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Introduction

In this study, we have used the Dynamic Risk Score (DRS) as a key predictive mamn DD \\(’ »\\ Agelm
factor. Unlike Genetic Risk Scores (GRS), which are static and do not change rrmw U % AAD

over time, DRS incorporates dynamic, time-sensitive biomarkers such as age g CH

and microRNAs. This allows for real-time tracking of disease progression,

offering improved prediction accuracy, better risk stratification, and more  { ) Glucose y

personalized intervention strategies in type 1 diabetes.

Static Biomarkers Dynamic Biomarkers

/

Stay constant and do
not change over time

Circulating and change
with time

Methods

In the PREDICT T1D Study, we identified a 50-microRNA based
dynamic risk score across multi-context cohort for T1D
stratification.
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Aim: To improve generalisability of the PREDICT-T1D signature

across diverse cohorts using GAl based synthetic data augmentation.
N Y

Generative Al based synthetic data are artificially generated
datapoints which capture the statistical relationships of the original
data and replicates it to generate new data points.

Results

Optimisation of synthetic data is an important step as adding too
little synthetic data may not improve model generalisability.
Whereas, adding too much synthetic data can induce noise rather
than any useful signals. Hence, we analysed validation dataset with
different number of variables and synthetic datasets.
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Conclusion

Our findings demonstrate that synthetic datasets are dataset
dependent and significantly enhance model performance for
predicting Type 1 diabetes in this study, especially when dynamic
biomarkers like microRNAs and age are incorporated into the
feature set. While larger synthetic datasets (up to 100k) improved
AUC consistently, performance gains plateaued or declined beyond
that point. This suggests an optimal balance between dataset size
and feature complexity, with 100k synthetic samples offering the
best trade-off for this dataset.
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