalence by health board and demon-
strates substantial variation in frequencies.3 Small
vessel disease (n=545) and atrophy (n=441) were
the most common findings, together accounting
for over 53% of all labels. Ischaemic stroke phe-
notypes show reasonable representation (n=381
total) and were more common than haemorrhagic
stroke (n=84 total), consistent with known stroke
epidemiology. Several clinically important pheno-
types were rare in the dataset: microbleeds (n=12),
haemorrhagic transformation (n=10) and gliomas
(n=8). This imbalanced distribution reflects both
the population-based nature of the cohort and the
relative epidemiological frequencies of these con-
ditions, but poses challenges for evaluating NLP
system performance on rare phenotypes.

The distribution varies also substantially by
health board, with GGC contributing the largest
absolute numbers across most phenotypes due to
its larger sample size. Rarer phenotypes like mi-
crobleeds appear almost exclusively in data from
NHS GGC and Grampian.

3We do not provide a fixed data split, as the annotated
subset was used solely for evaluation and several phe-
notypes are rare in the data. We therefore recommend
future work adopt k-fold cross-validation to determine
performance of the entire dataset.
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Figure 1: A synthetic brain imaging report annotated with text- and document-level annotations.

Annotator pairs Fife GGC Grampian Lothian Tayside
A1-A2 88.15 (108) - - - -
A1-A3 87.50 (108) - - - -
A1-A4 89.90 (108) - - - -
A2-A3 83.58 (108) 91.18 (53) - 86.51 (143) 90.91 (35)
A2-A4 90.82 (108) - 95.65 (26) - -
A3-A4 86.17 (108) 86.49 (53) 91.67 (24) - 87.50 (30)

Table 1: Pairwise inter-annotator agreement (IAA) reported in F1 (and number of reports in parentheses)
for phenotype annotations in GS-BrainText across five Scottish NHS health boards (GGC = Greater
Glasgow and Clyde). All annotators annotated all the reports in Fife and two annotated all the reports in
Lothian. IAA for other boards was computed on smaller subsets with two pairwise comparisons each.

5.2. Demographic Distribution

The annotated dataset contains 2,431 scan reports,
of which 1,433 are of female and 988 of male pa-
tients, matching the overall Generation Scotland
cohort gender distribution: 59% female and 41%
male (Smith et al., 2012).

Of the annotated reports, 644 are from patients

under 50, 1,063 from those aged 50–69, and 704
from those aged over 70.

5.3. Linguistic Characteristics

Casey et al. (2023) previously identified important
linguistic characteristics in a subset of the GS-
BrainText dataset related to diagnostic uncertainty
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Phenotype Fife GGC Grampian Lothian Tayside Total
Ischaemic_stroke_deep_recent 0 9 9 3 0 21
Ischaemic_stroke_deep_old 6 78 55 15 25 179
Ischaemic_stroke_cortical_recent 6 22 9 5 5 47
Ischaemic_stroke_cortical_old 6 45 24 5 8 88
Ischaemic_stroke_underspecified 4 17 11 0 14 46
Haemorrhagic_stroke_deep_recent 0 0 1 1 0 2
Haemorrhagic_stroke_deep_old 1 3 1 0 2 7
Haemorrhagic_stroke_lobar_recent 1 4 1 1 3 10
Haemorrhagic_stroke_lobar_old 1 8 1 0 1 11
Haemorrhagic_stroke_underspecified 6 28 11 3 6 54
Stroke_underspecified 2 3 2 0 1 8
Tumour_meningioma 7 18 18 2 3 48
Tumour_metastasis 0 22 6 4 2 34
Tumour_glioma 0 4 3 1 0 8
Tumour_other 3 24 10 5 9 51
Small_vessel_disease 26 250 178 42 49 545
Atrophy 32 215 114 21 59 441
Subdural_haematoma 0 36 25 7 0 68
Subarachnoid_haemorrhage_aneurysmal 0 2 4 1 0 7
Subarachnoid_haemorrhage_other 1 9 15 5 3 33
Microbleed_deep 0 1 1 0 0 2
Microbleed_lobar 0 3 4 0 0 7
Microbleed_underspecified 0 3 0 0 0 3
Haemorrhagic_transformation 5 4 1 0 0 10

Table 2: Distribution of phenotype prevalence across five Scottish NHS health boards in the annotated
subset of GS-BrainText (GGC = Greater Glasgow and Clyde).

in radiological reporting. Their analysis showed
that scan reports of younger patients frequently em-
ploy hedging language, particularly for cerebrovas-
cular findings that are less expected in this age
group. Phrases such as “this may possibly be an
ischaemic infarct” appear more frequently in reports
of patients under 50 years compared to those over
70. Uncertainty expressions pose challenges both
for manual annotation and NLP systems.

6. Benchmark Evaluation

In prior work, Casey et al. (2023) compared the per-
formance of four NLP systems on CT scans in GS-
BrainText: EdIE-R (Alex et al., 2019; Wheater et al.,
2019), ALARM+ (Schrempf et al., 2020, 2021),
ESPRESSO (Fu et al., 2019, 2020) and Sem-
EHR (Rannikmäe et al., 2021). These systems rep-
resent diverse approaches (rule-based and neural)
and training or development data sources. Eval-
uation was restricted to a subset of three overlap-
ping phenotypes (ischaemic stroke, small vessel
disease and atrophy).

In the following section, we will lay out the perfor-
mance for EdIE-R across all 24 phenotypes on the
full manually annotated GS-BrainText gold data (CT
and MRI). The aim is to demonstrate the usefulness
of the GS-BrainText dataset providing a baseline for

the entire phenotype annotation scheme for future
research using machine learning or large language
model approaches.

6.1. System Description
EdIE-R (short for Edinburgh Information Extraction
for Radiology) is a rule-based system developed on
the Edinburgh Stroke Study (ESS) data from NHS
Lothian (Alex et al., 2019) and subsequently refined
and evaluated on NHS Tayside data (Wheater et al.,
2019).4 After some initial preprocessing and linguis-
tic analysis, it performs named entity recognition
(NER), negation detection and relation extraction
before conducting document-level classification. Its
NER and negation detection components were ro-
bustly evaluated on ESS and Tayside data (Grivas
et al., 2020; Sykes et al., 2021).

6.2. Evaluation
Table 3 presents EdIE-R’s precision, recall and
F1 scores across all 24 phenotypes on the manu-
ally annotated GS-BrainText data.5 EdIE-R demon-
strates high overall performance on this dataset,

4EdIE-R is available at https://www.ltg.ed.ac.
uk/software/edie-r.

5In clinical research, precision is also called positive
predictive value and recall is known as sensitivity.

https://www.ltg.ed.ac.uk/software/edie-r
https://www.ltg.ed.ac.uk/software/edie-r
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achieving a micro-average F1 score of 88.82.
However, micro-averaging is dominated by high-
frequency phenotypes; we therefore also report
macro-averaged precision, recall and F1 of 74.22,
84.78 and 77.47 respectively, which weights all phe-
notypes equally and reflects performance across
the full range of phenotype frequencies.

System performance varies considerably by phe-
notype type and frequency, achieving best results
on high-frequency phenotypes: small vessel dis-
ease (F1=95.6), atrophy (F1=95.69) and subdural
haematoma (F1=91.55). For ischaemic stroke sub-
types, performance ranges from 74.42 (deep, re-
cent) to 91.3 (cortical, recent), with the underspeci-
fied category performing notably lower (F1=60) due
to reduced precision (51.56). Microbleeds (deep
and lobar) achieve perfect scores (F1=100), though
their extreme rarity (n=2 and n=7) limits the reliabil-
ity of these estimates. The poorest performance is
obtained for subarachnoid haemorrhage, aneurys-
mal (F1=22.22), reflecting both the low frequency of
this phenotype (n=7) and its very low recall (14.29).

Individual results for low-support phenotypes
(n<30 in the Total column of Table 2) should be
interpreted with caution, as scores may not be reli-
able estimates of generalised system performance.

6.3. Performance by Health Board

EdIE-R performance across health boards (see Ta-
ble 4) reveals some variation, with F1 scores rang-
ing from 86.13 (Tayside) to 98.13 (Fife). The system
achieves highest performance on Lothian (96.36)
and Fife (98.13). Notably, Lothian data (though
unlikely the specific reports in GS-BrainText) were
used in EdIE-R’s original development on the Edin-
burgh Stroke Study (Alex et al., 2019), while data
from Fife was not used when devising its rules. Per-
formance is lower on other health boards: GGC
(87.01), Grampian (89.15) and Tayside (86.13).
The reduced performance on Tayside is particu-
larly noteworthy, as similar NHS Tayside data was
used for system refinement (Wheater et al., 2019).
The variation in F1 scores demonstrates the impact
of local reporting conventions and data heterogene-
ity on rule-based system performance, even within
a single national healthcare system.

6.4. Performance by Age Group

Performance increased with age (ranging between
F1=77.60 for <50 and F1=91.7 for 70+), corre-
sponding to phenotype coverage of 16/24 for peo-
ple under 50, 24/24 for people aged 50-69, and
23/24 for those aged over 70 (see Table 5).

7. Discussion and Conclusion

We present BS-BrainText, a dataset of 8,511 brain
radiology reports from Generation Scotland, of
which 2,431 are annotated for 24 cerebrovascular
phenotypes across five Scottish NHS health boards.
Benchmark evaluation of the EdIE-R NLP system
reveals strong overall performance (F1=88.82) with
substantial variation across phenotypes (22.22–
100), health boards (86.13–98.13) and age (77.6–
91.7), highlighting challenges for clinical NLP de-
ployment. Performance exceeds 95 in F1 for com-
mon phenotypes, but drops for rare ones and dif-
fers across NHS sites, even within a single national
healthcare system.

The observed variation highlights critical factors
affecting clinical NLP robustness. Local report-
ing conventions substantially impact performance:
EdIE-R achieves 96.36 on Lothian data similar to
what was used in its development, yet performs at
86–89 on data from some other boards. Interest-
ingly, performance on Fife (98.13) exceeds that on
Tayside (86.13) despite similar Tayside data having
been used for system refinement. Its performance
variation of up to 12 points across sites underscores
the challenges of developing truly generalisable
clinical NLP systems.

These findings carry important implications for
clinical deployment. "Out-of-the-box" application
of NLP systems to new healthcare settings, even
within the same country, carries some risk of per-
formance degradation. Organisations adopting
NLP tools should therefore conduct local valida-
tion before deployment and monitor performance
across demographic and clinical subgroups. For
researchers, our results underscore the value of
multi-site datasets for developing robust systems,
as training on single-institution data does not pre-
pare systems for linguistic and clinical variation
encountered across sites.

GS-BrainText, containing expert annotations
across 24 clinically important phenotypes, provides
a valuable resource for advancing robust and gen-
eralisable clinical NLP, enabling researchers to de-
velop systems that can handle the linguistic varia-
tion, demographic diversity and multi-site hetero-
geneity encountered in real-world healthcare set-
tings. Through controlled access, this dataset can
support the development of next-generation clini-
cal NLP tools that maintain reliable performance
across the diverse contexts of clinical practice.

With EdIE-R, we contribute a strong baseline
(micro-average F1=88.82), demonstrating that well-
engineered rule-based approaches can achieve
competitive performance on clinical phenotyping
tasks while providing interpretable predictions for
benchmarking new approaches.
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Phenotype Precision Recall F1
Ischaemic_stroke_deep_recent 72.73 76.19 74.42
Ischaemic_stroke_deep_old 84.58 94.97 89.47
Ischaemic_stroke_cortical_recent 93.33 89.36 91.30
Ischaemic_stroke_cortical_old 86.02 90.91 88.40
Ischaemic_stroke_underspecified 51.56 71.74 60.00
Haemorrhagic_stroke_deep_recent 66.67 100.00 80.00
Haemorrhagic_stroke_deep_old 75.00 42.86 54.55
Haemorrhagic_stroke_lobar_recent 77.78 70.00 73.68
Haemorrhagic_stroke_lobar_old 72.73 72.73 72.73
Haemorrhagic_stroke_underspecified 57.14 96.30 71.72
Stroke_underspecified 36.84 87.50 51.85
Tumour_meningioma 82.76 100.00 90.57
Tumour_metastasis 64.00 94.12 76.19
Tumour_glioma 66.67 75.00 70.59
Tumour_other 54.05 78.43 64.00
Small_vessel_disease 93.66 97.61 95.60
Atrophy 98.33 93.20 95.69
Subdural_haematoma 87.84 95.59 91.55
Subarachnoid_haemorrhage_aneurysmal 50.00 14.29 22.22
Subarachnoid_haemorrhage_other 63.27 93.94 75.61
Microbleed_deep 100.00 100.00 100.00
Microbleed_lobar 100.00 100.00 100.00
Microbleed_underspecified 75.00 100.00 85.71
Haemorrhagic_transformation 71.43 100.00 83.33
Micro-average 85.03 92.95 88.82
Macro-average 74.22 84.78 77.47

Table 3: Precision, recall and F1 scores for the EdIE-R NLP system on GS-BrainText for individual
phenotypes as well as micro- and macro-averaged performance scores.

Health Board Precision Recall F1
Fife 98.13 98.13 98.13
GGC 82.18 92.45 87.01
Grampian 87.12 91.27 89.15
Lothian 94.44 98.35 96.36
Tayside 80.09 93.16 86.13

Table 4: EdIE-R performance in precision, recall
and micro-average F1-scores for GS-BrainText per
NHS health board.

Age Group Precision Recall F1
<50 69.78 87.39 77.60
50-69 81.24 92.76 86.62
70+ 89.78 93.70 91.70

Table 5: EdIE-R performance in precision, recall
and micro-average F1-scores by age group.

8. Limitations and Future Work

While GS-BrainText addresses important gaps in
available clinical NLP resources, several limitations
and opportunities for future work should be noted:
Geographic scope: The dataset is limited to Scot-
tish NHS health boards and may not represent clin-
ical reporting practices in other UK regions or inter-
national healthcare systems. Variations in terminol-
ogy, reporting conventions and clinical workflows
may limit generalisability beyond Scotland, though

the multi-site nature within Scotland provides some
indication of cross-institutional robustness.
Imaging modality: The dataset includes both CT
(1,487 annotated, 4,362 total) and MRI (944 an-
notated, 3,966 total) reports. The predominance
of CT in the annotated subset reflects its preva-
lence in acute clinical settings, though the substan-
tial MRI representation (39% of annotated reports)
enables investigation of cross-modality language
variation. Terminology and reporting conventions
may differ between CT and MRI, presenting both
challenges and opportunities for developing robust
cross-modality systems.
Phenotype coverage: Although we annotated 24
clinically important phenotypes, many other neu-
rological findings documented in radiology reports
are not captured by our annotation schema. The
schema focuses on cerebrovascular pathology and
common structural abnormalities, excluding condi-
tions such as infectious processes and traumatic
injuries beyond subdural haematoma.
Class imbalance: Substantial imbalance exists
in phenotype frequencies, with some conditions
(small vessel disease, atrophy) well-represented
while others (microbleeds, certain tumour sub-
types) being extremely rare. This imbalance, while
reflecting real-world epidemiology, limits the ability
to robustly evaluate NLP system performance on
rare but clinically important phenotypes.
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Annotation reporting: Document-level labels rep-
resent the primary annotation layer reported on in
this paper, with text-level annotations (named en-
tities, relations, temporal and location modifiers
and negation) not systematically reported here.
While phenotype annotation aligns with typical use
cases for cohort identification and epidemiological
research, researchers interested in developing en-
tity recognition or relation extraction components
can acquire additional detailed annotation statistics
from the GS-BrainText data itself.
Temporal factors: Reports span over a large time
frame (1994–2021; most common scan date in
2016) during which reporting practices, imaging
technology and clinical guidelines have evolved.
We do not systematically analyse temporal trends
in language use or diagnostic patterns, though such
changes may contribute to observed performance
variation across subsets of the data and can be
explored in future research.
Population characteristics: Generation Scotland
is a volunteer cohort that may not fully represent
the general Scottish population. Participants will-
ing to engage in long-term clinical research may
differ from non-participants in their readiness to
seek medical help, their socioeconomic status or
their baseline health. The population-based sam-
pling reduces some selection biases present in
disease-specific cohorts, but perfect representa-
tiveness cannot be assumed.
NLP system coverage: We evaluated only EdIE-R,
a rule-based system. Modern contextual models
may improve on some challenges, but evidence
suggests site-specific variation persists across NLP
architectures (Casey et al., 2023), indicating that
architectural advances alone cannot eliminate the
need for local validation.

Despite these limitations, GS-BrainText repre-
sents a valuable available resources for clinical
NLP research on brain imaging reports, providing
multi-site, expertly annotated data with comprehen-
sive baseline performance reporting and interesting
opportunities for future research.

9. Data Access

GS-BrainText is available via Generation Scot-
land’s controlled access process: https:
//www.ed.ac.uk/generation-scotland/
for-researchers/access.

10. Ethics Statement

This research was conducted under ethical ap-
provals for the Generation Scotland cohort. GS has
ethical approval for the SFHS study (05/S1401/89)
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are now part of a Research Tissue Bank (20-ES-
0021). Ethical approval for the GS:SFHS study was
obtained from the Tayside Committee on Medical
Research Ethics (on behalf of the National Health
Service). Ethical approval for the GS:21CGH study
was obtained from the Scotland A Research Ethics
Committee. Patients/participants provided their
written informed consent to participate in this study.
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