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Introduction

navify® Mutation Profiler is a Roche software product that provides an automated cloud-based
solution to streamline the process of annotating, interpreting and reporting variants from next-
generation sequencing (NGS) somatic oncology test results. The mutation profiler brings
together multiple sources of information, including curated content, public databases, and
laboratories internal data. The software supports a variety of NGS assays, and provides an user
interface allowing users to reclassify biomarkers or customize final report. navify Mutation
Profiler is for Research Use Only in the United States of America and other parts of the world. It
is for in vitro diagnostic use in the European Union and other parts of the world.

Ephesus is aninternally developed web application enabling expert curation for construction of
a robust knowledgebase of NGS biomarkers in somatic cancer to support the mutation profiler.
The Ephesus data model ensures adherence to best practices in evidence-based curation of
genomic content. Variant classification follows the AMP/ASCO/CAP “Standards and Guidelines
for Interpretation and Reporting of Sequence Variants in Cancer” [1] for somatic variant
interpretation. Variant interpretations are derived from international regulatory approvals and
professional practice guidelines (e.g. FDA, EMA, TGA, eVIQ) and recommendations (e.g. NCCN,
ESMO).
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Methods

The design of the data model for Ephesus starts from understanding key components for
generating genomic testing reports in somatic cancer (Figure 1). The process of curation
involved collecting evidence from drug approvals and guidelines, scientific literature, and
recent meeting abstracts. These pieces of evidence are prioritized and summarized for each
biomarker (at RNA or protein level) in the context of diseases based on actionability.
Classifications for each biomarker and disease are assigned based on AMP/ASCO/CAP
guidelines. Evidence items are collected and synthesized for genes, biomarkers, and biomarker
profiles, which are structured as the main entities in the content database data model.
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Figure 1. The data flow in Ephesus is based on the manual curation process

Methods (cont’d)

The most challenging aspect in architecting automated variant interpretation pipelines is often
the integration of diverse sets of data [2]. Genomic profile and the biomedical evidence are
highly heterogeneous. Therefore, how to efficiently decide that the genotype from a genomic
profile matches the right collection of evidence and is classified appropriately in the context of
the disease becomes the key resolution in such a pipeline. The ecosystem of our workflow
adopts a hierarchical multi-facet data structure combined with the implementation of rule sets,
to serve as the annotation and interpretation model.
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Figure 2. The workflow in the mutation profiler
for annotation and interpretation
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Results

The content drop for the mutation profiler from the Oct. 2024 snapshot contains 1,277 genes
and 12,859 directly curated biomarker profiles, involving 34,058 small variants, 5,326 variant
groups, 2,391 structural variants and other biomarkers such as TMB, MS|, etc., as well as
biomarker combinations. After expansion with inference rules there are 7.9M+ profiles

for 40+ major cancer types on top of their subtypes, covering NGS biomarker based drug
approvals and professional guidelines in 14 countries and regions.

We assessed the reporting value of Ephesus/navify Mutation Profiler by querying somatic small
variants represented across ~170K real cancer cases from the AACR GENIE® (v16.1) project[3].

AACR-Genie_v16.1 CaGl CIVIC Clinvar Roche
(169,686 cases) 2022-10-17 2024-10-01 2024-10-01 2024-10-14
#cases with 47,378 86,649 155,490 167,665
any interpretation (28%) (51%) (92%) (99%)

Table 1. Comparison of number of cases in the GENIE cohort
with any interpretation across the knowledgebases

AACR-Genie_v16.1 CaGl CIVIC Clinvar Roche
(1,105,422 biomarkers) 2022-10-17 2024-10-01 2024-10-01 2024-10-14
#biomarkers 264 551 160,695 828,807
with any interpretation (0.02%) (0.05%) (14.54%) (74.98%)
1,327,551
#biomarker + disease 120 224 NA T
(expanded)

Table 2. Comparison of number of biomarkers in the GENIE cohort
with any interpretation across the knowledgebases

Results (cont’d)

Compared against 4 other major knowledgebases, the performance of our solution in terms of
matching cancer cases and interpretations of potential clinical research significance exceeds
all these major knowledgebases. In addition, the results show that the incorporation of variant
groups, inference rules, and variant combinations dramatically increases interpretability.

Similarly, the structural variants(SVs) annotation data model and the corresponding pipelines in
our solution are designed to capture the common patterns, fully resolve complex SV events,
and improve the accuracy of SV interpretation. Here we use ALK fusions to showcase the
implemented data model for SVs not only allows curating/matching such events at different
levels of resolutions, but also allows covering novel fusion partners or breakpoints which
essentially lead to the same functional results.
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Figure 3. A: Domain schematic structural composition of frequently observed ALK fusion proteins [4];
B: a generic ALK fusion model adopted by the mutation profiler

COSMIC fusions (v100) ZOZC :’1'3_0 1 2 OZRZ-ClhOe- 14
#Unique EML4 - ALK 15 34
with interpretation (44.12%) (100%)

#Samples with EML4-ALK 2600 11309
with interpretation (22.99%) (100%)
#Unigue ALK fusions 36 95
with interpretation (37.89%) (100%)

#Samples with ALK fusions 4283 16847
with interpretation (25.42%) (100%)

Table 3. Number of unique breakpoint-pairs or unique samples for example fusions
(EML4-ALK and all ALK 3’ fusions) in COSMIC that can be correctly matched
(Note: ClinVar and CGl are not included due to the lack of fusion data or clear breakpoint annotations)

Conclusion

The navify Mutation Profiler annotation and interpretation model allows robust, up-to-date and
scalable processing of somatic case genomic profiles. At the same time, it saves significant
time and resources for internal content curation, is extendable to new annotations or content
data sources, and is applicable to NGS profiles agnostic to secondary pipelines or assay types.
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