Automated speaker verification for detecting identity anomalies and ensuring data integrity in multi-site CNS clinical trials
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Introduction

e [hereis acritical need for objective, scalable,
and automated solutions to identify data
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Results

Across different participants IDs, 196 of
visit-level voice embeddings were flagged as

anomalies in clinical trials to ensure data and Q > > , Cosine P anomalously similar, indicating different IDs
outcome integrity 925 > % > | Similarity | were associated with similar voice embeddings.
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embedding-based speaker identification model
to flag instances of voice similarity anomalies.

Methods

Figure 2. A) Extracting voice embeddings using a pretrained model. B) Comparing similarity of different voice embeddings with cosine similarity.

Participant voice similarity

with different voice embeddings.

Across clinician IDs, 0% of visit-level voice
embeddings were flagged as anomalously
similar, indicating no different IDs were

assoclated with similar voice embeddings.
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clinician voices were then extracted using a
pre-trained open source voice identification
model (ECAPA-TDNN; Figure 2A).

e [he similarity of voice embeddings was then
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accurately identified voices which were
anomalously similar or dissimilar.

This method provides a highly scalable, robust
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Figure 1. Audio preprocessing pipeline.



