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Abstract

The vast volume of data that has been generated as a result of the next-generation sequencing revolution is overwhelming
to sift through and interpret. Parsing functional vs. non-functional and benign vs. pathogenic variants continues to be a
challenge. Out of three billion bases, the genomes of two given individuals will only differ by about 3 million variants (0.1%).
Furthermore, only a small fraction of these are biologically-relevant and, of those that are functional, only a handful actually
drive disease pathology. While whole genome and exome sequencing have transformed our collective understanding of the
role that genetics plays in disease pathogenesis, there are certain conditions and populations for whom DNA-level data has
failed to produce a molecular diagnosis. Patients of non-White race/non-European ancestry are disproportionately affected
by “variants of unknown/uncertain significance” (VUS). This limits the scope of precision medicine for minority patients and
perpetuates health disparities. VUS often include deep intronic and splicing variants which are difficult to interpret in DNA
alone. RNA analysis is capable of illuminating the consequences of VUS thereby allowing for their reclassification as pathogenic
vs. benign. Here we review the critical role, going forward, of transcriptome analysis for clarifying VUS in both neoplastic and
non-neoplastic diseases.
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Abstract

The vast volume of data that has been generated as a result of the next-generation sequencing revolution is
overwhelming to sift through and interpret. Parsing functional vs. non-functional and benign vs. pathogenic
variants continues to be a challenge. Out of three billion bases, the genomes of two given individuals will only
differ by about 3 million variants (0.1%). Furthermore, only a small fraction of these are biologically-relevant
and, of those that are functional, only a handful actually drive disease pathology. While whole genome and
exome sequencing have transformed our collective understanding of the role that genetics plays in disease
pathogenesis, there are certain conditions and populations for whom DNA-level data has failed to produce a
molecular diagnosis. Patients of non-White race/non-European ancestry are disproportionately affected by
“variants of unknown/uncertain significance” (VUS). This limits the scope of precision medicine for minority
patients and perpetuates health disparities. VUS often include deep intronic and splicing variants which are
difficult to interpret in DNA alone. RNA analysis is capable of illuminating the consequences of VUS thereby
allowing for their reclassification as pathogenic vs. benign. Here we review the critical role, going forward,
of transcriptome analysis for clarifying VUS in both neoplastic and non-neoplastic diseases.

Keywords: splicing variants, deep intronic variants, variants of unknown significance, genetic ancestry

Main Body

Introduction

Next-generation sequencing (NGS ) technology has fundamentally altered how scientists identify the genetic
basis of disease. Rather than sequencing and interrogating one gene at a time, clinicians and researchers now
routinely sequence at a genome-wide level and, in turn, face a new problem: isolating the critical disease-
causing, pathogenic variants from millions of others. While most variants are easily excluded upon the basis
of frequency and gene biology, there are many variants of unknown/uncertain significance (VUS ) for which
it is not evident whether a variant is pathogenic or benign.

The term VUS is an exceptionally loaded with definitions and guidelines coming from the American College
of Medical Genetics (ACMG ) (Richards et al., 2018), Association for Molecular Pathology (AMP ) (M. M.
Li et al., 2017), and International Agency for Research on Cancer (IARC ) (Plon et al., 2008). VUS have been
the subject of entire special issues of this journal, Human Mutation , such as in 2008. The precise meaning
of VUS depends upon context. For example, in clinical testing entire variant classes (such as synonymous
variants) are presumed likely benign at baseline, ensuring VUS are less frequently reported. Still, VUS can
take a significant psychological and emotional toll on patients and their families when reported and may lead
to confusion and clinical mismanagement. Importantly, as we will discuss, VUS affect minority populations
disproportionately (Culver et al., 2013; Gelfman et al., 2017; Maurano et al., 2012; Park et al., 2018; Qian
et al., 2021; Vaz-Drago et al., 2017). Therefore, VUS are an issue with far-reaching impact, both in research
and clinical reporting. At a simple level, the sheer numbers of intronic, synonymous, and other deep variants
contribute to their overall predictive value as a variant class. Additionally, it is well-recognized that many
important disease-causing variants fall into these neglected “opaque” areas of variant interpretation.

There is an overwhelming need for better tools capable of elucidating the functional consequences of rare
molecular events and, thereby, illuminating how genetic variation impacts biology and disease pathogenesis.
Analysis of DNA-level information alone in the context of clinical phenotypes is unlikely to clarify this
information given rare events’ limited sample size and lack of statistical power. Compared to genomic analysis
– which outlines the repertoire of functions encoded in DNA that a cell could perform – transcriptomic
analysis enables a deeper understanding of how a cell is actually functioning. In other words, RNA expression
profiling provides critical insight into how genotype translates into phenotype (Mantione et al., 2014).

Here we will highlight how gene expression profiling can be used to reveal the presence of deep intronic
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. and splicing variants. We will review the emerging role of RNA sequencing as a tool to differentiate VUS
as pathogenic vs. benign, especially in populations of diverse races, ethnicities, and genetic ancestries as
individuals of non-European ancestry have significantly higher rates of VUS (Petrovski & Goldstein, 2016).
Finally, we will explore the ways in which transcriptomic analysis can be translated into clinical diagnostics
for cancer (i.e., detection of causative variants, both germline and somatic) and how it can be applied to
address cancer disparities.

Leveraging the transcriptome

The term “RNA-seq” was coined in 2008 and, around this same time, several landmark studies hinted toward
the potential diagnostic utility of RNA sequencing data using short-read NGS. One major effort was the
ENCODE Project Consortium, which stated: “to understand the human genome. . . and the ways in which
its defects can give rise to disease, we need a more transparent view of the information itencodes ” (Birney
et al., 2007). An understanding of human disease necessitates an understanding of the link between genomic
variation and transcription; this was the goal of the Genotype-Tissue Expression (GTEx ) project started
in 2010 (Consortium, 2013). Analogous to the 1000 Genomes Project, which aimed to provide a catalogue
of common variation, GTEx aimed to catalogue genotype and gene-expression correlations across dozens of
tissues and hundreds (eventually thousands) of individuals.

An improved ability to predict the consequences of genetic variation on transcription looms as one of the
largest opportunities and biggest challenges for addressing VUS. RNA analysis allows for the appreciation
of phenomena like differential expression, allele-specific expression, alternative splicing, isoform switching,
and many other events that would not be readily apparent in DNA data. Current approaches are largely
limited to annotation of variant classes that are both rare and predictable for transcript disruption, such as
nonsense mutations that lead to loss of transcript expression. More common variant classes are confounded
by their higher prevalence and lower accuracy in predicting deleterious impact to gene expression.

Germline variants and somatic mutations can impact RNA species in a variety of ways, and they are often
grouped into categories according to functional impact (i.e. High, Moderate, Low/Modifier) using annotation
ontology software such as ANNOVAR (Wang et al., 2010; Yang & Wang, 2015) and SnpEff (Cingolani et
al., 2012). Variants falling into the High functional impact category include nonsense variants introducing
premature stop-codons, stop-loss, 5’ untranslated region (UTR ) premature start codons, and start-loss
variants. Many of these lead to lowered transcription, but also full removal of transcripts through nonsense-
mediated decay (NMD ) (Chakravorty & Hegde, 2018). Another relatively rare variant class includes splice-
site disrupting variants within the +/-2 base pair (bp ) region of the exon-intron boundaries, which can
impact splicing and result in exon skipping, exon usage, mutually exclusive/inclusive exons, and/or intron
retention (Woolfe et al., 2010). Variants within theModerate category typically are predicted to impact
amino acid composition, including missense amino changes from non-synonymous variants and in-frame
insertions/deletions.

The remainder of ontology variants are more frequently found per genome and are often pragmatically
filtered out due to their low predictive value. These include synonymous variants, regulatory region variants,
3-prime (3’) UTR variants, 5-prime (5’) UTR variants, and intronic variants. It is essential to highlight
splice region variants proximal to exon boundaries. Indeed, as shown in Figure 1A , variant alleles and
exonic position well beyond the 2bp exon donor/acceptor window impact function. Variants annotated as
missense and synonymous can alter splicing, exposing so-called cryptic splice-sites and splice enhancing or
silencing elements (Woolfe et al., 2010). Moreover, deeper within the intron, variants as far out as 18 bp can
impact spliceosome binding at a key motif referred to as the lariat junction.

Many of these low impact variants are found in higher numbers per genome and any given variant has a
low probability of being functional. Still, there are numerous examples whereby variants drive disease via
cryptic splice-sites (ex: HBB , IVS2+705T>G for β-thalasamia7), UTRs (ex: GJB1 in Charcot-Marie-Tooth
neuropathy), and other deep intronic variants (ex: COL4A5 IVS6+1873G>A in Alport Syndrome) (Dobkin
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. et al., 1983; King et al., 2002). Frequently, the mechanism of impact is evident in transcriptome data.
Indeed, novel RNA functions and phenomena have been elucidated that extend far beyond the traditional
protein-coding role described by the “central dogma.” We are also beginning to better understand the ways
in which messenger RNA (mRNA ) can be processed – chiefly by alternative splicing, RNA editing, and
crosstalk between the two processes – to create the great variety that characterizes the human transcriptome
(Tang et al., 2020). Examples of unique phenomena into which gene expression data provides insight, and
which have significant disease implications, include splicing mutations, deep intronic truncating mutations
leading to NMD and loss of mRNA, and allele-specific expression (ASE ).

Aberrant Splicing Mutations Beyond 2bp

Variants disrupting RNA splicing occur throughout the gene and, without RNA-based functional evidence,
can be annotated into less obvious categories including as synonymous, intronic, and UTR variants. Func-
tionally, splicing occurs via a complex of proteins and small nuclear RNAs called the spliceosome that form
complementary RNA-RNA complexes with target RNAs (Anna & Monika, 2018). The spliceosome catalyzes
the splicing of pre-mRNA into mRNA and circular lariat RNAs, the latter of which are destroyed (Talhouarne
& Gall, 2018). Variants at the canonical boundary motifs between exons and introns are GT (at the 5’ end)
and AG (at the 3’ end; Figure 1A ) are generally prioritized but, as shown in this figure, variants upstream
and downstream can disrupt function at a lower certainty/frequency (Anna & Monika, 2018). Adding to
the mechanistic complexity is the existence of a variety of spliceosomes (“major” and “minor”) as well as
noncanonical — aka “cryptic” or “pseudo” — splice site sequences (e.g. GC-AG and AT-AC ). Which
splice site is used largely depends upon the presence of cis-acting regulatory elements (splicing enhancers vs.
suppressors), as well as the physical structures of a branch site and polypyrimidine tract (these sequences
bind spliceosome proteins) (Anna & Monika, 2018).

In order to minimize false positive rate, candidate variant lists derived from DNA sequencing typically only
take into considerationcanonical changes to boundary motifs (as mentioned earlier: 5’-GT and 3’-AG ) or
variants that lie within 100 base pairs of canonical splice sites (that is to say not deep intronic variants).
This approach is pragmatic, as these variants are both highly penetrant and rare leading to overall high
precision (or positive predictive value). Without additional functional data, the large number of variants
further down- or up-stream lead to overall low precision.

RNA-seq provides a direct functional measure of splicing, allowing for fewer variants, with higher inherent
accuracy and precision, to be considered. Furthermore, it provides a direct measure of spliced events.
As shown in Figure 1B , there are at least 7 classes of splicing events including: (1) exon skipping, (2)
mutually-exclusive exons (i.e. a coordinated set of splicing events where, as a result, only one of two
exon is retained), (3) exon scrambling, (4) intron retention, (5) alternative promoters and terminators, (6)
alternative donor sites and (7) alternative acceptor sites (aka alternative 5’ and 3’ splice sites). It also allows
for consideration of variants that are typically filtered out including synonymous variants, UTR variants,
and so by supplementation with transcriptomic data. (Chen & Weiss, 2015; Pohl et al., 2013; Shi et al.,
2018)

The emergence of RNA-seq in conjunction with germline DNA sequencing has led to optimization, develop-
ment, and training of new bioinformatic tools for splice-site prediction and splice-site detection. Splice-site
prediction focuses on using advanced algorithms and artificial intelligence (AI ) methods to predict from
DNA variants alone whether a variant impact splicing. Pragmatically, these approaches suffer from the sheer
number of variants and have higher utility when RNA-seq data is also readily available, reducing the overall
search space. A useful metric when it comes to assessing alternative splicing events is “PSI ” or percent
spliced in; also known as the exon-inclusion ratio, PSI indicates how often a given exon occurs in all isoforms
of the gene that contains said exon (Tanner et al., 2021). Splice variant prediction tools typically employ
one of two strategies: adaptive models or random forest analysis. The essential difference between these two
methods is whether one uses large databases from which non-pathogenic vs. pathogenic splice variants can
be trained. Methods like those employed by Liu et al (Liu et al., 2016) utilize random forests to generate
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. probability scores that can be used to estimate the potential of a 3-12bp window within the lariat RNA junc-
tion.DeepSplice is an example of a tool that utilizes deep convolutional neural networks, as well as paired
events to reduce false positives (Zhang et al., 2018). SpliceAI uses a deep neural network to model mRNA
splicing from noncoding sites, yielding a 10% rate of pathogenic variant discovery in neurodevelopmental
disorders (Jaganathan et al., 2019; Sanders et al., 2020). These are just a few emerging algorithms and, in
practice, databases serve as vehicles for querying calculated predictive scores, such as with dbNSFP (Liu et
al., 2020).

Other informatic algorithms directly utilize RNA-seq data in their analysis, such as LeafCutterMD (Jenkin-
son et al., 2020) andFRASER (Find RAre Splicing Events in RNA-seq (Mertes et al., 2021). SpliceSeq is an
example of a tool that utilizes “splice graph” models (Ryan et al., 2012). Tools like SpliceV facilitate dis-
covery and visualization of splicing events (Ungerleider & Flemington, 2019). Underlying these approaches
lies layers of additional nuance with variation in alignment strategies (such as variant-aware aligners) and
assembly (Hong et al., 2018). As methods rapidly evolve, implemented approaches vary substantially across
and within labs, which can adversely impact database resources. Still, it is worth noting that such splicing
analysis not only has diagnostic but also therapeutic utility; for instance, tumors with identified splicing vari-
ants could be targeted with therapies that inhibit the spliceosome, splicing regulatory proteins, or aberrant
splicing products (Lee & Abdel-Wahab, 2016; Scotti & Swanson, 2016).

Indirect Insights From Allele-Specific Expression & Nonsense-Mediated Decay

Another indirect phenomenon into which RNA-seq can provide insight (and which DNA-only analysis cannot
appreciate) is allele-specific expression (ASE ). The initial definition of ASE was a purely germline one:
preferential expression of one parental allele in a heterozygous individual (Shao et al., 2019). Fundamentally
with RNA-seq, ASE requires heterozygous proxy variants, often single nucleotide polymorphism (SNP s),
that allow phasing (or at least quantification) of the relative expression between maternally- and paternally-
inherited chromosomes (Figure 2 ). These proxy-SNPs include common and rare synonymous, UTR, and
missense variants. Importantly, ASE is the end-result and, in practice, one is frequently inferring loss of
a pathogenic allele by monogenic expression of the wild-type allele. Processes such as NMD will actively
remove transcripts containing pathogenic mutations.

Interestingly, detection of ASE can lead to discoveries of VUS and cancer-related genes. One study in
individuals with hereditary pancreatic cancer identified a heterozygous SNP in BRCA2 (rs144848) displaying
ASE in RNA; the variant was a VUS and the mechanism behind it was determined to be a truncating
mutation leading to NMD (Tan et al., 2008). NMD is the process whereby a trimeric complex of proteins
degrades mRNA that would otherwise result in potentially-pathogenic truncated proteins; it has been posited
that NMD also plays a role in the regulation of normal mRNA expression, as well as regulation of alternative
splicing via degradation of splice variants with premature termination codons (Brogna & Wen, 2009). One
common mechanism in the pathogenesis of cancer is a nonsense, somatic mutation in a tumor suppressor
that leads to NMD and, by means of haploinsufficiency or dominant negative effects, loss of function.

One key historical example leading to ASE involves measuring X-chromosome inactivation or “skewing” (a
physiological process normal in females) and genomic imprinting to gain insight into the preferential selection
of variants along the X-chromosome (Shao et al., 2019). In genetic females, allele-specific expression also
reflects the loss of transcript expression from one allele due to X-inactivation, an important methylation-
driven “dosage compensation mechanism” (Shvetsova et al., 2019). Historically, X-skewing has been detected
using the HUMARA assay, which takes advantage of differential methylation at the androgen receptor
locus. However, RNA-seq along expressed X-chromosome genes provides additional insights. One can
directly observe skewing directionality (ex: 95% skewing in X and preferential expression of wild-type alleles)
(Szelinger et al., 2014).

Recognizing that there is natural variability in skewing in healthy females, information regarding X-
inactivation is less discriminatory but still useful in unexpected ways. For example, in assessing a candidate
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. variant within the X-linked TAF1 in a boy, our group leveraged RNA-seq data for the boy’s healthy mother
which showed extreme X-skewing towards the protective wild-type allele and away from our candidate VUS
(Hurst et al., 2018). In other words, RNA-seq was used to evaluate a model where X-skewing protected the
mother. Further sequencing showed that the de novo event founded with her and was likely selected, given a
history of unsuccessful pregnancies by the boy’s parents. This example has generalizability and is relevant to
other X-linked disorders, including Alport, Charcot–Marie–Tooth, Fabry, Fanconi, Fragile X, Hunter, Rett,
and Wiskott–Aldrich syndromes (Migeon, 2020).

Outlier Analysis as a Solution to Power Problems

Case-control studies are feasible for common variants but are far more difficult to accomplish for rare VUS
where the controls overwhelmingly outnumber the cases. A number of solutions have been put forth to solve
this problem. These include likelihood ratio tests, burden tests with genetic scores, adaptive burden tests
with data-adaptive weights/thresholds, variance-component tests, exponential combination tests, normal
transformation with trait “winsorization” (to find a balance between Type I error and statistical power), or
a combination thereof (Auer et al., 2016; Li et al., 2021).

Alternatively, one key solution to address the inherent lack of statistical power when it comes to analyzing
rare variants is to usegene expression outlier analysis. Rare variants are often associated with extremes
of expression, whether over- or under-expression (X. Li et al., 2017). Variants can be interpreted through
careful integration of DNA data with RNA-seq data from other patients or from public resources. Cummings
et al. (2017) were one of the first to demonstrate the fact that consideration of such “outlier” variants in
RNA-seq data results in an improved diagnostic rate (35% in that study, specifically) in patients for whom a
molecular diagnosis cannot be made from DNA-data alone.(Cummings et al., 2017) Gene expression outlier
analysis has often been employed in the field of cancer genomics to identify cancer drivers for a specific
subset of cancer types or cancer outliers (Alshalalfa et al., 2012; Mori et al., 2013). Fundamentally, outlier
analysis does not actually identify a mechanism but rather a gene that is fundamentally different from others
expressed in a cohort. As will be discussed later, there is a fundamental presumption that the comparison
cohort is relevant.

THE ClinICAL UTILITY and diagnostic yield of rna

While analytical validity refers to the sensitivity, specificity, and accuracy of a diagnostic test in terms of its
ability to measure a biomarker in a lab setting, clinical validity refers to the accuracy and predictive value
of that test when it comes predicting clinical diagnosis. Both terms are distinct from clinicalutility , which
refers to a test’s ability to make a difference – that is its potential to impact patient quality of care/life by
guiding clinical decision-making (Byron et al., 2016). Here we will outline the clinical utility of transcriptome
analysis for the diagnosis of both neoplastic and non-neoplastic diseases.

Mendelian Disorders

Transcriptome analysis is a boon to the diagnosis of rare Mendelian diseases. Historically, genetic counseling
has relied upon whole exome sequencing to identify causative disease variants; however, this DNA-only
approach has left up to 75% of patients without genetic diagnoses (Stenton & Prokisch, 2020). When
integrated with genome sequencing – and, especially, in situations when said genome sequencing encompasses
both exons and introns – gene expression profiling has been shown to significantly boost molecular diagnostic
rates; yields have been shown to increase by 10-35% (Lee et al., 2020; Maddirevula et al., 2020; Stenton
& Prokisch, 2020). This is because RNA data both: (1) puts any variants identified in DNA into context
by revealing their transcript-level consequences (ex: allele-specific expression due to nonsense-mediated
decay, imprinting, and/or expression of splice variants), and (2) illuminates phenomena (like gene expression

6
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. outliers) that may not pass the threshold of detection in DNA data alone (but that are crucial to the
pathogenesis of a given disease) (Lee et al., 2020).

Gene expression profiling has also improved clinicians’ ability to diagnose, stratify, and subtype autoimmune
diseases, like systemic lupus erythematosus, as well as degenerative diseases like Age-Related Macular De-
generation (Alarcón-Riquelme, 2019). Additionally, consideration of the transcriptomic landscape has shed
light on the fact that many of these diseases are heterogenous with a spectrum of causative molecular events
(Morello et al., 2019). RNA-seq is also capable of overcoming the “bottleneck of variant interpretation” in
patients with inborn errors of metabolism, mitochondriopathies, and/or unsolved muscle disorders, leading
to significantly increased diagnostic yields (Kremer et al., 2018; Thompson et al., 2020).

It is important to note that recent studies have shown, particularly in the case of monogenetic neuromus-
cular disorders, that blood-based RNA-seq is not sufficient for diagnosis; however, RNA-seq performed on
myotubes generated by trans-differentiation of patient fibroblastswas capable of identifying a molecular cul-
prit (predominantly splicing variants) in 36% of patients for whom DNA-only analysis had failed to do so
(Gonorazky et al., 2019). This highlights the fact that several methodological improvements must be made
to hasten the progress of translating transcriptome analysis from the benchtop to the bedside, and to enhan-
ce diagnostic sensitivity. These include refinement ofex vivo trans-differentiation of accessible cells to more
disease-relevant cell types (Lee et al., 2020).

Hereditary Cancer

Cancer genomic analysis involves the identification of inherited (“germline”) risk variants and acquired
(“somatic”) mutations in DNA and RNA (Koeppel et al., 2018). Transcriptome analysis has been shown
to be capable of identifying rare, causative variants by revealing changes in splicing and gene expression
that were undetected by DNA sequencing (Yuan et al., 2020). Since examples of RNA-seq analysis in the
conjunction of cancer risk prediction is more recent, we will dissect these papers in greater detail. Before we
do, two key distinctions should be made regarding hereditary cancer studies. First, there is a general bias
towards using RNA-sequencing in conjunction with panel-based clinical sequencing, to reduce the genomic
search space considerably. If one focuses on all oncogenic or tumor-suppressor genes it changes the prevalence
of background events, and ultimately the precision and/or diagnostic yield. Second, the context of reporting
is distinct from Mendelian studies, a search or diagnostic odyssey. Typically, hereditary cancer VUS create
unique stress, and there is some implied interpretation of negative findings.

A series of papers from 2019 through 2021 illustrate and give further insights into these distinctions. First,
Conner et al. (2019) found that, by supplementing DNA genetic testing with RNA, heterozygous duplication
events in MSH2 – which were previously classified as VUS in five individuals with Lynch Syndrome – were
able to be reclassified as pathogenic or likely pathogenic (Conner et al., 2019). Similarly, Karam et al.
(2019) showed that, by supplementing DNA with RNA genetic testing in cases suspicious for hereditary
cancer in which the variant in question involved a potential splice site alteration, (1) inconclusive DNA-
based results were resolved in 49 of 56 inconclusive cases (88%) studied, with 26 (47%) being reclassified
as clinically-actionable and 23 (41%) being clarified as benign; (2) the study estimated that 2% of patients
receiving paired DNA/RNA testing would benefit by the addition of RNA by further characterization of
splice-site VUS (Karam et al., 2019). Two other studies found that the addition of transcriptomic analysis
to hereditary cancer testing enabled 60% and 20%, respectively, of splicing VUS to be reclassified as (likely)
pathogenic (Agiannitopoulos et al., 2021; Rofes et al., 2020). Landrith et al. (2020) performed germline
RNA-seq to profile 18 genes (i.e. APC, ATM, BRCA1, BRCA2, BRIP1, CDH1, CHEK2, MLH1, MSH2,
MSH6, MUTYH, NF1, PALB2, PMS2, PTEN, RAD51C, RAD51D, and TP53 ) in patients with suspected
hereditary cancer syndromes. The investigators demonstrated a 9.1% relative increase in the detection of
pathogenic variants afforded by augmenting DNA data with RNA analysis (Landrith et al., 2020). Deep
intronic variants have also been identified in BRCA1/2, by virtue of RNA analysis, in patients with familial
breast and ovarian cancers (Anczuków et al., 2012; Montalban et al., 2019).
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. As is evident from the studies mentioned above, RNA deep intronic mutations and splicing aberrations are
unique mechanisms of carcinogenesis which, based upon DNA data alone, are still often classified as VUS
(Urbanski et al., 2018). Splicing mutations (which can be present in both pre-mRNA exons and introns (the
latter of which has historically been harder to detect using traditional DNA analyses) lead to abnormal
mRNA phenomena (e.g. exon skipping, intron inclusion, cryptic splice site activation) and the production
of abnormal proteins with diagnostic value (Shi et al., 2018). Expression changes in splicing regulators can
be used as biomarkers for cancer diagnosis (ex:hnRNPA2/B1 , an RNA-binding protein involved in mRNA
splicing, is a sensitive and specific early-diagnostic marker of lung neoplasms) (Zhang et al., 2021). RNA-seq
has shown utility in diagnosing germline splicing variants in hereditary cancer genes that were not evident in
DNA analysis (Urbanski et al., 2018). While splicing variants make up 11% of hereditary cancer gene VUS,
they make up 55% of those VUS that are “likely pathogenic”(Parsons et al., 2019).

Larger-scale reports have been published by clinical genetic companies where RNA-seq was used in conjunc-
tion with panel-based studies across thousands of individuals. Ambry recently released a series of “RNA
Case Studies” that demonstrate the clinical diagnostic utility of transcriptomic data, particularly for iden-
tifying intronic variants (AmbryGenetics, 2019). One such scenario was the case of a 33-year-old male, with
a personal and family history of colon polyps, for whom no clinically-significant variants could be detected
via DNA-only analysis. When genetic analysis was supplemented with transcriptomic analysis (i.e. Ambry’s
+RNAinsight ® panel), however, abnormal APC transcripts were detected prompting further investigation
via targeted Sanger DNA sequencing. This resulted in the confirmation of a deep intronic, likely pathogenic
variant. Transcriptomic data enabled the patient’s provider to make a genetic diagnosis of familial adenoma-
tous polyposis.(AmbryGenetics, 2019) Other examples include a likely pathogenic intronic variant that was
identified outside of DNA analytical range in the gene ATM (c.497-2661A>G), and exon skipping variants in
MSH6 leading to Lynch Syndrome. Ambry’s +RNAinsight ®panel, mentioned in the 2 cases above, analyzes
91 cancer driver genes, and can be paired with most DNA panels; it has shown to be capable of reclassifying
>70% of VUS (AmbryGenetics, 2021).

Similarly, a recent study by Invitae aimed to exemplify the utility of RNA analysis for reclassifying splicing
VUS (Truty et al., 2021). The investigators analyzed a significantly large sample consisting of nearly 700k
patients from a clinical cohort plus individuals from two large public datasets (i.e. ClinVar and Genome
Aggregation Database/gnomAD ) (Truty et al., 2021). In their clinical cohort, Invitae found that 5.4% of
individuals had at least one splicing VUS (most of which were identified outside of essential splice sites), and
that splicing variants represented 13% of all variants classified as (likely) pathogenic or VUS. They estimated
that, in the clinical cohort, RNA analysis would be capable of clarifying/reclassifying splicing VUSs in 1.7%
of cases. In comparison to the clinical cohort, in ClinVar and gnomAD , Invitae observed that splicing VUS
comprised nearly 5% and 9% of reported variants, respectively. Invitae concluded that, in all 3 cohorts,
individuals would have a tangible, clinical-diagnostic benefit from RNA testing (Truty et al., 2021).

Not only can transcriptome characterization classify VUS as (likely) pathogenic, but it can also clarify
variants as benign . For example, RNA data supported a variant downgrade of a likely pathogenic splice
site variant at a canonical splice site (Shamseldin et al., 2021). In the case of CDH1 c.387+1G>A, various
clinical laboratories initially reported the variant in multiple Hispanic/Latino patients as “likely pathogenic”
on the basis of the “+1” position of the variant. This led to the diagnosis of hereditary diffuse gastric
cancer syndrome, a condition requiring complex management because of its association with a very high
risk of early onset gastric cancer and lobular breast cancer. However, the variant was studied in more detail
because the patients with this variant lacked the associated phenotype of the condition. The variant was
experimentally demonstrated to result in the activation of a cryptic in-frame donor splice site, leading to the
recommendation by ACMG and AMP that variants at this position not be considered as likely pathogenic
(Maoz et al., 2016).

In large part, we have limited this review to germline-inherited variation due to space and scope. However,
clearly, RNA-sequencing has utility in the context of somatic variation, and, in fact, this can be the basis
of treatment decisions. It is worth highlighting that a 2021 study in Oncogene examined somatic variation
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. across over 1,000 pan-cancer, paired whole genomes and transcriptomes to understand the role of splicing
mutations in tumorigenesis. The investigators identified about 700 somatic intronic mutations; nearly half
were within deep intronic regions and, of those, 38% activated cryptic splice sites. A subset of the deep
intronic mutations resulted in splicing enhancers or silencers alterations. They found that intronic mutations
often affected tumor suppressor genes, and those hematological malignancies, particularly, harbor many deep
intronic mutations. Taken as a whole, this paper suggests considerable insights can be gained well beyond
germline analysis of VUS (Jung et al., 2021).

Limitations & Future Directions

The progress of RNA-based diagnostics is encouraging, especially as new and translational gene expression
profiling techniques emerge (Wang et al., 2020). Gene expression profiling allows for, not only, the identifica-
tion of fusion transcripts, but also the detection of phenomena like differential expression, ASE, alternative
splicing, and the presence of non-coding RNAs (Conner et al., 2019). Both targeted RNA microarrays and
RNA-seq have shown analytical validity when it comes to diagnostics for pediatric, adolescent/young adult,
and adult patients (Vaske et al., 2019).

Conflicting Lines of Evidence

One fallacy of reasoning – commonly and erroneously applied to the analysis of variant lists such as variant
call format (VCF ) files – is the assumption that the absence of a transcript variant means that the variant is
absent from the specimen. This common misconception lead to the development of genomic VCFs (gVCFs
) which call every position – both variants and wild type/reference.

The only way to move forward with statistical power and confidence is through collaborative efforts and
the creation of diverse and devoted databases. ClinVar (Rehm et al., 2017) and gnomAD(Karczewski et
al., 2020) are under-appreciated summary-level datasets.gnomAD ’s focus on categorizing rare events was
foundational. At the RNA-level, this approach has not yet been adopted outside of isolated cases; burgeoning
examples are RNAcentral (a database of non-coding RNAs) (Petrov et al., 2015) and SpliceDB (a database
of canonical and non-canonical mammalian splice sites) (Burset et al., 2001).

With the clinical implementation of any new “translational” technology, one must approach variant curation
and interpretation of functional evidence with caution. Interpretation can be more complex than anticipated;
there are many potential pitfalls. For example, Nix et al. once posited that a partial exon-skipping mutation
identified inBRCA2 was pathogenic; it was later found to occur in many healthy controls (Mundt et al.,
2017).

Differences in RNA-seq Library Preparation & Analysis Methods

Unlike genomic sequencing of DNA, differences in collection methods, library preparation, tissue sources,
etc. massively impact RNA-seq analysis and interpretation. The first and most apparent variable is the
tissue source for RNA and its relevance to the disease or phenotype. For example, how well can RNA from
whole-blood provide insights into neurological disorders? GTEx provides an initial framework to evaluate this
question showing typically >40% of genes expressed at reasonably high levels, and experiences reviewed in
previous sections frequently faced a similar question (Consortium, 2013). Likely, customized assays leveraging
enrichment may increase this dynamic range of RNA species, recognizing many genes will not have the
expression needed for interpretation via RNA-seq. Nonetheless, many of the studies highlighted showed
>10% improvement in diagnostic yield despite such changes.

Without question, the ability to look across rare DNA variation across thousands of individuals, such as
through resources like gnomAD, has profoundly influenced the interpretation of genomic variants. Aggre-
gation of RNA - even within the same lab will face significant and un-ignorable challenges. As has been
experienced by consortiums and labs, aggregation of RNA-seq across samples, studies, and library preps
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. typically recapitulates multiple technical variables to drive the largest proportion. Efforts to normalize or
adjust to these technical differences are an active area of research beyond the scope of this review.

Even still, when examining consortiums such as PsychENCODE (Psych et al., 2015) and AMP-AD (Hodes
& Buckholtz, 2016), among others, eliminating technical variation from RNA-seq experiments is challenging,
particularly if one is interested in rare events. To illustrate this point, we consider the recent release of
4,871 longitudinally-collected samples from 1,570 clinically-phenotyped individuals from the Parkinson’s
Progression Marker Initiative (PPMI), conducted using random priming for PaxGene collected whole-blood
with paired whole-genome sequencing (Craig et al., 2021). Forthcoming efforts from TopMED will utilize
the same PaxGene whole-blood protocols but will differ in using mRNA-seq from poly-A priming. These
two methods lead to different species with random priming, showing pre-spliced RNA and non-polyA-tailed
transcripts. Algorithms trained on these methods will fundamentally differ in their core measures, such as
PSI. Even within the same dataset, we have observed significant differences in gene/exon usage that depended
on read lengths of paired 100bp vs. a 125bp subset.

While daunting, solutions are emerging for aggregating RNA such as through the ARCHS4 aggregation across
mouse and human RNA-seq studies (Lachmann et al., 2018). Other examples include in-house solutions or
those specific to a given group; it becomes a question of sensitivity. Our group successfully employed outlier
analysis to identify causative variants in a cohort collected over 5 years that was sequenced by different labs
using different methods.

Fragmentation of RNA-seq Databases and Standards

Though the RNA-based diagnostics described here have potential, there are still obstacles that must be
overcome before they will be incorporated into routine clinical practice. These challenges include the need
for scientific rigor, reproducibility, accuracy, precision, clinical validity, and clinical utility. Standards must
be created for test thresholds and normalized reporting, and databases must be established (Tahiliani et al.,
2020; Wang et al., 2020). These databases must be designed so as to not fall prey to any logical fallacies (ex:
the “marker-positive fallacy”).

Issues of database size, diversity, and representation (both in the sense of race/ethnicity and cases/controls),
population structure, and cryptic relatedness must be considered (Update., 1996). We must also acknowledge,
and attempt to address, limitations (ex: the half-life/stability of RNA) and potential confounders (e.g.
temporal changes in RNA expression, differences in RNA capture from fresh frozen vs. formalin fixed paraffin
embedded samples, and phenomena like clonal hematopoiesis of indeterminate potential in liquid biopsies)
(Wang et al., 2020).

Investigators must carefully consider the tissue from which they are isolating RNA given the fact that
expression patterns differ across tissues (and, on the circadian-level, RNA expression can even differ in the
same tissue at different time points) (Maddirevula et al., 2020). It is important to balance preference for
minimally-invasive techniques with considerations of differential tissue expression. One recent study found
that, when comparing brain vs. blood vs. human B-lymphoblastoid cell lines (LCL ), LCLs possessed isoform
diversity for neurodevelopmental genes similar to that of brain tissue; LCLs also expressed these genes more
highly compared to blood (Rentas et al., 2020). The authors of this paper described an RNA-seq pipeline
with 90% sensitivity and claimed that findings in LCLs outperformed those in blood and had implications
for the molecular diagnosis of >1000 genetic syndromes (Rentas et al., 2020).

Another limitation is the fact that expression quantitative trait loci (eQTL ) databases – like GTEx Portal
– are limited to common variants (i.e. variants with a minor allele frequency >1%). This means that such
datasets are not applicable toward understanding VUS which, although rare in the general/overall population,
disproportionately impact Non-White/European groups. RNA analysis is also limited by the fact that most
tools utilize transcripts defined by a Gene Transfer Format (GTF) file and find it difficult to annotate the
3’ untranslated region (3’ UTR) (Shenker et al., 2015). Therefore, there is a critical need for more rigorous,
reproducible, and representative RNA databases and tools.

10



P
os

te
d

on
A

u
th

or
ea

11
J
an

20
22

—
T

h
e

co
p
y
ri

gh
t

h
ol

d
er

is
th

e
au

th
or

/f
u
n
d
er

.
A

ll
ri

g
h
ts

re
se

rv
ed

.
N

o
re

u
se

w
it

h
ou

t
p

er
m

is
si

on
.

—
h
tt

p
s:

//
d
oi

.o
rg

/1
0.

22
54

1/
au

.1
64

19
13

66
.6

27
67

43
0/

v
1

—
T

h
is

a
p
re

p
ri

n
t

a
n
d

h
a
s

n
o
t

b
ee

n
p

ee
r

re
v
ie

w
ed

.
D

a
ta

m
ay

b
e

p
re

li
m

in
a
ry

. VUS as a Manifestation of Cancer Disparities

One anecdotal trend that we have noticed within our own group and across collaborative efforts is that
RNA data allows for the identification of previously missed variation particularly in individuals of non-
European ancestry. For example, in Human Mutation we reported a variant within 3bp of the exon boundary
using an outlier approach in individuals of African ancestry. The molecular consequences of this variant
included exon skipping, altered isoform usage, and loss of canonical isoform expression – events not evident
in DNA data alone (McCullough et al., 2020). Patients who self-identify as Hispanic/Latinx, Black/African,
and Asian/Pacific Islander experience more advanced stage disease at time of screening, significantly lower
diagnostic yields, and higher rates of VUS and variant reclassification compared to their European/Caucasian
counterparts (Dutil et al., 2019; Kinney et al., 2018; Kowalski et al., 2019; Marco-Puche et al., 2019; Ndugga-
Kabuye & Issaka, 2019; Roberts et al., 2020; Slavin et al., 2018; Urbina-Jara et al., 2019). Individuals from
non-European populations will have more private variation for one of three reasons: (1) they are poorly
represented in reference datasets, (2) they have greater African ancestry, or (3) they come from a population
that has undergone recent expansions (ex: Bangladesh) (Halperin et al., 2017).

A recent study reported by Ambry Genetics found that theirBRCAplus , BreastNext , and CancerNext
panels yielded [?]2-3x fewer VUS for Non-Hispanic whites than for minority populations (AmbryGenetics,
2017). Another study reports VUS frequencies in the tumor suppressor genes BRCA1/2 to be 4.4% in
Caucasians, 8.9% in African Americans, and 8.0% in Hispanic/Latinos; for larger hereditary cancer panels,
this study reported VUS frequencies of 22.1% in Caucasians, 30.3% in African Americans, and 24.9% in
Hispanics/Latinos (Appelbaum et al., 2020).

One important distinction to make here is the difference between race/ethnicity and genetic ancestry. While
race and ethnicity are social constructs, ancestry is a biological/genetic construct resulting from human mi-
grations throughout history resulting in biogeographical genetic variation (Batai et al., 2021). An example
of how genetic ancestry can further clarify race/ethnicity-based disparities is the fact that higher African an-
cestry in Hispanic/Latinos (who are typically “admixed” with genetic contributions from African, European,
and American Indian aka Native/Indigenous American ancestries) is associated with more aggressive breast
cancer subtypes and a greater likelihood of receiving inconclusive VUS during genetic testing (Chapman-
Davis et al., 2021; Dutil et al., 2019; Kinney et al., 2018; Kowalski et al., 2019; Marco-Puche et al., 2019;
Ndugga-Kabuye & Issaka, 2019; Roberts et al., 2020; Slavin et al., 2018; Urbina-Jara et al., 2019; Virlogeux
et al., 2015). Gene expression profiling may be able to help shed light on and alleviate these inequities
(Fresard et al., 2019; Wai et al., 2020).

Conclusions

VUS cause significant psychological distress to patients and disproportionately limit the promise of precision
medicine for minority patients (Landry et al., 2018). RNA data provides critical answers to the question
of VUS, particularly in terms of clarifying deep intronic and splicing variants as pathogenic vs. benign.
This necessitates the development of more rigorous, reproducible, and representative RNA databases and
analytical tools.
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