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ABSTRACT 25 

Allele-specific expression (ASE) of somatic mutations can be caused by cis-activation of the 26 
mutant allele or silencing of the wild-type allele and has been investigated by examining the 27 
enrichment of mutant allele in RNA relative to DNA. Here we show that this mutation-based 28 
approach can be confounded by gene expression differences in tumor and normal cells that co-29 
exist in most bulk tumor samples. We model mutant allele expression by incorporating 30 
tumor/normal expression difference, mutant allele dosage, tumor purity, and nonsense-mediated 31 
decay (NMD) efficiency, projecting that such enrichments can occur without ASE. This 32 
confounding effect is exacerbated with low tumor purity and is dependent on mutant allele 33 
dosage for NMD-triggering mutations. The model predictions are validated by a pan-cancer bulk 34 
tumor analysis with somatic insertions/deletions (indels) from 9,101 The Cancer Genome Atlas 35 
(TCGA) samples. A single-cell analysis in five cutaneous squamous cell carcinomas 36 
demonstrates the robustness of this model to intratumor heterogeneity. As a byproduct of this 37 
confounding effect, we evaluate whether the inverse relationship between mutant allele 38 
enrichment in RNA and tumor purity could be leveraged to complement DNA-based somatic 39 
mutation detection in low purity samples. Indeed, our de novo somatic indel calling from TCGA 40 
RNA-seq increases the TCGA driver indel repertoire by ~ 14%, especially in samples with purity 41 
< 0.4, including actionable EGFR indels in lung adenocarcinoma and FLT3 in acute myeloid 42 
leukemia. Our study not only reveals confounders in somatic mutant ASE analysis but also 43 
demonstrates their utility in RNA-based mutation calling.  44 

 45 
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 INTRODUCTION 55 

In a diploid genome, allele specific expression (ASE) refers to a phenomenon of preferential 56 

expression of one allele over the other in a cell, which can unveil cis-acting regulatory 57 

mechanisms of attenuating (including silencing) or enhancing (including activation) the 58 

transcription of one specific allele [Ge et al. 2009]. A conventional approach to characterize ASE 59 

is to test if the variant allele fraction (VAF) in RNA (VAFRNA) is significantly deviated from its 60 

expected VAF in DNA (VAFDNA). In non-cancerous tissues, the analysis of allelic imbalance of 61 

germline heterozygous single-nucleotide polymorphisms (SNPs) in RNA, which measures a 62 

significant deviation from the expected VAFDNA of 0.5, has led to the identification of genes or 63 

regions that exhibit ASE [Castel et al. 2015]. However, when applying the same technique to 64 

cancerous tissues [PCAWG Transcriptome Core Group 2020; Mayba et al. 2014; Robles-65 

Espinoza et al. 2020], these imbalances were mostly (84.3%) attributed to somatically acquired 66 

copy-number alterations (CNA) in the tumor DNA [PCAWG Transcriptome Core Group 2020]. 67 

More recent studies have attempted to characterize ASE events independent of somatic 68 

CNA by focusing on ASE of somatic mutations [Palou-Márquez et al. 2024; Black et al. 2025; 69 

Liu et al. 2018; Bollas et al. 2025]. This approach tests the biased expression of the mutant allele 70 

by directly comparing a mutation’s VAFRNA or comparable metrics to that in the tumor DNA 71 

genome, where the influence of CNA is accounted for, and a significant deviation is attributed to 72 

ASE. Such interpretation is valid under the condition that gene expression level is comparable in 73 

tumor cells and “contaminating” normal cells that co-exist in bulk tumor samples. However, it is 74 

currently unclear how the difference in expression levels between tumor and normal cells affects 75 

the assessment of somatic mutant allele expression relative to its VAFDNA. Tumor and normal 76 

tissues are known to exhibit differential gene expressions [Zhang et al. 1997]. For example, the 77 
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tumor suppressor gene CDKN2A was noted to have significantly higher expression in tumor 78 

tissues compared with the matching normal tissues acquired from cancer patients [Chen et al. 79 

2021]. Furthermore, tumor cells can undergo hypertranscription, a global change in transcription 80 

activity [Zatzman et al. 2022; Lin et al. 2012; Bowry et al. 2021], which can also result in 81 

expression difference.  82 

Here, we present a theoretical framework to investigate the impact of expression 83 

difference on the somatic VAF imbalance in bulk RNA-seq samples. Our model shows that 84 

somatic mutant alleles can be enriched in RNA relative to DNA due to expression differences in 85 

tumor and normal cells without ASE, and that this relative enrichment becomes more 86 

pronounced with lower tumor purity. While this effect can confound the ASE analysis of somatic 87 

mutations, we propose that it can be leveraged to sensitively detect mutations from RNA-seq in 88 

low tumor purity samples. 89 

 90 

RESULTS 91 

Study design  92 

Tumor purity, somatic CNA, expression difference per gene copy in tumor relative to normal 93 

tissues, and nonsense-mediated decay (NMD) efficiency were used as parameters to model the 94 

ratio of VAFRNA to VAFDNA, referred as allelic expression variation (AEV) (Modelling in Fig. 1). 95 

Theoretical and simulation analyses of this model were performed to investigate whether 96 

unbalanced AEV (i.e., AEV ≠ 1) could be affected by these parameters. By focusing on 97 

mutations with elevated allelic expression (i.e., AEV > 1), we validated this theoretical model 98 

using 9,101 The Cancer Genome Atlas (TCGA) [Cancer Genome Atlas Research Network 2013] 99 
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samples with whole-exome sequencing (WES) and RNA-seq datasets available on Cancer 100 

Genomics Cloud (CGC) [Lau et al. 2017] (Validation workflow in Fig. 1). In this analysis, we 101 

used publicly available somatic insertions/deletions (indels) identified in WES by the Genomic 102 

Data Commons (GDC) [Zhang et al. 2021] multi-caller pipeline. The use of indels enables 103 

assessing the effect of NMD in an unbiased manner, whereas premature termination codons 104 

(PTCs) by nonsense single-nucleotide variants (SNV) can be constrained to certain genomic 105 

contexts (e.g., TCA>TGA and hotspots). While the model parameters can confound the detection 106 

of true ASE, elevated AEV can be exploited for RNA-based somatic mutation detection to 107 

complement DNA-based approach. Using the TCGA RNA-seq data, we performed de novo indel 108 

detection because DNA-based indel detection is known to have a limited sensitivity of 40–50% 109 

[Alioto et al. 2015; The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium 110 

2020] (Application workflow in Fig. 1). We also evaluated the effectiveness of this approach for 111 

mutations rated actionable by the COSMIC Actionability database [Sondka et al. 2024] to 112 

explore the potential for clinical impact. 113 

 114 

Modelling allelic expression variation (AEV) for somatic mutation 115 

We considered a somatic mutation with a total copy number of � represented by � and � copies 116 

of mutant and wild-type alleles per cell, respectively (i.e., copy number � � � � �) and 117 

modeled its DNA VAF in a bulk sample (VAFDNA, Eq.1 in METHODS). We also modeled the 118 

mutation’s VAF in RNA where the gene expression per copy is � times different between tumor 119 

and normal, and the mutant allele is degraded at NMD efficiency � (VAFRNA, Eq.2). The ratio of 120 

VAFRNA to VAFDNA , defined as AEV (Eq.3) (illustrative examples in Fig. 2A and Supplemental 121 

Fig. S1), is used to show enriched (elevated AEV) or depleted (reduced AEV) mutant allele 122 
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representation in RNA-seq. Our model projects that higher expression in tumor per gene copy 123 

(� � 1) is required for elevated AEV (Eq. 4) and we simulated the model over tumor purity in 124 

copy number � � 2 (diploid) at various NMD efficiencies (Fig. 2B). For mutations that do not 125 

trigger NMD (i.e., � � 0), no mutant allele expression variation is expected (i.e., AEV = 1) when 126 

the gene expression levels per copy are identical in tumor and normal cells  (i.e., � � 1� in 127 

contrast to the elevated and reduced AEV expected for � � 1 and � 
  1, respectively. Further, 128 

this effect on AEV is more prominent with lower purity due to a different rate of VAFRNA 129 

reduction compared to that of VAFDNA (Fig. 2C). In absence of NMD, the mutant allele dosage 130 

has no effect on AEV (� � 0 in Fig. 2B and Eq.5). However, with � � 0, enriched mutant allele 131 

dosage due to amplification of the mutant allele or deletion of the wild-type allele (loss-of-132 

heterozygosity or LOH) results in higher AEV (e.g., mut./mut. vs. mut./wt. in the three panels 133 

with � � 0 in Fig. 2B). While higher NMD efficiency decreases AEV, elevated AEV is still 134 

detectable if the efficiency is smaller than �� � 1� �⁄  (e.g., � � 2/3 in Fig. 2B and Eq.6). 135 

Similar results are obtained in other copy numbers (Supplemental Fig. S2) and also for 136 

subclonal mutation/CNA events (Eq.8 in METHODS and Supplemental Fig. S3).  137 

In summary, under the condition where the gene expression per copy is higher in tumor 138 

than in normal cells (i.e., e > 1), elevated AEV (i.e., AEV > 1) can be detected in absence of ASE 139 

and the pattern is more pronounced with reduced tumor purity. While NMD decreases AEV, it 140 

can be retained at a higher level with enriched mutant allele dosage.  141 

  142 

Elevated AEV in somatic truncation indels in TCGA 143 

To empirically validate the AEV model, we used 106,157 somatic coding indels on the 144 

autosomal chromosomes identified by NCI Genome Data Commons (GDC). These indels were 145 
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annotated for amino acid changes and the underlying genes were categorized as tumor 146 

suppressor genes (TSGs), oncogenes, or nondriver genes (METHODS). Truncation indels 147 

(frameshifts and in-frame insertions of stop codons) accounted for the vast majority of all 148 

somatic indels (92.93% or 98,649/106,157) and those in driver genes primarily disrupted TSGs 149 

(93.05%, 4,724 truncations in TSGs of 5,077 in driver genes). In TSGs, truncations are more 150 

frequently accompanied by LOH, conforming to the two-hit hypothesis of tumorigenesis 151 

[Knudson 1971]. Therefore, this indel class is well suited for testing the predicted effects of LOH 152 

and NMD efficiency. 153 

First, we quantified indel VAFs in both WES and RNA-seq using mutant and wild-type 154 

read counts extracted by indelPost [Hagiwara et al. 2022], as this tool outperformed those used 155 

by GDC in the benchmarking of indel VAF with serially diluted tumor DNA samples and 156 

expressed indels in RNA-seq (Supplemental Fig. S4, Tables S1 and S2,  and METHODS). 157 

When NMD occurs at a high efficiency, the transcript harboring the truncation allele may be 158 

degraded and thus undetectable, but the wild-type transcript can be present in the transcriptome. 159 

To capture this scenario, we required the indel locus to be covered with ≥ 1 RNA-seq reads 160 

regardless of mutation status, resulting in inclusion of 4,450 truncations in TSGs and 69,840 in 161 

nondriver genes (Supplemental Table S3). Compared to nondriver genes, elevated AEV was 162 

four times as prevalent in TSGs (Fig. 3A and left in 3B, 7.69% vs. 1.76%, Fisher’s exact p < 163 

2.2×10-16), where LOH was eleven times more frequent (right in Fig. 3B, 19.78% in TSGs vs. 164 

1.84% in nondrivers, Fisher’s exact p < 2.2×10-16).  165 

We then examined whether the elevated AEV cases matched the predicted pattern of 166 

model parameters: purity, copy number, NMD efficiency as well as relative expression difference 167 

between tumor and normal cells. In the assessment with bulk data, we surrogated the e as the 168 
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TPM ratio between tumor and tissue-matched normal controls adjusted for copy number 169 

alterations to evaluate differential expression (Fig. 3C and METHODS). Consistent with our 170 

model, e was higher for genes carrying elevated AEV indels (median: 1.76 in elevated vs. 0.72 in 171 

overall for TSGs; 1.60 vs. 0.92 for nondriver genes, Mann–Whitney U p < 2.2×10-16 for both 172 

gene classes). Alternatively, the e variable can be > 1 under a global upregulation of transcription 173 

activity (hypertranscription), which was recently reported to be widespread in human cancers 174 

[Zatzman et al. 2022]. Using the degree of hypertranscription in the TCGA cohort by Zatzman et 175 

al. (METHODS), we found a higher degree of transcription activity in samples harboring the 176 

elevated AEV indels (Fig. 3D, median: 2.17 in elevated vs.1.77 in overall for TSGs at Mann–177 

Whitney U p = 3.1×10-6; 2.17 vs. 1.63 for nondriver genes at p < 2.2×10-16). AEV is predicted to 178 

be elevated by the e parameter regardless of mutation clonality (Eq.8 in METHODS and 179 

Supplemental Fig. S3). Thus, we stratified indels by clonality (METHODS) and inferred 35.9% 180 

of the TCGA indels as subclonal. When clonal and subclonal indels were analyzed separately, 181 

their consistent AEV patterns confirmed the robustness of our model to subclonality 182 

(Supplemental Fig. S5A). Elevated AEV indels tended to occur in lower purity samples (Fig. 183 

3E, median purity: 0.53 in elevated vs. 0.66 in overall for TSGs; 0.49 vs. 0.64 for nondriver 184 

genes, Mann–Whitney U p < 2.2×10-16 for both gene classes), which matched the predicted trend 185 

in our model. This inverse relationship between elevated AEV and tumor purity was also robust 186 

to subclonal mutation (Supplemental Fig. S5B), consistent with the model’s projection (Eq.8 in 187 

METHODS and Supplemental Fig. S3). Tumor purity varies greatly by cancer type; for 188 

example, tumor samples of pancreatic adenocarcinoma (PAAD) tend to have low purity due to 189 

high stromal content (50–80%) [Karamitopoulou 2019], whereas those of brain cancers often 190 

have high purity [Aran et al. 2016]. Indeed, there was a negative correlation between purity and 191 
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elevated AEV prevalence across the 33 TCGA tumor types (Fig. 3F, correlation coefficient ρ = -192 

0.67, p = 1.9×10-5) with the highest elevated AEV prevalence (9.38%) detected in PAAD, the 193 

cancer type with the lowest tumor purity (median purity of 0.4).  194 

We further examined conditions relevant to truncation indels. Consistent with the model, 195 

premature termination codons (PTCs) caused by elevated AEV indels occurred more frequently 196 

in NMD evasive regions (Fig. 3G, χ2 p < 2.2×10-16 for both tumor suppressor genes and 197 

nondriver genes). Due to the higher occurrence of LOH in TSGs (right in Fig. 3B), we used 198 

truncation indels in TSGs to examine whether higher allele dosage of NMD-sensitive mutations 199 

caused by LOH is accompanied by elevated AEV as projected by our simulation (Fig. 2B and 200 

Supplemental Fig. S2). We found that indeed, LOH was enriched in elevated-AEV indels with 201 

NMD efficiency � � 0 (Fig. 3H, 31.87% vs. 21.19%, Fisher’s exact p = 1.2×10-3). By contrast, 202 

LOH was not enriched when the truncation indels created PTCs in the last exon, where the NMD 203 

efficiency is close to 0 (� � 0) [Lindeboom et al. 2019] (Fig. 3H, 14.43% vs. 14.31%, p = 1.0). 204 

Therefore, this result and the higher prevalence of elevated AEV in TSGs (left in Fig. 3B) were 205 

consistent with the projection of our model showing an association between LOH and AEV only 206 

for d > 0 (Fig. 2B and Supplemental Fig. S2).  207 

 208 

Elevated AEV in somatic in-frame indels in TCGA 209 

In-frame indels accounted for 7.07% (7,508/106,157) of the TCGA somatic indels and are not 210 

expected to trigger NMD. To evaluate the AEV of in-frame indels in driver genes, we focused on 211 

oncogenes as in-frame indels accounted for a much higher proportion of somatic indels than in 212 

TSGs (41.51% [247/595] vs. 7.86% [403/5,127], Fisher’s exact p < 2.2×10-16), and included 213 

 Cold Spring Harbor Laboratory Press on July 16, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


10 
 

them for analysis if the locus was covered with  ≥ 1 RNA-seq reads (238 in oncogenes and 5,673 214 

in nondrivers) (Supplemental Table S4). Elevated AEV was more frequent in in-frame indels in 215 

oncogenes than in nondriver genes (Fig. 4A, 20.59% vs. 6.47% , Fisher’s exact p = 2.7×10-12) 216 

and was significantly enriched in samples with low tumor purity (Fig. 4B, median: 0.43 in 217 

elevated vs. 0.63 in overall for oncogenes at Mann–Whitney U p = 8.2×10-7). Differential 218 

expression between tumor and normal tissues was not a significant contributor to the elevated 219 

AEV in oncogenes (left in Fig. 4C, median: 0.88 in overall vs. 0.93 in elevated at Mann–220 

Whitney U p = 0.51), whereas a higher degree of hyperactivation was associated with the 221 

elevated pattern (right in Fig. 4C, median: 1.52 in overall vs. 2.48 in elevated at p = 2.4×10-3). 222 

Elevated AEV cases included known gain-of-function in-frame indels such as EGFR deletions in 223 

exon 19 and insertions in exon 20 [Lynch et al. 2004], ERBB2 duplications of Y772_A775 224 

[Perera et al. 2009] and CTNNB1 deletions at S45 [Morin et al. 1997]. Considering this, the lack 225 

of differential expression may suggest the possibility of bona fide ASE in elevated AEV cases. 226 

 227 

De novo driver indel detection in RNA-seq  228 

The inverse relationship between elevated AEV and purity (Fig. 2) may be exploited to recover 229 

somatic mutations missed by DNA-seq from RNA, especially in low tumor purity samples. To 230 

test this, we performed a de novo indel detection in TCGA RNA-seq focusing on truncations in 231 

TSGs and in-frame indels in oncogenes. A total of 3,259 somatic driver indels were called from 232 

tumor RNA-seq with ≥ 1 DNA supporting reads in the matched WES data (METHODS). When 233 

compared to 4,971 driver indels (4,724 truncations in TSGs and 247 in-frame indels in 234 

oncogenes) identified from WES data, we found that 2,581 were detected by both WES and 235 

RNA-seq (Shared in Fig. 5A), and 679 were detected only by RNAIndel (RNA-only) 236 
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(Supplemental Table S5). The remaining 2,390 were detected only by WES (DNA-only) due to 237 

low indel allele expression (median allele count: 1) with 834 unexpressed .  238 

The increased sensitivity by de novo RNA-seq analysis was not limited to regions with 239 

low WES coverage — de novo indel detection by WES plateaued at a coverage of 20–40× and 240 

40–60× for TCGA samples with medium-to-high (0.4–1.0) and low (< 0.4) purity, respectively 241 

(Supplemental Fig. S6), both below the 68× median WES coverage in the TCGA cohort. While 242 

all RNA-only indels were validated with WES, matched WGS data were available for 476 out of 243 

679 RNA-only indels, and 457 of these were also validated by WGS (Supplemental Table S5). 244 

For the 19 indels that lacked WGS support, 18 had a high probability (median: 0.37, range 0.10–245 

1.00) that the absence of indel reads in WGS was due to insufficient WGS coverage 246 

(METHODS). The exception event, a hotspot PIK3R1 in-frame indel in breast cancer (TCGA-247 

LD-A74U), has sufficient WGS coverage and the absence of indel reads was likely due to 248 

intratumor heterogeneity as the WGS and WES samples were obtained from different vials. The 249 

indels in DNA-only had a significantly lower VAFRNA than in VAFDNA (median: 0.11 in RNA vs. 250 

0.33 in DNA, Mann–Whitney U p < 2.2×10-16). By contrast, the opposite pattern was found in 251 

RNA-only indels with much higher VAFRNA (0.36 in RNA vs. 0.26 in DNA, p = 1.8×10-12) and 252 

the Shared indels had a slightly elevated VAFRNA (median: 0.43 in RNA vs. 0.39 in DNA, p = 253 

1.3×10-11) (Fig. 5B). When evaluating elevated AEV, which only occurs when copy-number 254 

adjusted expressions in tumor are higher than in normal, DNA-only indels had only a minimum 255 

presence (1.08%) in contrast to the significantly high frequency detected in Shared (13.8 %), and 256 

RNA-only (16.7%, χ2 p < 2.2×10-16) (Fig. 5C). Consistent with our model, RNA-only indels were 257 

enriched in samples with low tumor purity. For example, samples with purity < 0.4 accounted for 258 
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25.04% RNA-only indels in contrast to 14.69% in other categories. (Fig. 5D, Kruskal–Wallis p = 259 

2.1×10-8).   260 

 The de novo indels detected by RNA-seq increased truncations in TSGs by 12.74% (n = 261 

602) compared to those known by WES analysis (4,724). The top 10 most frequently mutated 262 

TSGs had a varying degree of contribution by RNA-seq (Fig. 5E). Although not amongst the top 263 

10, CDKN2A (ranked 11th) is a notable example of having the biggest gain of somatic indels 264 

contributed by RNA-seq analysis, resulting in a 35.71% increase due to the 24.6-fold expression 265 

difference in tumor versus normal. By contrast, RB1 (ranked 9th), which has lower expression in 266 

tumor (0.48-fold in tumor), only had a marginal gain (5.0%) by RNA-seq. The differential 267 

expression patterns of these two genes in tumor vs. normal TCGA bulk samples were also 268 

replicated in single-cell RNA-seq data across multiple cancer types (Supplemental Fig. S7). 269 

Notably, de novo RNA-seq indel analysis reaped the biggest gain in in-frame indels in oncogenes 270 

with an overall 31.17% increase (77 added to 247 in-frame indels detected by DNA) across 271 

multiple oncogenes (Fig. 5F). For example, RNA-seq indels nearly doubled driver indels in 272 

FOXA1, an oncogene for prostate cancer and breast cancer [Bailey et al. 2018], with 13 RNA 273 

indels added to the 15 detected by WES. Of all 28 FOXA1 indels, the vast majority (71.4%) are 274 

located between D249 and E269, which are known to be associated with favorable prognosis in 275 

prostate cancer [Hwang et al. 2025]. In addition to prognostic biomarkers, 32.46% (25/77) of the 276 

additional oncogene in-frame indels were rated actionable by COSMIC Actionability database 277 

[Sondka et al. 2024] (Fig. 5G). These included targetable indels by approved drugs (Rank1 in 278 

COSMIC Actionability classification) such as EGFR exon 19 deletions in lung adenocarcinoma 279 

(n = 5) and FLT3 deletion at I836 in acute myeloid leukemia (n = 2). 280 

 281 
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Single-cell analysis of AEV with subclonal CNA 282 

To validate the AEV model’s robustness to subclonal CNA at single-cell level, we analyzed five 283 

cutaneous squamous cell carcinomas (cSCC) samples with publicly available scRNA-seq, WES 284 

and cell type annotation [Ji et al. 2020]. Specifically, we examined the relationship between AEV 285 

and copy-number adjusted expression difference between tumor and normal cells (the e 286 

parameter in Eq. 8 in METHODS), which is not directly observable in bulk tumor sample. Using 287 

scRNA-seq, we derived cell-level gene expression and copy-number estimates accounting for 288 

subclonal CNAs (Fig. 6 and METHODS). For 223 somatic single- and 36 di-nucleotide 289 

substitutions (e.g., CC>TT) identified from the paired WES with sufficient coverage in scRNA-290 

seq, AEV was determined by the ratio of VAFRNA in a pseudo-bulk of scRNA-seq to VAFDNA in 291 

WES. Consistent with the prediction robustness (Supplemental Fig. S3), higher AEV was 292 

correlated with higher e values in both clonal (correlation coefficient ρ = 0.43, p = 3.7×10-10) and 293 

subclonal (ρ = 0.46, p = 1.7×10-4) events. 294 

 295 

DISCUSSION 296 

In this study, we evaluated the effect of tumor/normal gene expression difference on somatic 297 

allele enrichment in bulk RNA-seq. While a recent study was conceptually aware of such effects  298 

[Black et al. 2025], our development of the AEV model has enabled a systematic evaluation of 299 

multiple factors contributing to the elevation of AEV. We demonstrated that elevated AEV in a 300 

bulk tumor sample can be caused by higher expression in tumor in absence of allele-specific 301 

expression. Furthermore, this confounding effect is more pronounced in samples with low tumor 302 

purity, which, at first glance, appeared to be paradoxical (Figs. 2A and B, 3E and F). This 303 
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phenomenon is due to a slower decline of VAFRNA compared to that of VAFDNA with lower tumor 304 

purity when gene expression is higher in tumor than normal (Fig. 2C). It is noteworthy that the 305 

same paradoxical trend can also arise from true ASE, where the mutant allele is preferentially 306 

expressed in tumor, when examining the enrichment of mutant allele (Supplemental Fig. S8). 307 

We demonstrated that this effect could enhance mutation detection from RNA-seq in low tumor 308 

purity samples (Fig. 5D), while DNA-seq was more effective in detecting lowly expressed 309 

mutations or those prone to reduced AEV (Fig. 5B and C). In addition to the improved 310 

sensitivity by these complementary advantages, integrating DNA-seq and RNA-seq in mutation 311 

calling would also reduce false positives by validating putative calls across platforms as 312 

demonstrated by the high WGS validation rate for RNA-only indels.  313 

 Instead of the mutant allele itself, the enrichment of haplotype harboring the mutant allele 314 

can be examined using the heterozygous germline SNPs. In general, confounding factors such as 315 

tumor/normal expression differences and tumor purity have no or minimum effects on AEV of 316 

SNPs (Supplemental Fig. S9). Furthermore, in contrast to AEV of somatic mutation, AEV of 317 

SNPs with true ASE would diminish with low tumor purity in the case of true ASE 318 

(Supplemental Fig. S8). This SNP-based approach can also be valuable for finding elevated 319 

AEV due to true ASE. For example, when tumor cells are diploid, the VAFRNA of heterozygous 320 

SNPs in the bulk tumor sample remains 0.5 if the allele expression is balanced (no ASE), 321 

regardless of purity and tumor/normal expression differences (Supplemental Fig. S9A). To 322 

illustrate the contrasting patterns, we show allelic imbalance of SNPs associated with FAT1 323 

V1689fs (AEV: 1.94) in a head-and-neck squamous cell carcinoma, which significantly deviated 324 

from 0.5 (simulation-based p < 2.2×10-16 in Supplemental Fig. S10) (METHODS), whereas 325 

those with MAP3K1 P324_N325fs (AEV: 2.23) in a breast cancer did not change (p = 0.08). 326 
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When tumor cells are not diploid, SNP VAFRNA also deviates from the expected value defined by 327 

CNA with expression differences, but the scale of such deviations is smaller than that in somatic 328 

mutations (Supplemental Fig. S9B and C). Thus, SNP-based AEV better controls for the 329 

confounders.  330 

A systematic analysis to identify elevated AEV caused by ASE in the current TCGA 331 

RNA-seq data is challenging, as the SNP-based method is only applicable to a limited number of 332 

cases having a sufficient number of heterozygous exonic SNPs in TCGA RNA-seq data which 333 

were prepared with poly(A) enrichment protocol. Theoretically, VAFRNA is upper bounded by the 334 

purity-adjusted VAFDNA (adj. VAFDNA,  Eq. 9 in METHODS) in the absence of ASE. Thus, indels 335 

with VAFRNA > adj. VAFDNA may be characterized as true ASE without needing SNPs. When this 336 

approach was applied to the TCGA indels (METHODS), the estimated ASE prevalence was 337 

found to be very low: 0.86% in TSG and 0.19% in nondriver truncating indels, and 2.28% in 338 

oncogene and 0.37% in nondriver in-frame indels, respectively. Additionally, only highly 339 

elevated AEVs were inferred as ASE (average AEV: 3.30 vs. 2.66 for all elevated AEV cases) 340 

and moderate cases were missed, including the true ASE event of FAT1 V1689fs (AEV: 1.94), 341 

which was discovered by the SNP-based approach. This limited sensitivity may be because ASE 342 

is only tested at a single mutation locus, whereas the SNP-based approach is more statistically 343 

powered by testing allele counts at multiple SNP loci.  344 

RNA-seq has been known to be useful for detecting low VAF mutations missed by DNA-345 

based analysis [Xu 2018]. Despite this empirical knowledge, it is currently not a common 346 

practice to use RNA-seq for mutation calling purposes, possibly because there is no formal 347 

theory to demonstrate the advantage of RNA-seq over DNA-seq. Our model projects that RNA-348 

seq can be a more sensitive platform than DNA under the condition that the gene expression per 349 
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copy is higher in tumor than in normal, particularly in samples with low tumor purity. 350 

Encouragingly, such a condition can be met in a wide range of genes, not restricted to those 351 

exhibiting differential expression, owing to a global transcriptional activation in cancers 352 

(hypertranscription) [Zatzman et al. 2022] (Fig. 3C and C). We anticipate that this theoretical 353 

basis will motivate future studies to incorporate RNA-seq for mutation detection, especially 354 

when reporting therapy-relevant mutations at high sensitivity. For example, in our de novo RNA-355 

seq indel analysis, in-frame indels in oncogenes, which are often actionable, increased by >30% 356 

compared to the DNA-based repertoire provided by GDC. Truncation indels can also be 357 

important for designing cancer immunotherapy because frameshifts may create potent 358 

neoantigens containing amino acid sequences distinct from the self [Turajlic et al. 2017]. Among 359 

the frameshift indels, only those evading NMD are known to be relevant to therapy [Lindeboom 360 

et al. 2019; Litchfield et al. 2020] and it is encouraging that such variants were the most 361 

prevalent in indels detected exclusively from RNA-seq (41.5% in DNA-only vs. 49.2% in Shared 362 

vs. 63.1% in RNA-only, χ2 p < 2.2×10-16).  363 

 Our current model focuses on elevated AEV as the direction of change is consistent with 364 

preferential expression of mutant alleles, although AEV can be elevated (VAFRNA > VAFDNA) or 365 

reduced (VAFRNA < VAFDNA). Reduced AEV of truncation indels was less prevalent in TSGs 366 

than in the nondrivers (9.15% vs. 12.76%, Fisher’s exact p = 2.5×10-13, Supplemental Fig. 367 

S11A), and, as expected, such indels are mostly located in the NMD-sensitive regions in the both 368 

gene categories (Supplemental Fig. S11B). The difference can be attributed to higher LOH 369 

frequency in TSGs (right in Fig. 3B), which results in higher mutant allele dosage. Our model 370 

projects that AEV is higher with enriched mutant allele dosage in presence of NMD (Fig. 2B). 371 

Therefore, the lower prevalence of reduced AEV in TSGs further supports the opposing effect of 372 
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NMD and LOH proposed by our model. Consistent with the absence of NMD in in-frame indels, 373 

reduced AEV in these variants were rare in both oncogenes (2.79%) and nondrivers (4.08%) 374 

(Fisher’s exact p = 0.41, Supplemental Fig. S11C).  375 

In conclusion, we identified tumor/normal expression difference as a confounding factor 376 

contributing to enriched somatic mutant allele expression in bulk tumor samples. The 377 

confounding effect is particularly pronounced in low-purity tumor samples. These findings serve 378 

to caution the interpretation of allelic imbalance characterized by somatic mutation alone, which 379 

suggests the inclusion of germline heterozygous SNPs for detecting bona fide ASE. A 380 

comprehensive assessment of ASE of somatic mutation may need to incorporate non-coding cis-381 

regulatory variants from WGS, DNA methylation and miRNA-seq data along with RNA-seq data 382 

generated from total RNA extraction to capture more heterozygous SNPs. Of note, this study 383 

yielded a valuable byproduct — the confounding effect can be exploited to efficiently 384 

complement DNA-based mutation detection in samples with low tumor purity by calling somatic 385 

mutation from RNA-seq.   386 

 387 

METHODS  388 

TCGA dataset 389 

This study used the TCGA dataset available as GDC v36 on Cancer Genomics Cloud (CGC) 390 

(https://www.cancergenomicscloud.org). We included TCGA cases for which tumor/normal-391 

paired WES and tumor RNA-seq BAM files and mutation annotation format (MAF) files (n = 392 

9,101) were all available. The 9,101 data pairs of tumor WES and RNA-seq were from all 393 

primary tumor samples, and tumor DNA and RNA were extracted from the same vial for 9,058 394 
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samples (99.5%). The remaining 43 cases using different vials for DNA/RNA extraction were all 395 

acute myeloid leukemia, a liquid tumor, which are not expected to have extensive spatial 396 

heterogeneity. The MAF files were prepared by GDC by applying MuTect2 [Cibulskis et al. 397 

2013], VarScan2 [Koboldt et al. 2012], and Pindel [Ye et al. 2009] to the paired WES for somatic 398 

indel calls. This muti-caller pipeline does not require concordance across callers to generate the 399 

somatic indel data set [Zhang et al. 2021]. As a result, 61.0% of the somatic indels were detected 400 

by all three callers, 1.4% were detected by a single caller, with the remaining 37.6% by two 401 

callers. Gene expression data by STAR Count [Dobin et al. 2013] and copy-number data by 402 

ASCAT [Van Loo et al. 2010] were also available on CGC. The ABSOLUTE-based tumor purity 403 

data for TCGA samples was obtained from TCGA PanCanAtlas (https://gdc.cancer.gov/about-404 

data/publications/pancanatlas). The platform to generate this purity data was SNP6, and tumor 405 

samples using the same vial for SNP6, WES, and RNA-seq accounted for 8,481 of 9,101 cases. 406 

To ensure analytical consistency, we excluded 620 cases with unmatched vials from any analysis 407 

that involved the tumor purity data, and their purity value was set to “-1” in Supplemental 408 

Tables S3–5 to indicate missing values.  409 

Derivation of VAF ratio between RNA and DNA 410 

In a bulk tumor sample consisting of � tumor and � normal cells, we denote � as: 411 

� �  � � �  �1 � ������� ������,⁄⁄  ����� ������ �  � �� � ��.⁄  

For an autosomal gene harboring a somatic mutation in tumor cells, we expect � and � copies 412 

of mutant and wild-type alleles per cell, respectively. � is a positive integer and � is a non-413 

negative integer, where � � 0 represents loss of the wild-type allele due to loss-of-414 
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heterozygosity (LOH). The normal cells are diploid and homozygous for the reference allele. The 415 

DNA VAF in the bulk tumor sample is given by: 416 

                            !"��� � �� ��� � �� � 2�� � � �� � � � 2��⁄⁄ .                              1 417 

Consider that each gene copy in tumor cells is expressed at �-fold relative to normal, regardless 418 

of the mutation status of the allele (i.e., no ASE). The mutant allele triggers NMD with decay 419 

efficiency � #  $0, 1%, where � � 0 represents a complete evasion from NMD and � � 1 420 

represents a complete decay of the transcript. The RNA VAF is: 421 

 !"��� � � · �� · �1 � �� '� · �� · �1 � �� � � · �� � 2�(⁄  

                                       � � · � · �1 � �� '� · �� � �� � � · � · � � 2�(⁄ .                          2 422 

The VAF ratio of RNA to DNA (i.e., allelic expression variation or AEV) is: 423 

            !"���  !"���⁄ �  � · �1 � �� · �� � � � 2�� '� · �� � �� � � · � · � � 2�(⁄ .      3 424 

When the VAF ratio is greater than one, solving for �, we have: 425 

� · '2� · �1 � �� � � · �( � 2�. 426 

Because � and � are positive, it follows that 2� · �1 � �� � � · � � 0. As � and � are non-427 

negative, � must stratify the following for elevated AEV: 428 

                                                     � � 2� �2� � 2� · � � � · ��⁄ � 1.                                         4 429 

In the absence of NMD (i.e., � � 0), Eq.3 becomes: 430 

 !"���  !"���⁄ �  � · �� � � � 2�� '� · �� � �� � 2�(⁄  

                                                            � � · �� � 2�� �� · � � 2��,⁄  ����� � � � � � .           5 431 
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Thus, the ratio depends on the copy number �, but not the genotype. For example, when the copy 432 

number in the tumor cells is three (i.e., � � 3�, AEV is identical in all genotypes: �: � � 1: 2,  433 

2: 1, or 3: 0. In the presence of NMD, solving Eq.4 for �, we have the following as the efficiency 434 

upper bound for elevated AEV: 435 

                                     � 
  2� �2� � ��⁄ · �� � 1� � * ⁄ �� � 1� �⁄ .                              6 436 

CNA in bulk tumor samples may be subclonal. This can be modelled by introducing a new 437 

parameter � # $1, 0%, which represents � · � of tumor cells harboring the CNA event. Somatic 438 

mutations may also be subclonal and their occurrence with CNA may be independent or be 439 

associated as seen in the case of deactivating TSG mutations with LOH. To capture any scenarios, 440 

the mutation subclonality is separately parameterized for tumor cells with and without CNA by 441 

+ #  $0, 1% and , #  $0, 1%, where the mutation is found in  � · + · � tumor cells with CNA and 442 

�1 � �� · , · � those without. Under this formulation, the subclonal DNA VAF is: 443 

                                   !"��� � '� · + · � � �1 � �� · ,( '�� � 2� · � � �1 � �� · 2(⁄ .                  7 444 

The subclonal RNA VAF is: 445 

 !"��� �446 

� · '� · + · � � �1 � �� · ,( · �1 � �� '� · � · �� � � · � · +� � � · �1 � �� · �2 � � · ,� � 2�(⁄ .      447 

AEV model for subclonal case is derived as: 448 

� · '�� � 2� · � � �1 � �� · 2( · �1 � �� '� · � · �� � � · � · +� � � · �1 � �� · �2 � � · ,� � 2�(⁄ .  449 

8 450 

The model was studied by simulation with a custom script (aev_sim.py).  451 

Indel allele count benchmarking 452 
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The Sequencing Quality Control Phase 2 (SEQC2) Consortium established a reference somatic 453 

call set from the HCC1395 breast cancer cell line and the HCC1395BL cell line, which was 454 

derived from the normal B cell of the same donor [Fang et al. 2021]. We downloaded the 455 

reference indel call set (https://ftp-456 

trace.ncbi.nlm.nih.gov/ReferenceSamples/seqc/Somatic_Mutation_WG/release/v1.2.1/). The 457 

consortium also generated whole-genome sequencing (WGS) data on a series of diluted samples 458 

by mixing � parts of DNA material from HCC1395 and + parts from HCC1395BL for �: + �459 

1: 0 �undiluted�, 3: 1, 1: 1, 1: 4, 1: 9, and 1: 19 [Zhao et al. 2021] (https://ftp-460 

trace.ncbi.nlm.nih.gov/ReferenceSamples/seqc/Somatic_Mutation_WG/data/SPP/). The true 461 

VAF of somatic mutations is unknown. Therefore, we used the dilution ratio as ground truth 462 

value. Specifically, the following equation holds for the amount of mutated DNA material 463 

between a sample at 7: � and the undiluted sample: 464 

, 8  !" 
�:� �  ' , 8 � �� � +�⁄ ( 8  !" 

	:
, ����� , �9 ��� �:�;< =>! ;�:�7�.   

With this relation, the dilution ratio ideally matches the observed VAF ratio: 465 

  !"� 
�:�  !"� 

	:
? �  � �� � +�,⁄  @:� �::< �.                 466 

 Using the serial dilution WGS dataset, we compared the variant callers used in the GDC 467 

pipeline [Zhang et al. 2021] against indelPost (v0.2.3) [Hagiwara et al. 2022] for the dilution 468 

ratio estimation. For VarScan2 (v2.3.9) [Koboldt et al. 2012], we used the pileup2indel 469 

subcommand with --min-coverage 1 --min-reads2 1 and --min-var-freq 0.0001 to increase 470 

sensitivity. Pindel (v0.2.4) [Ye et al. 2009] was used with -insert-size 400 as estimated [Zhao et 471 

al. 2021]. MuTect2 (v4.1.8.0) [Cibulskis et al. 2013] was used with the default settings. 472 

indelPost’s count_alleles() function was applied with the by_fragment option, which merges 473 
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forward and reverse reads if they are from the same fragment. At 1:0, indelPost detected all the 474 

high confidence indels (n = 1,467), while 1,445 were found by MuTect2, 1,196 by VarScan2, and 475 

1,432 by Pindel. We used the unfiltered outputs from these callers (MuTect2, VarScan2, and 476 

Pindel) to maintain their sensitivity. Compared to these tools, indelPost consistently generated 477 

the best match to the expected ratios of 3/4, 1/2, 1/5, 1/10 and 1/20 over the dilution series 478 

(Supplemental Fig. S4A and Supplemental Table S1).  479 

In RNA-seq, the VAF from the diluted samples generally does not match the dilution 480 

ratio due to gene expression differences between the tumor and normal cells. Therefore, we used 481 

an RNA-seq data for the Genome in a Bottle (GIAB) reference germline indels in the NA12878 482 

lymphoblastoid cell line [Zook et al. 2014] 483 

(https://www.ncbi.nlm.nih.gov/bioproject/PRJNA389940) to evaluate the consistency of indel 484 

VAF in RNA-seq with their genotype in DNA. We first selected expressed exonic indels covered 485 

with ≥ 1 RNA-seq reads in the autosomal chromosomes. To avoid bias from NMD, we retained 486 

indels annotated as in-frame or in untranslated regions (UTR) if there were no co-occurring 487 

nonsense SNPs, frameshifts, or variants affecting splicing in the target gene. To avoid bias from 488 

ASE, we excluded genes identified to have ASE based on a prior ASE study which included 489 

NA12878 [Chen et al. 2016]. Consequently, the indels retained for this analysis are expected to 490 

exhibit balanced bi-allelic expressions with VAFRNA values of 0.5 and 1.0 for heterozygous and 491 

homozygous genotype, respectively. The indel allele count tools were run with the same 492 

parameter settings as in the DNA benchmarking. The VAFRNA estimates by indelPost were the 493 

closest to the expected heterozygous and homozygous genotypes of NA12878, which were 494 

determined by a pedigree analysis by the GIAB consortium (Supplemental Fig. S4B and 495 

Supplemental Table S2). 496 
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Indel annotation 497 

Indels were annotated for amino acid changes by VEP (v100) [McLaren et al. 2016]. Those 498 

annotated as frameshift or in-frame insertion of a stop codon were collectively defined as 499 

truncation indels, while the other in-frame insertions/deletions were defined as in-frame indels. 500 

Bailey et al. [Bailey et al. 2018] classified genes as drivers if their mutation frequencies were 501 

significant in the entire TCGA dataset (i.e. pan-cancer drivers) or in individual TCGA tumor 502 

types (i.e. cancer-specific drivers). Using this resource, we annotated genes as drivers if the 503 

model predicted the gene to be a pan-cancer driver, or a cancer-specific driver in the sample’s 504 

tumor type. Microsatellite instability (MSI) can induce mutations in driver genes regardless of 505 

their functional consequences, leading to over-annotation of driver status. To mitigate this 506 

confounding factor, we only used cancer-specific driver genes in MSI-enriched tumor types 507 

(COAD, ESCA, STAD and UCEC). Indels were annotated as drivers if they occurred in driver 508 

genes. Bailey et al. also provides tumor suppressor/oncogene classification in two confidence 509 

levels: “tsg” or “possible tsg”, and “oncogene” or “possible oncogene”. In the current study, 510 

these levels were combined to annotate driver indels either of tumor suppressor genes or 511 

oncogenes.  512 

Allelic expression variation (AEV) analysis 513 

Empirically, AEV is estimated from allele count, a summary statistic contributed by all the 514 

parameters in the AEV equation (Eq.3 and 8). To ensure accurate VAF estimation in RNA-seq 515 

and WES, read counts for somatic indels in the TCGA dataset (DNA somatic indels in Fig. 1) 516 

were analyzed by a custom script run on CGC (cross_platform_checker.py), in which indelPost 517 

[Hagiwara et al. 2022] was used for realignment. This process also harmonizes the inconsistency 518 

in indel representations across the variant callers used by GDC or correct inaccurate allele 519 
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reports (Supplemental Fig. S12). The mutant and wild-type allele counts in tumor WES and 520 

RNA-seq were compared by Fisher’s exact test and were considered significantly different if the 521 

p-value was < 0.01 after Benjamini–Hochberg correction [Benjamini and Hochberg 1995]. The 522 

effect size threshold was set at 20%, which required VAFRNA/VAFDNA to be > 1.2 for elevated 523 

and < 0.8 for reduced AEV. 524 

 To test if the model is robust to subclonal mutations, we characterized the clonality of 525 

somatic indels based on the allele-specific copy number estimate by ASCAT (see TCGA dataset). 526 

For genomic intervals, the copy number was separately estimated as major and minor alleles, 527 

where major_copy_num ≥ minor_copy_num. The TCGA indels were annotated with the ASCAT 528 

results based on the genomic interval overlap. Assuming that CNAs detected by ASCAT were 529 

primarily clonal, the subclonal VAFDNA equation (Eq. 7) with the CNA clonality parameter i = 1 530 

becomes: 531 

  !"���  8 �� � 2��  �  + · �, ����� � � �1 � ������� ������⁄ . 

Because the number of mutant allele copies (i.e., m) is ≤ major_copy_num, the cancer cell 532 

fraction with mutation (i.e.,  j) has a lower-bound estimate: 533 

 !"���  8 �� � 2��  �;+:�_�:��_7�� ⁄ * +. 

Clonal indels are expected to have j = 1 and j < 1 would be observed for subclonal. Thus, indels 534 

were defined as clonal if the one-sided 95% confidence interval contains/exceeds one, and 535 

subclonal otherwise.  536 

Genomic intervals with minor_copy_num = 0 were regions with loss-of-heterozygosity 537 

(LOH) because one of the diploid alleles was lost and indels in these regions were potentially 538 
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coupled with LOH. For such indels, we adjusted the raw VAFDNA value with purity and copy 539 

number to ensure the loss of the wild-type allele: 540 

                                      ;�+.  !"��� �   !"���  8  �� � 2�� �⁄ � �/�.                                   9 541 

We used those with the adjusted VAFDNA  > 0.9 to analyze the impact of NMD on AEV.  542 

Nonsense-mediated decay analysis 543 

Two related studies by Lindeboom et al. [Lindeboom et al. 2016; Lindeboom et al. 2019] 544 

estimated NMD efficiency by comparing expression levels of various truncated transcripts to the 545 

wild-type transcript and proposed a NMD rule. By this rule, an mRNA transcript containing a 546 

premature termination codon (PTC) is classified as NMD evasive if the PTC position is < 150-nt 547 

downstream of the start codon (estimated NMD efficiency = 0.12), in an exon spanning > 407-nt 548 

(0.41), < 55-nt upstream of the last exon junction (0.20), or within the last exon (~ 0), otherwise 549 

the PTC is considered sensitive to NMD (0.65). In this measurement, an NMD efficiency of 0.2 550 

would result in a 10% expression reduction in a sample with a heterozygous truncating mutation 551 

in a diploid region. In our model, the NMD efficiency parameter d also simulates this expression 552 

change: a 10% reduction of the number of transcripts per cell at d = 0.2 with m = 1 and w =1. For 553 

each frameshift, we searched for the first downstream occurrence of a PTC along RefSeq 554 

isoforms [Pruitt et al. 2005] using a custom script (premature_stop_codon_locator.py) and 555 

annotated the frameshifts for the NMD features based on the PTC position.  556 

Relative expression difference surrogation 557 

The tumor versus normal expression ratio per gene copy (variable � in the AEV model) was 558 

surrogated in bulk sample under two scenarios: differential gene expression and 559 

hypertranscription. For differential expressions, we first divided the gene’s transcript per million 560 
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(TPM) in the tumor sample by its copy number as estimated by ASCAT. As autosomal 561 

chromosomes in normal cells are diploid, we halved the median TPM from tissue-matched 562 

normal expression data also taken from TCGA for technical consistency. We used the copy-563 

number adjusted ratio of TPM in tumor to normal median as an estimate for differential 564 

expression. Cancer types with < 5 normal matching RNA-seq data were excluded in this analysis. 565 

Zatzman et al. [Zatzman et al. 2022] estimated the degree of hypertranscription at sample level 566 

as a ratio of total RNA amount in tumor divided by that in normal with ploidy adjusted and we 567 

used their estimates for the TCGA dataset.  568 

Single-cell data analysis 569 

A publicly available single-cell RNA-seq (scRNA-seq) dataset was downloaded for cutaneous 570 

squamous cell carcinoma (cSCC) samples along with their matched tumor/normal-paired WES 571 

and cell type annotation with tumor cells (n = 5) (SRA accession: GSE144240) [Ji et al. 2020]. 572 

The scRNA-seq reads were mapped to GRCh38 by 10× Genomics’ Cell Ranger (v8.0.1), which 573 

also generated a unique molecular identifier (UMI) count matrix with each gene in each cell. We 574 

used inferCNV (v1.18.1) to estimate gene copy number in each tumor cell using the cell type 575 

annotations as reported by the original study. In a tumor cell barcoded by t, the copy-number 576 

adjusted expression of gene X is estimated by dividing the count of gene X’s UMIs in the cell 577 

(BCD�

) by the copy number of gene X in the cell (��


). In the original study, Ji et al. identified 578 

tumor basal, cycling, and differentiating keratinocytes and tumor-specific keratinocyte as cell 579 

types uniquely localized to the tumor lesions by a spatial transcriptomics analysis. We used the 580 

set of cell barcodes annotated for these cell types (T) to represent the tumor cell population, 581 

whereas the normal cell population was represented by the remaining set of barcodes (N). 582 
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Assuming that normal cells were diploid, the tumor/normal expression difference per copy in a 583 

given sample was estimated for gene X as: 584 

|>|
|F| 8 ∑ BCD�


 ��

⁄� � �

∑ BCD�

 2⁄� � �

, ����� |  | ��7:��9 ��� 9�H� :@ I;��:�� 9��.  

The fraction of tumor cells with CNA at gene X was calculated based on the cell-level copy 585 

number estimate at gene X : 586 

"�;�. :@ ���:� ��<<9 ���� J>! �  |'�|��

 K 2 @:� � # F(| |F|⁄ . 587 

We defined the CNA clonality by this fraction: clonal CNA if  > 0.95,  diploid if < 0.05, and 588 

subclonal CNA otherwise. After mapping the downloaded WES reads to GRCh38 by BWA (v 589 

0.7.12-r1039), MuTect2 (v4.2.6.1) was applied to the paired WES data using the default settings. 590 

Somatic mutations on autosomal chromosomes, which passed FilterMutectCalls at VAFDNA > 591 

0.05, were annotated by VEP (v100) to retain those in gene regions. Allele counts were derived 592 

from the alignment pileup of scRNA-seq reads, where the coverage was required ≥ 5 with 2 or 593 

more mutant supporting reads, to estimate a pseudo-bulk VAFRNA and to estimate AEV by 594 

dividing with the VAFDNA.   595 

To analyze CDKN2A and RB1 expression, single-cell/single-nucleus RNA-seq 596 

(sc/snRNA-seq data) and cell type annotation were obtained from the previous study 597 

[Terekhanova et al. 2023]. The methods for data normalization, feature selection, dimensionality 598 

reduction and data merging were the same as used in that study. Average gene expression 599 

visualization in the selected cell groups was performed using DotPlot function from the Seurat 600 

package (v5.1.0) [Butler et al. 2018]. 601 

Somatic indel calling from RNA-seq 602 
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De novo indel calling was carried out by running RNAIndel [Hagiwara et al. 2020] on CGC. 603 

Computing cost was a key consideration on this platform, so we refactored RNAIndel by 604 

replacing the original realignment module with the much more efficient indelPost. This 605 

refactored version ran ~ 10 times faster (median run time: 21 vs. 208 minutes/sample) and 606 

achieved an ~ 85% reduction in computing cost (median cost: 0.16 vs. 0.97 USD/sample) 607 

(Supplemental Table S6). We deployed this code (v.3.3.0) to CGC for the full analysis, and the 608 

cost ranged from 0.04 to 14.8 dollars/sample (median: 0.21). On CGC, RNAIndel (v.3.3.0) 609 

analysis on tumor RNA-seq BAM files used the default parameters except for the parallelism 610 

option which was set to 12. In the output VCF files, putative indels were classified as somatic, 611 

germline, or artifactual based on the machine-learning model implemented in RNAIndel. Those 612 

classified as somatic were extracted from the VCF file and annotated for driver status (Driver 613 

annotation).  614 

For each sample, all somatic driver indels by RNAIndel and those by the GDC pipeline 615 

were realigned on the corresponding paired WES data by indelPost imported in a custom script 616 

(cross_platform_checker.py) to harmonize the indel representation ambiguity across callers 617 

and/or platforms (Supplemental Fig. S12). Indels called by GDC were defined as DNA-only 618 

(Fig. 5A) if they did not match any of indels called from RNA after harmonization within the 619 

sample, and as Shared if they matched. Using the read count from the realignment process, we 620 

validated harmonized indels unique to RNA by testing for the presence of mutant reads in the 621 

tumor WES and their absence in normal, or for a significantly higher VAF in tumor by 622 

proportion test if mutant reads were present in normal. WES-validated RNA findings (RNA-only) 623 

were further scrutinized by tumor/normal-paired WGS dataset if available. We included the WGS 624 

data at the sample-match level to maximize the dataset size available for similar validation. For 625 
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indels not validated by WGS, we calculated the probability that a mutation present at the VAFDNA 626 

estimated in the tumor WES was not captured in the tumor WGS coverage using the binomial 627 

model: �1 �  !"������� ��������.  628 

To evaluate the sensitivity of de novo indel detection in the TCGA WES dataset at 629 

varying coverages and tumor purities, we used the somatic indel set comprised of DNA-only, 630 

Shared, and RNA-only indels (Fig. 5A). The somatic origin of RNA-only indels were validated as 631 

described above. Samples were stratified into three categories of low (0.1–0.4), medium (0.4–632 

0.7) and high (0.7–1.0) tumor purity. The sensitivity of de novo indel detection in WES was 633 

defined as the proportion of DNA-only and Shared indels out of all indels detected in each of 634 

coverage bins: 0–20×, 20–40×, 40–60×, 60–80×, 80–100×, and > 100×.   635 

Actionability annotation  636 

We focused on in-frame indels in oncogenes using the COSMIC Actionability database (v14) 637 

[Sondka et al. 2024] by querying gene name and tumor type for the fields of GENE and 638 

DISEASE in the database. If a match was found, we examined if the mutation curated in the 639 

MUTATION_REMARK field matched the input in-frame indel. If a curated mutation was not 640 

specified, we considered the in-frame indel a match. For the matched in-frame indels, we 641 

retrieved the actionability category curated in the ACTIONABILITY_RANK field: Rank1 – 642 

approved drug demonstrated efficacy at the mutation; Rank2 – phase2/3 clinical results meeting 643 

primary outcomes; Rank3 – drug in ongoing clinical trials; Rank4 – case studies only.  644 

Assessment of true ASE events 645 

We adopted a simulation-based p-value computation developed for somatic silencing of the 646 

BARD1 gene in neuroblastoma [Cupit-Link et al. 2024]. Briefly, using heterozygous single-647 
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nucleotide polymorphisms (SNP) annotated as common by dbSNP [Sherry et al. 2001], we 648 

calculated the sum of deviation from the heterozygous VAF (i.e.,0.5) in RNA-seq: 649 

L | !"��� � 0.5| � :I9��N�� �:�;< ��N�;��:7.
����

 

We simulated the total deviation by a binomial model with RNA-seq coverage at each SNP 650 

locus:  651 

L |I�7:���:N, 0.5� �:N⁄ � 0.5|,   ����� �:N �9 O>! �:N��;P�.
����

 

We counted the number of simulations deviating more than the observed value. The p-value was 652 

calculated by dividing the count by the total number of simulations (n = 1,000). 653 

 Putative ASE events were also assessed without using SNPs. In the absence of ASE, 654 

VAFRNA (Eq.2) is upper-bounded by the purity-adjusted VAFDNA (Eq. 9): 655 

lim
���

 !"��� � � '� � � �1 � ��⁄ (  *  � �� � �� � � �⁄ , ����� � � � � �⁄ .⁄  

Assuming that the mutant allele is from tumor, the count of wild-type allele from tumor is 656 

adjusted from the total wild-type allele count: 657 

 ;�+. �� ;<<�<� �7� �  ��:�;< � �:�;< · ;�+  !"���� ;�+  !"���.⁄  658 

In the actual computation, we capped adj. VAFDNA at 1.0 and the adjusted allele count was 659 

floored to integer. Similar to the AEV analysis, the mutant and adjusted wild-type allele count in 660 

WES was compared to the raw RNA-seq allele count by Fisher’s exact test with Benjamini–661 

Hochberg correction. Indels with VAFRNA > adj. VAFDNA at FDR < 0.01 were defined as ASE 662 

events.  663 

Statistical analysis  664 
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For count data, Fisher’s exact and χ2 tests were used for pairwise and three-group comparisons, 665 

respectively. To compare distributions, Mann–Whitney U and Kruskal–Wallis tests were used for 666 

pairwise and three-group comparisons. All tests were two-sided and were taken significant at p-667 

value < 0.05 unless otherwise specified. 668 
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FIGURE LEGENDS 835 

Figure 1. Study design with three main workflows. Modelling: purity, copy number, 836 
expression level per copy in tumor relative to normal, and nonsense-mediated decay efficiency 837 
were used to model the VAF ratio of RNA to DNA (i.e.,  !"���  !"���⁄ ), which is termed 838 
allelic expression variation (AEV). Theoretical and simulation studies were conducted to identify 839 
conditions for AEV > 1 (elevated AEV). Validation: DNA somatic indels identified by Genomic 840 
Data Commons’s (GDC) multi-caller platform in the TCGA dataset (purple workflow) were used 841 
to validate the model for elevated AEV (red dots). Reads supporting indels were realigned in 842 
both WES and RNA-seq to accurately calculate AEV. Application: Confounding effects leading 843 
to elevated AEV can be exploited to enhance mutation calling from RNA-seq. This was tested 844 
for somatic driver indel detection by calling from RNA-seq with WES read support to 845 
complement the TCGA indel set (Venn diagram). Indels in each Venn section were examined for 846 
AEV and purity along with potential clinical implications. Major computational analyses for 847 
Validation and Application were performed on Cancer Genomics Cloud.  848 
 849 
Figure 2. Simulation on AEV in absence of ASE. A) Illustration of elevated AEV under the 850 
scenario that gene expression in tumor is 3-fold of that in normal (e = 3) with absence of NMD 851 
(d = 0). In tumor cells, three copies of the mutant and wild-type alleles are transcribed while a 852 
single copy of the alleles is transcribed in normal cells. The VAFRNA, VAFDNA, and the ratio of 853 
VAFRNA to VAFDNA (AEV) projected from tumor purity at 1.0, 0.5 and 0.33 are presented below. 854 
B) Simulation of the AEV model for heterozygous- (blue) and homozygous (orange) mutation in 855 
a diploid region with varying degrees of tumor purity and NMD efficiencies. C) Simulated 856 
VAFDNA vs. VAFRNA under three expression difference scenarios for purity ranging from 0.1–1.0. 857 
The simulation is performed for NMD-insensitive, heterozygous mutation.  858 
 859 
 860 
Figure 3. Evaluation of the AEV model using somatic truncation indels in TCGA samples.  861 
A) Comparison of elevated AEV indels (AEV> 1.2 with FDR < 0.01) in tumor suppressor genes 862 
(TSGs) and nondriver genes. Scatter plots showing VAFDNA (x-axis) and VAFRNA (y-axis) for 863 
indels in TSGs and nondrivers with elevated AEVs highlighted in red dots. Nondriver indels 864 
were down-sampled to match the TSG indel size for visualization. B) The prevalence of elevated 865 
AEV in TSGs and nondrivers was compared by Fisher’s exact test using the full dataset, which 866 
contained 4,450 TSG and 69,840 nondriver indels, respectively (left). The involvement of LOH 867 
at indel loci was also compared by Fisher’s exact test (right). Evaluation of expression difference 868 
in tumor vs. normal on elevated AEV is shown in C) for differential expression and in D) for 869 
global upregulation in transcription activity (hypertranscription). For measuring differential 870 
expressions in C), relative expression per copy (e) was surrogated by dividing each tumor 871 
sample’s TPM with the median TPM in tissue-matched normal samples adjusted for copy 872 
number. Box plots compare the distribution of the TMP ratio for samples harboring elevated 873 
AEV indels (Elevated) vs. all indels in the corresponding gene category (Overall) with p values 874 
by Mann–Whitney U test. The expression ratio plotted in D) was based on the RNA amount ratio 875 
estimated by Zatzman et al. E) and F) present the effect of tumor purity on elevated AEV. E) 876 
Comparison of tumor purity distribution in samples harboring elevated indels (Elevated) vs. all 877 
indel-containing samples (Overall) by Mann–Whitney U test. F) Correlation of elevated AEV 878 
prevalence (y-axis) in a tumor type with the median purity of the tumor type (x-axis) by linear 879 
regression. PAAD: Pancreatic adenocarcinoma; HNSC: Head and neck squamous cell 880 

 Cold Spring Harbor Laboratory Press on July 16, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


38 
 

carcinoma; LUAD: Lung adenocarcinoma; LAML: Acute myeloid leukemia; GBM: 881 
Glioblastoma multiforme; LGG: Lower grade glioma; ACC: Adrenocortical carcinoma; UVM: 882 
Uveal Melanoma.  The effect of NMD on elevated AEV is shown in G) for comparison of NMD 883 
features by χ2 test and in H) for comparison of the prevalence of LOH by Fisher’s exact test 884 
stratified by NMD efficiency (d > 0 vs. d ≈ 0).  885 
 886 
Figure 4. Evaluation of the AEV model using somatic in-frame indels in TCGA samples. 887 
Elevated AEV prevalence, comparison of tumor purity and tumor expression ratio in elevated 888 
AEV vs. all indels are presented in A), B) and C), respectively, using the same style and 889 
statistical test as the corresponding analyses in Fig. 3A) Comparison of elevated AEV indels in 890 
oncogene and nondriver genes using down-sampled nondriver indels for a scatter plot (left) and 891 
the full data set (238 indels in oncogenes, 5,673 indels in nondrivers) for a bar plot (right). B) 892 
Comparison of tumor purity distribution in samples harboring elevated AEV indels (Elevated) vs. 893 
all indel-containing samples (Overall). C) Comparison of TPM ratio based on differential 894 
expression (left) and hypertranscription (right) between Elevated and Overall indels.  895 
 896 
Figure 5. Driver indels detected by RNA-seq and WES in TCGA samples. Driver indels are 897 
defined as in-frame mutations in oncogene or truncations in TSGs. A) Venn diagram showing 898 
driver indels detected exclusively by GDC’s WES analysis (DNA-only), by our de novo RNA-seq 899 
analysis (RNA-only), or by both approaches (Shared). B) Comparison of VAF distributions in 900 
WES (DNA) and RNA-seq (RNA) by Mann–Whitney U p value for driver indels in these three 901 
categories. Median VAF is shown by the red line. C) Comparison of prevalence of elevated AEV 902 
indels in these three categories by χ2 test. D) Tumor purity distribution for samples containing 903 
indels in the three categories. Kruskal–Wallis test was performed to assess their differences. E) 904 
Top 10 most frequently mutated TSGs contributed by varying indel discovery approaches. 905 
CDKN2A (ranked top 11th) is also shown as an example for leveraging AEV for discovery due to 906 
its > 20-fold higher expression in tumor (Supplemental Fig. S7). F) Top 10 most frequently 907 
mutated oncogenes. *:TP53 was annotated as “possible oncogene” in glioblastoma multiform 908 
(GBM) and low-grade glioma (LGG) by Bailey et al. G) Actionability of oncogenic in-frame 909 
indels based on COSMIC Actionability database. 910 
 911 
Figure 6. Single-cell model evaluation. Five cutaneous squamous cell carcinoma samples with 912 
scRNA-seq and WES were reanalyzed based on the cell-type annotation by Ji et al. In each 913 
sample, unique molecular identifier (UMI) counts per gene copy were averaged over cell 914 
populations annotated as tumor or normal. The ratio of the tumor average to normal was used as 915 
the copy-number adjusted expression difference between tumor and normal tissues (the e 916 
parameter). The clonality of CNA events was defined by a fraction of tumor cells carrying the 917 
alteration. For substitutions identified from WES, AEV and e values were plotted separately for 918 
198 cases where the background ploidy is clonal and 61 subclonal counterparts (median CNA 919 
cell fraction: 0.31). 920 
 921 
 922 
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