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Abstract

Genomiser is a phenotype-driven tool that prioritizes coding and non-coding variants by relevance in rare disease diagnosis; yet
comprehensive evaluation of its performance on real-life whole genome sequencing data is lacking. The Hong Kong Genome Project
had initially incorporated Exomiser in the diagnostic pipeline. This study evaluated the feasibility of upgrading from Exomiser to
Genomiser with three modifications: extension of the interval filter to include +2000 bp from transcript boundaries, adjusting minor
allele frequency (MAF) filter to 3%, and the inclusion of SpliceAl. A total of 985 patients with disclosed whole genome sequencing test
results were included in this study, of which 207 positive cases (14 attributed to non-coding variants) were used for Genomiser parameter
optimization by means of sensitivity evaluation. Under the default parameter setting, Genomiser achieved lower sensitivity compared to
Exomiser (70.15% vs. 72.14%, top-3 candidates; 74.63% vs. 80.60%, top-5 candidates). Further investigation noted that this was attributed
to non-coding variant noise influenced by Regulatory Mendelian Mutation (ReMM) scoring metrics. This issue was mitigated when a
previously optimized ReMM score was applied as a filtering cut-off (ReMM = 0.963), improving Genomiser’s sensitivity (92.54% vs. 89.55%,
top-15 candidates). We further evaluated the optimized parameter in a cohort of 778 negative cases and detected 20 non-coding variants
(2.6% added yield), with 5 validated to be disease-causing. Our proposed approach adheres to American College of Medical Genetics
and Genomics/Association for Molecular Pathology and ClinGen variant interpretation guidelines to ensure interpretable results and
integrates non-coding variant analysis into clinical pipelines.

Keywords: whole genome sequencing; short-read genome sequencing; Genomiser; Exomiser; ReMM; variant prioritization; Hong Kong
Genome Project; rare disease

relevance [8]. The tool was initially developed for whole-exome

Introduction sequencing (WES) analysis [9, 10] which permits automated

The clinical utilization of whole genome sequencing (WGS) as
first-tier diagnostic testing for rare disease (RD) has become
increasingly relevant, attributed to its improved sensitivity
[1, 2] and high-throughput sequencing data generation that
allows the detection of technically challenging variants in
comparison to conventional molecular testing [3]. WGS may also
offer superiority in re-analysis as novel gene-disease association
arises [4]. To enhance the utility of WGS, a wide range of in
silico tools have been developed to prioritize clinically significant
variants based on probabilistic functional-prediction algorithms,
conservativeness measurement, or by employing ensemble and
linear machine learning methods [5-7].

Exomiser is a variant prioritization tool that integrates phe-
notypic information encoded with Human Phenotype Ontology
(HPO) terms and genotypic information from next-generation
sequencing (NGS) data to rank candidate variants by their

functional annotation of single nucleotide variants (SNVs)
in coding regions, leveraging on pathogenicity prediction for
missense conservation by PolyPhen [11], MutationTaster [12],
and SIFT [13]. Over the years, later versions of Exomiser have
incorporated more sophisticated prediction models including
Rare Exome Variant Ensemble Learner (REVEL) [14], Missense
Variant Pathogenicity Prediction (MVP) [15], and AlphaMissense
[16] to enhance variant prioritization performance. Various
national-scale NGS projects have adopted Exomiser as part of
the diagnostic framework for RD patients, including the 100 000
Genome Project by Genomics England [17], the TRANSLATE
NAMSE project under the genomDE initiative of Germany [18],
and the Hong Kong Genome Project (HKGP) by the Hong Kong
Genome Institute [19].

With the implementation of WGS, Genomiser was introduced
as an extension of Exomiser with the capability to process
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WGS data. The expanded tool incorporates a bespoke machine
learning method known as the Regulatory Mendelian Mutation
(ReMM) framework to score for regulatory elements, alongside
SpliceAl, which predicts potential disruptions in splicing. These
integrations significantly enhanced the capability of Genomiser
to uncover novel gene-disease association and improved clinical
diagnosis of non-coding variants [20]. Despite advances in
prioritization tools that offer non-coding variant analysis, the
interpretation of non-coding variants presents unique challenges
that complicate clinical application. Current limitations include
both a scarcity of validated datasets for benchmarking and
inherent biases in existing tools, which often focus narrowly
on specific genomic contexts—as exemplified by SpliceAl and
MaxEntScan'’s exclusive emphasis on splice-altering variants.
While these tools are ClinGen endorsed and demonstrate robust
performance for their intended purposes [21, 22], their restricted
scope and the frequent need for functional validation highlight
critical gaps in comprehensive non-coding variant analysis. These
challenges collectively underscore the importance of systematic
parameter optimization to improve the reliability of non-coding
variant prioritization in clinical practice.

To the best of our knowledge, there are a limited number of
studies that evaluate Genomiser and its sensitivity performance
using real-world WGS data. Most existing research has relied
solely on the default settings of Genomiser, without optimization
ofits parameters. Moreover, there is limited evaluation concerning
the incorporation of later introduced pathogenicity prediction
sources, such as SpliceAl and AlphaMissense, in the context of
clinical diagnosis [16, 23]. It has been previously shown that
Genomiser suffered from reduced sensitivity without proper con-
stitution of parameter settings [20]. It has been demonstrated
that if only simple filtering of common variants with a minor
allele frequency >1% was applied, ReMM failed to prioritize any
causative variant as the top hit and placed only 7% of causative
variants within the top-10 ranks [20]. Moreover, in the latest edi-
tion of the Critical Assessment of Genome Interpretation assess-
ment (CAGI6), Genomiser showed lower sensitivity compared to
Exomiser, despite demonstrating potential in identifying unsolved
diagnoses attributed to non-coding variants [24]. This suggests
that the parameter settings in Genomiser, merely extended from
Exomiser’s default without adjustments for the newly added pre-
dictive tools limits its effectiveness. Therefore, meticulous opti-
mization of Genomiser’s default parameters would be prudent to
fully harmess its diagnostic potential.

In this study, we evaluated the potential of Genomiser to inter-
pret non-coding variants and enhance WGS diagnostic yield in
a real-world clinical setting. We applied Genomiser in a WGS-
based analytical framework and compared its sensitivity to that
of Exomiser in our existing pipeline.

Materials and methods

Study participants and consent

The HKGP is the first large-scale genome sequencing project in
Hong Kong, conducted to enhance the clinical application of WGS
and to promote genomic medicine research. The implementation
of the project was coordinated by the Hong Kong Genome Insti-
tute (HKGI) and proceeded through collaborations with the Hong
Kong Department of Health, the Hong Kong Hospital Authority,
and medical schools of local universities [19, 25]. Patients were
recruited through the three Partnering Centers (PCs), as described
previously [19]. Clinical details of patients, concerning family his-
tory, personal medical history, and past investigations conducted

were recorded by genetic counselors. Phenotypic information of
patients was recorded using HPO terms to standardize clinical
data input for Exomiser and Genomiser analysis. Genetic coun-
seling practices were aligned with centralized training for genetic
counselors fostered by the HKGI to ensure accurate selection of
HPO terms. An internal clinical portal, which supports the housing
and handling of patients’ clinical data, was developed to promote
efficient information exchange between the HKGI and PCs. The
portal has a built-in search engine for HPO terms that further
secures the consistency in HPO term input [19].

Written informed consent was obtained from all participants at
pre-test counseling sessions, and ethics approvals were obtained
from the Central Institutional Review Board (IRB) (HKGP-2021-
001, HKGP2022-001) and IRBs of the Department of Health (L/M
257/2021), Joint Chinese University of Hong Kong New Territories
East Cluster (2021-423, 2023-120), and The University of Hong
Kong/Hospital Authority Hong Kong West Cluster (UW 21-413,
UW 23-289).

Illumina short-read GS and secondary analysis

The detailed workflow for srGS primary and secondary analysis
has been described previously [25]. The HKGP follows in-house
standard operation protocols for whole blood sample collection
and transfer from the Partnering Centre to the HKGI laboratory,
followed by genomic DNA extraction (gDNA) and quality measure-
ments (QC) in the laboratory [19, 25].

Briefly, the extracted gDNA samples were first quality checked
to ensure a minimum concentration of 28 ng/uL, without degrada-
tion, an OD 260/280 between 1.7-2.0, and an OD 260/230 between
1.8 and 2.5. They were proceeded for PCR-free library prepara-
tion with manufacturer’s protocol of the KAPA HyperPlus Kit
(Kapa Biosystems Inc.). Size selection was performed using KAPA
HyperPure Beads (Roche). The final libraries were checked for
library concentration and quantified by qPCR. The final frag-
ment size of the libraries was determined using Agilent 4200
TapeStation (Agilent Technologies Inc.) to confirm a final library
range of 400-700 bp. Libraries passing QC were sequenced with
[llumina NovaSeq™ 6000 or NovaSeq™ X Plus sequencers (Illu-
mina Inc.). Sequencing data required a mean coverage of >30X
in reads, with a depth of >15X for >95% of the human reference
genome (GRCh38/hg38). The generated srGS data then underwent
sequence quality checks, and secondary analysis was performed
by an in-house bioinformatics pipeline with base calling on the
DRAGEN server (v4.3.6); sequence alignment of GRCh38 reference
genome by BWA (v0.7.17) [26]; and duplicates removal by Picard
(v2.27.4). SNV calling was performed by GATK HaplotypeCaller
(v4.2.6.1) [27], and the output was used to run Exomiser and
Genomiser [20, 28].

Exomiser-based curation workflow and tertiary
analysis approach in HKGP

The detailed workflow for tertiary analysis has been described
previously, where sensitivity plateaued by examining only the
top-10 variants, and expansion to the top-15 was unnecessary
[25]. Briefly, the top-10 variants for each mode of inheritance
(MOI) pattern generated from Exomiser prioritization output are
first reviewed; this is equivalent to the screening of contribut-
ing variants in ~40 prioritized candidates concerning autosomal
dominant, autosomal recessive, X-linked dominant, and X-linked
recessive MOI patterns. In complementary, additional screen-
ing was performed with the application of virtual gene panels
from Genomic England PanelApp and PanelApp Australia [29,
30]. The pathogenicity of variants was interpreted according to
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the American College of Medical Genetics and Genomics/Associa-
tion for Molecular Pathology (ACMG/AMP) guidelines and ClinGen
sequence variant interpretation working group (SVI WG) recom-
mendations.

Evaluation and optimization of Genomiser
setting

Genomiser V14.0.0 with the July 2024 database release (V.2406)
and Exomiser V12.1.0 with the February 2021 database release
(V.2102) were used for sensitivity performance evaluation. The
two tools were run using configurations described in the default
setting of the official Exomiser documentation [31], with minor
modifications. Briefly, the interval filter was defined based on
the ‘RefSeq Select and MANE’ (ncbiRefSegSelect) track obtained
from the UCSC table browser, and was extended by 2000 base
pairs upstream of the transcription start site and downstream of
the transcription end site. The Frequency Filter was adjusted to
a maximum frequency of 3%. All samples were run on single-
ton VCF input to avoid reduction in variant score for inherited
pathogenic variants with reduced penetrance [25]. The original
ranking listed in the output and the candidate ranking of identi-
fied variants after filtering based on ReMM (V0.4) score threshold
were recorded and the assessment was conducted on prioritized
variants of the top-1, top-3, top-5, top-10, top-15, and top-20
ranked candidates regardless of the suspected MOI.

Between December 2019 and December 2023, WGS test
results from 985 patients were issued by HKGP. Among these
985 patients, causative variants were identified in 207 patients,
confirming the genetic diagnoses. Causative variants were
classified as pathogenic or likely pathogenic according to
ACMG/AMP guidelines and ClinGen recommendations, fourteen
of which were validated as non-coding variants. In the remaining
778 patients with negative WGS reports, no causative variant(s)
were identified. We utilized the 207 positive cases for Genomiser
parameter optimization based on pathogenicity prediction
sources for coding and non-coding variants; the optimized
parameter was later applied to the reanalysis of the 778
negative cases to evaluate Genomiser’s performance (Fig. 1).
Available pathogenicity prediction scores in Genomiser for coding
variants include PolyPhen, MutationTaster, SIFT, REVEL, MVP,
and AlphaMissense. Only REVEL, MVP, and AlphaMissense were
utilized in our analysis as PolyPhen, MutationTaster, and SIFT
have been incorporated into REVEL based on the ensemble
prediction model. This also aligns with the Exomizer default
recommendation in enabling REVEL and MVP for coding variants
[31].

Cumulative sensitivity differences in prioritizing candidates
within the top-1, top-3, top-5, top-10, top-15, and top-20 rankings
were assessed across the different combinatory uses of REVEL,
with iterations of adding MVP, or AlphaMissense, or both. For non-
coding variants, the pathogenicity prediction sources of ReMM
and SpliceAl were investigated to detect candidate regulatory
variants and intronic splicing variants.

Results

Overview of HKGP benchmarking cohort

Primary clinical indications of the 985 probands were diverse,
with neurologic disorders (17.7%), neurodevelopmental disorders
(16.8%), and cardiovascular disorder (13.5%) being the most com-
mon referred disease categories (Supplementary Table S1).
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Evaluation of pathogenicity prediction sources
for coding variants

We tested different iterations of pathogenicity prediction sources
for coding variants. REVEL was included in all iterations and
served as a baseline due to its superior performance using an
ensemble method compared to individual prediction sources such
as MutationTaster, Polyphen?, and SIFT, as demonstrated in Clin-
Gen recommendations for PP3/BP4 criteria guideline [32]. Its appli-
cation has been largely integrated into the ACMG/AMP guideline
[33, 34]. MVP and AlphaMissense have been demonstrated to
have improved accuracy and therefore were also tested in this
study [15, 16]. We observed a marginal increase in sensitivity
when REVEL, MVP, and AlphaMissense were all enabled compared
to the default setting of only REVEL being enabled. Based on
this evaluation, all three available coding variant pathogenicity
prediction sources were incorporated into the subsequent per-
formance evaluation of Genomiser to maximize sensitivity in
detecting pathogenic coding variants (Fig. 2).

Evaluation of non-coding pathogenicity
prediction sources

The pathogenicity prediction sources for non-coding variants
(ReMM and SpliceAl) were evaluated based on 14 cases with
established disease-causing non-coding variants. These variants
were not detected by Exomiser and were only diagnosed using
our virtual gene panels targeting the patient’s specific disease
presentation after manual curation (Table 1). SpliceAl scored
all splice variants >0.46, demonstrating high sensitivity. It is
also a validated tool endorsed by the ClinGen SVI WG [35].
Therefore, it was included in all subsequent analyses. For variants
affecting regulatory elements, such as the GJB1 5’'UTR variant in
patients HKGP001248-1 and HKGP002113-1, and the SMARCBI
3UTR variant in patient HKGP002428-1, only the ReMM score
contributed to the final variant score in Genomiser [36-38].
Further interrogation of the ReMM scores detected varying
performance of the tool to detect true positive variants, as
demonstrated by difference in the positive SMARCB1 3'UTR
variant with a lower ReMM score of 0.66624 compared to 0.995748
of the positive GJB1 5UTR variant. To maximize the variant
types detectable by Genomiser, ReMM was also included for
downstream parameter optimization.

Sensitivity of Exomiser and Genomiser under
default setting

Under the default setting, Exomiser prioritized 51.74%, 72.14%,
80.60%, 88.06%, 89.55%, and 90.05% of the 207 positive diagnoses
in the top-1, top-3, top-5, top-10, top-15, and top-20 ranked
candidates, respectively. In comparison, Genomiser showed a
poorer performance and was able to prioritize 58.71%, 70.15%,
74.63%, 80.10%, 85.07%, and 86.57% at the top-1, top-3, top-5, top-
10, top-15, and top-20 ranked candidates, respectively (Fig. 3). This
relative underperformance of Genomiser was observed in 60 cases
(out of 207 positive cases) despite comparable variant scores were
assigned to the causative variant in Exomiser and Genomiser.
Further investigation noted that this underperformance was
attributed to high ReMM scores in many non-coding variants
other than the true causative variant, which led to a lower rank
of the causative variant in Genomiser (Supplementary Table S2).
For example, when considering candidate variants prioritized by
Genomiser in patient HKGP000304-1 with intellectual disability
and behavioural abnormalities, the true causative frameshift
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Previous curation workflow
*  Prioritised variants of Exomiser top 10 candidate genes.
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ARR

HKGP enrolled patients with confirmed WGS test results

*  Complementary application of PanelApp virtual gene panels.

Exomiser (V12.1.0)
Database (V.2102)

human
RE @

Singleton-based VCF HPO terms

Patients with positive
WGS test result
(n=207) .

[ a8

Optimisation based on assessing:
*  Cumulative sensitivity differences in prioriotising coding variants by
enablement of REVEL, MVP, and AlphaMissense.

Cumulative sensitivity differences in prioriotising non-coding
variants by enablement of ReMM and SpliceAl.

_ *  ReMM score cutoff for reducing false-positive non-coding variants.

*  Cumulative sensitivity differences in prioritising coding and non-
coding variants between Default and Optimised parameter settings.

Genomiser (V14.0.0)
Database (V.2406)

Patients with negative

éléﬁ :I:(:is;%s)t result .
: |

interpretation.

Optimised parameter evaluation

Evaluation based on assessing:
Coding and non-coding variants undetected by the original curation
workflow that utilises Exomiser and virtual gene panels.

*  Clinical significance of undetected variants according to ACMG/AMP

Figure 1. Overview of the study’s workflow.
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Figure 2. Cumulative sensitivity distribution curve of Genomiser using different coding variant pathogenicity source combinations.

variant of PHIP was ranked seventh, which was outranked by six
other non-coding variants with scores of >0.9, which ReMM was
the sole pathogenicity prediction source contributing to the final
variant score. In patients having non-specific phenotypes with
high genetic heterogeneity, such as non-syndromic intellectual
disability, many genes received high phenotype scores due to
increased likelihood of having overlapped phenotypes with the
patient. Combining with the array of variants with high ReMM

scores, this led to frequent inclusion of false-positive non-coding
variants into the top-ranked list (Supplementary Table S3).

Optimization of filtering parameter for ReMM
score

To improve the implementation of Genomiser into our curation
pipeline, we next investigated the best strategy to minimize the
prioritization of these false-positive non-coding variants based
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Figure 3. Cumulative sensitivity distribution curve of Exomiser under default setting, and Genomiser under default and optimized settings. E12, Exomiser

version 12.1.0; G14, Genomiser version 14.0.0.

on the ReMM score. A previously optimized ReMM score (0.963)
associated with the highest Fl-score by one of the developers
of Genomiser was selected as the baseline threshold for eval-
uation [39]. Three additional thresholds at 0.1 intervals (0.97,
0.98, and 0.99) were also included in the Genomiser sensitivity
evaluation. After applying the ReMM threshold filter, monoallelic
candidate variants associated with autosomal recessive disease
were filtered. Using this approach, the performance of Genomiser
has improved, with a sensitivity of 92.54% being reached in pri-
oritizing true positive variant in the top 15 rank, compared to
89.55% achieved by Exomiser (Fig. 3). Overall, there is a positive
correlation between Genomiser sensitivity and increasing ReMM
score thresholds (Fig. 3). The sensitivity performance difference
between Genomiser and Exomiser was most noticeable at the
highest score threshold of ReMM >0.99, which the former reach-
ing a sensitivity of 96.02% in the top-15 rank compared to 89.55%
of Exomiser (Fig.3). Nonetheless, when concerning the afore-
mentioned ReMM validation study [39], we noted a significant
reduction in recall rate when the ReMM score is leaning towards a
more stringent threshold of 0.99; this would result in a likelihood
of missing the true-positive pathogenic and likely pathogenic non-
coding variants in the prioritization despite a higher specificity is
achieved. Following this evaluation and balancing specificity, the
threshold of ReMM score was set at 0.963.

Performance evaluation of optimized Genomiser
parameter and identification of novel clinically
significant variants

Performance of Genomiser using the optimized parameters
was validated in the re-analysis of the set of 778 HKGP cases
that received negative WGS test results. Under the optimized
parameter, Genomiser identified 20 clinically significant deep
intronic variants with splicing implications predicted by SpliceAl
that matched well with the patients’ phenotypes. MaxEntScan,
another widely used splicing prediction tool used by ClinGen
VCEPs, was used to confirm the prediction of splicing effect
(Table 2). No clinically significant variants of regulatory implica-
tions were identified by ReMM. Altogether, this has added a yield
of 2.6% (20/778) following the updated curation pipeline, mainly
concerning the upgrade from Exomiser to Genomiser alongside
the optimized parameter setting of the latter.

Notably, five out of the twenty deep intronic variants can
be directly classified as pathogenic or likely pathogenic accord-
ing to the ACMG/AMP guidelines and contributed to positive
diagnoses. These variants were not prioritized by Exomiser and
were previously missed (Table 2). A notable example is patient
HKGP000035-1 with suspected Dravet syndrome, who received
extensive investigation in the SCN1A gene by both targeted Sanger
sequencing, MLPA, and NGS using targeted epilepsy panel with
all negative results. Additional WGS analysis conducted through
HKGP using Exomiser for prioritization identified no significant
findings. The optimized Genomiser successfully prioritized a de
novo SCN1A deep intronic variant (c.2415 + 431C>G) at the eighth
rank, which was predicted by SpliceAl and MaxEntScan to produce
a cryptic splice donor (Table 2). The variant was classified as
likely pathogenic owing to the patient’s phenotypic specificity
and its de novo occurrence, which permits the application of
PS2 and PS4_Moderate according to the ClinGen SCNI1A crite-
ria specific interpretation guideline. This diagnosis has better
informed patient’s seizure control and treatment implications,
concerning that conventional anti-seizure mediations, such as
Carbamazepine, may worsen SCN1A-related seizures [40].

In addition, the remaining fifteen deep intronic variants
prioritized by Genomiser were identified to be related to the
referral indications of the patients and were regarded to be of
potential clinical significance (Supplementary Table S4). Unlike
the aforementioned patient, phenotypic presentation for these
cases was not discriminative enough to enable the application of
phenotypic specificity criterion, and functional validation data
concerning molecular consequences for these variants were
not available at the time of assessment to allow functional
interpretation. An example is patient HKGP000602-1 presented
with infantile-onset developmental epileptic encephalopathy
and progressive myoclonus. The patient was suspected of
having a mitochondrial disorder and was offered WES analysis
of movement disorder-related genes alongside NGS-based
whole mitochondrial genome analysis by the referral clinician
previously. The optimized Genomiser identified a paternally
inherited deep intronic variant of NPRL3 at the 13th rank which
may explain the patient’s neurological and neurodevelopmental
features. The identification of this variant through the optimized
Genomiser demonstrated the utility of its phenotype-driven
prioritization approach in detecting variants that extend beyond

GZ0Z J9qWIaAON F| UO Jasn Buoy) BuoH Jo AisiaAun Aq 08Y1928/S/¥1eqa/s/9z/a191He/dIg/wod dno olwapede//:sdny wouj papeojumoq


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf475#supplementary-data

PP4 S,
PP4 S,

Pathogenic (PVS1 (RNA),

PS2_M, PM2_P)
Likely pathogenic (PVS1,

ACMG classification
PS2_M, PM2_P, PP3)
PM2_P)

Likely pathogenic (
Likely pathogenic (PS2,
PS4 M, PM2_P, PP3)
Likely pathogenic
(PVS1(RNA), PM2_P)

Likely pathogenic (
PM3, PM2_P, PP3)

Cryptic acceptor

Cryptic donor
(3.83)

Cryptic donor
(9.11)

Cryptic donor
(9.55)
(7.23)

Cryptic donor
N/A

Additional
validation
MaxEntScan
(10.16)

ReMM
0.642750
0.596687
N/A
0.707267
0.025674
0.705289

94
27

Pathogenicity
sources
SpliceAl

0.75

0.77

N/A

0.49

0.

0.

ID
216065
N/A
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1st
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(NF1):c.5812+332A>G  AD
(NF1):c.6921+586A>G ~ AD
(SCN1A):c.2415 +431C>G AD

(DMD):¢.6290 + 3076A>G

(WRN):C.724 + 515A>G
p.(Thr3055SerfsTer1)

(WRN):c.3244del

p.(Val1082TyrfsTerl7)

Variant(s) identified

NM_001042492.3
NM_001042492.3
NM_000553.6
NM_000553.6
NM_001165963.4
NM_004006.3

p.?
p.?
p.?

Neurofibromatosis
Werner syndrome
Dravet syndrome

Neurofibromatosis
type 1

indications
type 1

Duchenne
muscular
dystrophy

Referral
Pathogenic/likely pathogenic intronic variants identified in the reanalysis of validation cohort (778 negative cases). The SpliceAl and MaxEntScan scores of the five identified intronic variants showed concordant predictive

results that suggest the variants’ function implication on splicing effect. The variants have been curated to be pathogenic/likely pathogenic according to the ACMG/AMP interpretation guideline and ClinGen SVI

Table 2. Pathogenic/likely pathogenic intronic variants identified in the reanalysis of performance validation cohort.
recommendation. MOI, mode of inheritance; AD, autosomal dominant; AR, autosomal recessive; XL, X-linked.

HKGP000647-1
HKGP000340-1
HKGP000462-1
HKGP000035-1
HKGP000302-1

Patient ID
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the initial clinical suspicion of mitochondrial disease. Although
the variant was classified as a variant of uncertain significance
(VUS) due to lack of supportive ACMG/AMP criterion assignment,
its detection has informed new follow-up actions regarding
functional validation by RNA sequencing and fuel discussions
on the variant’s impact.

Discussion

To the best of our knowledge, there is a limited number of bench-
marked prioritization frameworks like Genomiser that simulta-
neously analyze both coding and non-coding variants [41-43]
and is updated regularly [44-47]. Quality control measures for
variant input and accurate HPO term entry are imperative to
ensure consistency and feasibility of Genomiser. The first part
is secured by strict QC parameters set for sequencing runs at
HKGI. Effective alignment of practice and training provided to
genetic counselors ensured the accuracy and uniformity of HPO
term selection. Owing to the high quality of our data, a high
diagnostic yield was achieved by Genomiser, compared to other
studies even with the use of default setting [24]. In this study, we
evaluated and optimized Genomiser’s parameters using a large
cohort of real-world data consisting 985 HKGP patients to further
enhance its performance for clinical implementation. The default
Genomiser configuration from the developer was applied with two
modifications (Supplementary Fig. S1). A genomic region interval
filter including all genes and £2000 bp from gene boundaries was
applied to include proximal enhancers, core promoters, and all
intronic regions. The MAF filter was set at 3% to include variants
with reduced penetrance.

While evaluating prioritization performance of Genomiser,
we observed that non-coding variants with relatively higher
ReMM score tend to outrank the true causative variant under
Genomiser’s default setting. This practical observation should be
noted when utilizing Genomiser prioritization for the interpreta-
tion of non-coding regulatory variants in clinical settings. While
disabling the ReMM is one option, we caution that this approach
may limit a comprehensive assessment of non-coding variants,
as that ReMM and SpliceAl approaches are trained on different
rationales. Through our evaluation of the impact brought about
by ReMM score towards variant prioritization using real-world
data, our study extends beyond the current pool of evidence on
Exomiser sensitivity performance for coding variants [5-7, 18] and
offers new insights for the practical application of Genomiser to
prioritize regulatory variants leveraged from WGS data. Several
thresholds of ReMM score filter were therefore tested, aiming at
reducing the false-positive variants prioritized by it. On applying
the threshold of 0.963 for ReMM, Genomiser sensitivity towards
prioritizing true-positive variants has increased by 7.5%, when
compared to that of Genomiser under default setting when
considering the top-15 ranked candidates. Further increasing
the ReMM score threshold did result in higher sensitivity toward
prioritizing true causative variants but also led to a higher
likelihood of missing the true-positive non-coding variants, with
a significantly lower recall rate [39]. While evaluating parameter
optimization, we also noted that the ReMM scores differed
significantly for the causative 5UTR variant of GJB1 and 3'UTR
variant of SMARCB1 (patients HKGP001248-1, HKGP002113-1,
and HKGP002428-1, respectively). This is perhaps due to the
notion that only about 1 in 294 regulatory variants are classified
as pathogenic with high confidence in the ClinVar database
[48]. This limitation in validated non-coding variant datasets
limits accuracy for training in silico tools. Genomiser, like any
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other prioritization tools that support functional annotation
of non-coding variants, is subjected to this intrinsic limitation
and may be biased when predicting the deleteriousness of
certain subsets of variants [48]. Nonetheless, the 3UTR variant
of SMARCB1 will still be incorporated into the output due to
Genomiser’s formulated whitelist, which will consider the variant
to be pathogenic regardless of the underlying pathogenicity
prediction score. Through our evaluation using real-world data
with conclusive WGS results that were strictly founded on the
consensus reached by ACMG/AMP, we have shown that the
incorporation of ReMM into Genomiser is feasible and may
facilitate clinical diagnosis, attributed to its success in prioritizing
disease-causing regulatory variants. On the other hand, SpliceAl
has consistently demonstrated better performance in predicting
pathogenicity of spliceogenic variants compared to other splicing
impact prediction tools [22, 35, 49]. This approach would only
require a slight adjustment to the parameters, mainly concerning
ReMM score filtering. On top of that, our optimized parameter
has incorporated prediction sources that have been endorsed
by ClinGen SVI WG and various ClinGen VCEPs, namely REVEL
and SpliceAl. This provides the basis for assigning strong level
of evidence for pathogenicity when curating candidate variants
and permits the standardized adaptation of Genomiser across
different clinical diagnostic laboratories. Following this evalua-
tion, we recommend running Genomiser with the enablement
of pathogenicity sources—REVEL, MVP, AlphaMissense, SpliceAl,
and ReMM with consideration of applying ReMM score threshold
of 0.963 to minimize the inclusion of false-positive non-coding
variants. This would garner a sensitivity of 92.54% to be reached
that only requires the manual reviewing of the top-15 candidates
generated by a single run of Genomiser. This approach is simple
and clinically applicable, which requires only one round of
analysis of prioritized variants from Genomiser to handle both
coding and non-coding variants compared to other sophisticated
workflows proposed by other groups [50].

To benchmark the performance of the optimized Genomiser
settings, a cohort of 778 HKGP patients with previous negative
WGS findings were reanalyzed. Since prediction tools endorsed
by ClinGen expert groups were already used during variant pri-
oritization in Genomiser, this allowed ACMG/AMP-based vari-
ant classification to be applied straightly after prioritization and
minimized the curation time. In the reanalysis of the 778 neg-
ative cases, we have identified 20 new candidates that were
previously missed [25]. Considering the 20 newly identified deep
intronic variants that were interpreted to be of clinical signifi-
cance through our optimized Genomiser parameter, the added
yield of 2.6% (20/778) is comparable to that of the prevalence of
deep intronic variants identified in RD cohorts across literature,
which may vary between 1% and 7%, and such variants are
more likely to be classified as variants of VUSs [17, 48, 51-57]
(Supplementary Table S5). Indeed, 15 out of 20 deep intronic
variants that we have identified in these negative cases were yet to
have been reported in the literature or submitted into the ClinVar
or LOVD databases. These variants could only be classified as
VUSs at the time of assessment, and functional validation is
necessary to fully comprehend their contribution to the clini-
cal presentation of patients. In this regard, in-depth discussion
regarding these 15 novel deep intronic variants will be conducted
with referral clinicians by means of multi-disciplinary meetings
to decide on follow-up actions concerning additional phenotyp-
ing and experimental investigation. Nonetheless, our optimized
parameter shows the potential of identifying and prioritizing
variants based on phenotypic features, which may be helpful in

facilitating clinical diagnosis, especially when functional evidence
of variants may not always be present.

One limitation of Genomiser is its dependence on in silico
predictions for non-coding variants, which are developed using
datasets that are biased towards splicing variants. This reflects
broader challenges in training prioritization tools on limited val-
idated datasets of non-coding variants. This could be partially
solved by the phenotype-driven scoring in Genomiser which helps
recover clinically relevant candidates. For instance, the widely
used prediction tools for splicing variants, SpliceAl, has been
shown to have a sensitivity of 41% in detecting deep intronic
spliceogenic variants [23], and likely due to the highly imbalance
distribution of pathogenic and benign variants for training [58].
This notion echoes with the recommendation from expert panels,
which states that performance of in silico tools are often depen-
dent on their positive training sets, and functional studies often
remain as the only way to determine a variant’s impact effectively
[48].

Overall, this study has demonstrated how Genomiser may
serve as part of a robust analytic framework once its parameter
setting has been optimized, thereby allowing the diagnostic power
of WGS to be fully harnessed. This has allowed us to expand the
scope of our variant prioritization pipeline so that we may now
perform routine pursuit of non-coding variant diagnosis without
compromizing specificity towards coding variants. Using real-life
cases with negative test results, we have identified novel non-
coding variants and demonstrated that Genomiser may uplift
WGS diagnosis. Following this study, we have now incorporated
the optimized Genomiser into our curation pipeline to help iden-
tify undetected non-coding variants in WGS analysis. For candi-
date regulatory variants prioritized by the optimized Genomiser
that are associated with consistent phenotypes with patients in
the 778 negative cases, these are shortlisted for further inves-
tigation. Moving forward, the HKGP will be expanding towards
applying multi-omics approaches such as DNA methylation and
transcriptomics analysis to validate the 15 novel deep intronic
VUSs. Furthermore, to better represent the practicality of the
Genomiser under clinical setting, the tool will continually be re-
evaluated in the future once more positive cases that concern
disease-causing non-coding variants have accumulated.

Key Points

e We proposed an optimized parameter and curation
approach of Genomiser that specifically addresses non-
coding variant noise attributed to ReMM prediction,
thereby allowing variant prioritization at a whole-
genome level.

e By evaluating whole genome sequencing data of
real-world patients with rare diseases, the optimized
Genomiser successfully prioritized 92.54% of true-
positive causative variants in the top-15 candidate
ranks.

¢ Reanalysis of 778 previously undiagnosed rare disease
cases using the optimized Genomiser identified 20 novel
deep intronic variants predicted to disrupt splicing.

e The optimized Genomiser adheres to the American Col-
lege of Medical Genetics and Genomics/Association for
Molecular Pathology and ClinGen variant interpretation
guidelines to ensure interpretable results and integrates
non-coding variant analysis into clinical pipelines.
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