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ABSTRACT

Brugada syndrome is a rare inherited arrhythmia syndrome in which specialist ECG interpretation, symptoms,
family history and genetic context matter more than any single hospital code. This investigation used pre-
sequencing Hospital Episode Statistics trajectories from a Genomics England Trusted Research Environment
cohort to ask whether hospital-coded phenotype history could stratify a Brugada-suspect cohort along a
promoter-focused SCNS5A architecture axis. The source cohort contained 252 participants: 139 promoter non-
carriers, 90 heterozygous carriers and 23 homozygous carriers. The primary analysis compared promoter-
homozygous participants with eligible non-carriers after Tier 1/2 SCN5A mutation-positive exclusions, leaving
153 participants and only 23 positive cases. A compact S-year feature set retained 10 active predictors: five
ICD-derived ever flags, three grouped burden rates and two observability covariates. Across five repeated
hold-out seeds, random forest was the strongest main-branch family but remained modest (median ROC AUC
0.5429, PR AUC 0.2621, Brier score 0.1350), with severe events-per-variable limitation. A secondary raw-
ICD branch suggested possible residual ranking signal but was seed-unstable. The conclusion of this work is
that HES trajectories may contain weak promoter-relevant signal, but not enough for reliable classification
without richer phenotyping, larger event counts and external validation.

DECLARATION

This dissertation is submitted as original work for Biomedical Science (Hons). The analysis was conducted
under approved data-governance arrangements inside the Genomics England Trusted Research Environment.
Small phenotype-linked counts were masked in the exported summary artefacts used for this write-up. The
main literature, code-derived methods and TRE export findings are acknowledged through in-text citation,
tables, figures and the reference list.



LIST OF ABBREVIATIONS

Abbreviations used in the dissertation.

AE Accident and Emergency

APC Admitted Patient Care

AUPRC/PR AUC Area under the precision-recall curve

AUROC/ROC AUC Area under the receiver operating characteristic curve
BrS Brugada syndrome

(0\% Cross-validation

ECG Electrocardiogram

EHR Electronic health record

EPV Events per variable

GE Genomics England

HES Hospital Episode Statistics

ICD-10 International Classification of Diseases, Tenth Revision
LR/RF /NN Logistic regression / random forest / neural network
(0)3 Outpatient

SE Standard Error

TRE Trusted Research Environment
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APPENDIX A: ACTIVE FEATURE AND ICD CODE
LOGIC

This appendix records the active compact-primary code logic in words. ICD groups were handled as structured
hospital-history features designed to capture arrhythmia, conduction, severe-event and care-pathway traces

before sequencing.

Appendix Table A1. ICD code groups used to build active features.

Ventricular tachyarrhythmia 147.0,147.2
Ventricular fibrillation/flutter 149.0
Cardiac arrest history 146*
Syncope/unspecified conduction R55 or 145.9
alert
AV block 144*
Bundle/fascicular/intraventricular

145*
block
Sinus-node dysfunction 149.5
Bradycardia unspecified R00.1
Pathway proxy 149.8, R94.3, 795.0, Z45.0

Ventricular tachycardia-related hospital coding.
High-severity ventricular electrical instability.
Hospital-coded cardiac arrest history.

RS5S captured syncope/collapse; 145.9 captured unspecified conduction-
disorder alerting.

Atrioventricular block/conduction delay.

Intraventricular conduction-system abnormality.

Sick sinus syndrome/sinus-node dysfunction.

Generic bradycardia; removed as a standalone compact-primary ever
flag.

Specified arrhythmia/channelopathy, abnormal cardiac tests, device
presence/follow-up.
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Appendix Figure Al. Seed 62 top raw-ICD phi signals from the exploratory branch. All 20 captured codes by
phi were positive.

APPENDIX B: NUMERICAL HANDLING AND
FORMULAE

Balanced accuracy was used to reduce the misleading effect of the majority class. It was calculated as:
balanced accuracy = (sensitivity + specificity) /2

where sensitivity was TP/(TP+FN) and specificity was TN/(TN+FP). ROC AUC measured ranking
performance across classification thresholds. PR AUC measured precision-recall behaviour and was prioritised
because the positive class was small. The Brier score was the mean squared difference between predicted
probability and observed binary outcome:

Brier score = mean((predicted probability — observed outcome)”2)

For the final compact branch, the crude events-per-variable calculation was 17 positive training events divided
by 14 post-preprocessing feature-effect rows, giving approximately 1.21. This was a severe limitation on
model interpretation.

For the raw-ICD branch, the support score was defined as:

support score = log10((participant support + of fset) x (event — volume proxy + of fset))



Support thresholds were selected inside training data using inner cross-validation. Cross-validation means that
training data are repeatedly split into inner training and validation folds so that tuning decisions can be
compared without using the held-out test set. SE means standard error. In the support-threshold plot, mean +/-
SE shows the estimated mean inner-CV balanced accuracy and its uncertainty across inner folds.

The phi coefficient was used to describe the association between each retained binary ICD code and the target
class. Positive phi indicated enrichment in the promoter-homozygous group, while negative phi indicated
enrichment in non-carriers. Jaccard similarity was used to measure code co-occurrence:

Jaccard similarity = shared participants with both codes / participants with either code

Codes were grouped by ICD chapter, phi sign and co-occurrence similarity. This was intended to convert
sparse raw ICD codes into more stable group-level features, although the results showed that many groups
were still singletons.

APPENDIX C: EXTENDED AUDIT TABLES

Appendix Table C1. Raw-ICD seed-level audit.

s o
accuracy
LR 42 312 378 0.394

0.159 0.538
LR 52 97 121 0.492 0.166 0.470
LR 62 522 636 0.596 0.207 0.561
LR 72 94 111 0.338 0.146 0.530
LR 82 126 150 0.295 0.122 0.470
NN 42 312 378 0.369 0.140 0.455
NN 52 97 121 0.604 0.286 0.583
NN 62 522 636 0.581 0.205 0.500
NN 72 94 111 0.530 0.197 0.515
NN 82 126 150 0.381 0.170 0.500
RF 42 312 378 0.295 0.120 0.356
RF 52 97 121 0.548 0.179 0.500
RF 62 522 636 0.535 0.243 0.500
RF 72 94 111 0.641 0.226 0.492

RF 82 126 150 0.563 0.249 0.500



APPENDIX D: REPRODUCIBILITY SUMMARY

Appendix Table D1. Summary of reproducibility details

Component Implementation detail

Secure data Analyses were conducted within the Genomics England Trusted Research Environment. Clinical and
environment phenotype data were accessed through LabKey, containing de-identified clinical, phenotypic and
bioinformatics data, including secondary clinical data such as Hospital Episode Statistics (Genomics
England, 2026a; Genomics England, 2026b).

Data release and | The cohort-building code used the Genomics England Main Programme LabKey. LabKey API supports
access route Python-based querying of LabKey tables and the cohort code used SQL queries returned as pandas data
frames (Genomics England, 2026b).

Software The active analysis scripts were written in Python and used pandas, NumPy, SciPy, scikit-learn and
Matplotlib.
Source tables Hospital Episode Statistics Admitted Patient Care, Outpatient and Accident and Emergency sources were

used as pre-index hospital-trajectory data. Diagnosis tokens were extracted from diag_all and
available diag_ XX fields where present, normalised by removing punctuation and mapped into ICD-derived

groups.

Temporal Predictor features were derived from hospital events occurring before the sequencing/index date. The
censoring compact-primary branch used a five-year pre-index window.

Primary target The main target was promoter_homozygous_vs_noncarrier, derived from promoter dosage. Promoter

homozygotes were mapped to class 1, promoter non-carriers to class 0 and promoter heterozygotes were
dropped from the primary contrast.

Tier 1/2 The cohort filter was exclude tierl2 positive. In code, Tier 1/2 signal was resolved from tier12 positive if
exclusion available and rows with Tier 1/2 signal equal to 1 were excluded. Genomics England describes rare-disease
Tier 1 and Tier 2 variants as variants that should be clinically assessed by NHS Genomic Medicine Centres
and that are assigned through the rare-disease tiering process (Genomics England, 2026¢).

Final primary The final main-branch modelling set contained 153 participants: 23 promoter-homozygous positives and
modelling 130 eligible non-carrier negatives. Each repeated split contained 114 training participants and 39 held-out
sample participants, with 17 positives in training and 6 positives in the held-out set.

Compact- The compact-primary profile retained 10 predictors: five ICD ever flags, three grouped burden rate features

primary features | and two observability controls. Recency features, generic event/code intensity features, missingness flags,
raw grouped ICD counts and broader raw burden-count families were excluded from the compact-primary
profile.

Active ICD ever | The five retained binary ICD features were ventricular tachyarrhythmia ever, ventricular fibrillation/flutter
flags ever, cardiac arrest ever, syncope/collapse ever and bundle/fascicular/intraventricular block ever within the
five-year window.

Active burden- The three retained rate features were ventricular-severity burden rate, conduction-system burden rate and
rate features pathway-proxy burden rate, normalised by observable exposure time inside the five-year window.
Observability exposure_years_core and short_history indicator Sy were retained to distinguish true absence of recorded
controls events from limited observable hospital history.

Split design Both compact-primary and raw-ICD signalling branches used participant-level repeated stratified hold-out

evaluation with seeds 42, 52, 62, 72 and 82 and a 0.25 test fraction. Splits were stratified where valid.

Preprocessing For each seed, the split was made before model fitting. Numeric imputation, categorical handling, log
sequence transformation, winsorisation, scaling and threshold selection were fitted using training data only and then
applied to the held-out data.




Imputation and
categorical
handling

Categorical unseen levels were mapped to Unknown. Numeric imputation values were learned from the
training partition. Binary features were protected from log transformation, winsorisation and scaling.

Log, winsor and
scaling policy

Log transformation was applied to eligible count, duration and rate features for LR and NN only.
Winsorisation used the training-side upper 0.995 quantile for eligible features, post-log for LR/NN and raw
for RF. Scaling was applied to eligible continuous/ordinal/count/duration/rate features for LR and NN only.

Main LR model | Logistic regression used scikit-learn LogisticRegression with solver="liblinear", L2 regularisation by
default, max_iter=2000, seed-specific random_state and no class weighting in the primary analysis.

Main RF model Random forest used scikit-learn RandomForestClassifier with n_estimators=500, default depth, seed-
specific random_state, n_jobs=-1 and no class weighting in the primary analysis.

Main NN model | The compact-primary NN comparator used scikit-learn MLPClassifier with hidden layers (64, 32), ReLU
activation, Adam optimiser, alpha=0.0001, initial learning rate 0.001, max_iter=500, seed-
specific random_state and early stopping disabled. It remained an exploratory stress-test comparator.

Threshold policy | Thresholds for binary classification used training-only out-of-fold probabilities. The default policy selected
the threshold that maximised training balanced accuracy subject to a minimum training specificity floor of
0.55. If inner-CV support was insufficient, fixed-threshold fallback logic was available and logged; the
compact-primary runs did not use threshold fallback.

Inner CV for Compact-primary threshold selection used training-only inner cross-validation with up to five folds, reduced

thresholds when the minority-class count required fewer folds.

Raw-ICD The raw-ICD branch was a secondary exploratory analysis asking whether unconstrained ICD-code space

branch role

contained residual signal missed by the compact expert-grouped feature set.

Raw-ICD
support score

For each ICD code c in the training split, support was s_sup(c) = log10((n_pt(c) + 0.5) * (n_evt(c) + 0.5)),
where n_pt(c) was distinct participant support and n_evt(c) was the event-volume term.

Raw-ICD Candidate support thresholds were empirical support-score quantiles from 0.10 to 0.85 in increments of
support- 0.05. Three-fold inner CV was used where feasible. The selected threshold was the most strongly pruning
threshold tuning | candidate within one standard error of the best mean inner-CV balanced accuracy.

Raw-ICD phi For each retained code, a target-skew phi coefficient was computed using training data only. If any 2x2

and grouping

contingency-table cell was zero, 0.5 was added to all cells. Codes were grouped within ICD chapter and phi-
sign partitions using Jaccard co-occurrence weighted by sqrt(abs(phi_i) * abs(phi_j)), average-linkage
hierarchical clustering and an adaptive largest-gap cut.

Raw-ICD models

Raw-ICD LR used L2 logistic regression with liblinear and max_iter=2000; RF used 500 trees; NN used
hidden layers (32, 16), alpha=0.001, learning rate 0.0005, max_iter=1200 and early stopping. Class
weighting was not used.

Reporting
convention

Aggregate performance was reported as median (IQR) across the five repeated hold-out seeds. ROC AUC,
PR AUC and Brier score were used as probability/ranking summaries; sensitivity, specificity and balanced
accuracy depended on the training-selected threshold and were interpreted cautiously because each test split
had only six positives.
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