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RNAmut: robust identification of somatic mutations
in acute myeloid leukemia using RNA-sequencing
Acute myeloid leukemia (AML) is an aggressive malignancy of haematopoietic stem cells driven by a welldefined set of somatic mutations.1,2 Identifying the mutations driving individual cases is important for assigning
the patient to a recognized World Health Organisation
category, establishing prognostic risk and tailoring postconsolidation therapy.3 As a result, AML research and
diagnostic laboratories apply diverse methodologies to
detect important mutations and many are introducing
next-generation sequencing (NGS) approaches to study
extended panels of genes in order to refine genomic classification and prognostic category.1 Besides the implications of these developments on costs, expertise and

reliance on commercial providers, they also do not capture gene expression data, which have independent prognostic value that cannot be inferred from somatic mutation profiles. The ability to detect AML gene mutations
as well as gene expression profiles from a single assay,
could provide a holistic tool that accelerates research,
simplifies diagnostic work-up and helps develop integrated algorithms to refine individual patient prognosis.
Here, we show that AML RNA sequencing (RNA-seq)
data can be used to reliably detect all types of clinically
important mutations and develop a bespoke fast and
easy-to-use software (RNAmut) for this purpose that can
be readily used by teams/laboratories without in-house
bioinformatic expertise.
We focused on detection of mutations in 33 genes that
are relevant to AML classification and prognosis (Table 1)

Table 1. Genes and types of mutations detected by RNAmut. For acute myeloid leukemia fusions the eight most common partners were
searched for.

Genes

Hotspots

Indel & SNV

NPM1
FLT3
IDH1
IDH2
CEBPA
TET2
DNMT3A
RUNX1
TP53
ASXL1
WT1
BCOR
SRSF2
SF3B1
U2AF1
KMT2A (MLL)
PML
RARA
MYH11
CBFB
RUNX1T1
BCR
ABL1
NUP98
NSD1
MLLT1
AFF1 (MLLT2)
MLLT3
AFDN (MLLT4)
EPS15 (MLLT5)
ELL
MLLT10
MLLT11

W288fs
D835-D839
R132
R140, R172

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

R882

Tandem
duplication
FLT3-ITD

MLL-PTD

SNV: single-nucleotide variant.

haematologica 2020; 105:e290

Gene Fusion

MLL-partners
PML-RARA
PML-RARA
MYH11-CBFB
MYH11-CBFB
RUNX1-RUNX1T1
BCR-ABL
BCR-ABL
NUP98-NSD1
NUP98-NSD1
KMT2A-MLLT1
KMT2A-AFF1
KMT2A-MLLT3
KMT2A-AFDN
KMT2A-EPS15
KMT2A-ELL
KMT2A-MLLT10
KMT2A-MLLT11
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Figure 1. Schematic depiction of the RNAmut pipeline. (A) Pipeline flowchart. (B-E) Summarized explanation of detection strategies for (C) tandem duplications,
(D) gene fusions using chimeric reads that capture the breakpoint and (E) gene fusions using chimeric paired-end reads. Detailed explanations are given in the
Online Supplementary Materials and Methods.

and designed the software pipeline to operate in three
stages: read alignment, mutation detection and an additional oncogenicity filter (Figure 1A). To ensure fast alignment of RNA-seq reads, we indexed all possible 10-mer
sequences from our target genes into a look-up table
(hash function) that maps the 10-mers to their locations
on the 33 genes (Online Supplementary Figure S1A). We
used 10-mers (instead of 9-mers or 11-mers etc.) for optimal balance between speed and memory requirements
(Online Supplementary Table S1). To align RNA-seq reads,
the sequence of each read is divided into consecutive 10mers and each 10-mer is mapped to genic locus/loci using
the pre-built look-up table. By examining all 10-mers in a
read, RNAmut computes whether the read is perfectly
aligned (Type A), aligned with mismatches (Type M) or
not aligned (Type N; Online Supplementary Figure S1B). Mtype reads are used to detect substitutions and small
indels (Figure 1B). To detect tandem duplications,
RNAmut uses the subset of N-type reads for which the 5’
end is mapped downstream of their 3’ end, and computes
the location of the duplicated region (Figure 1C). Gene
fusions are detected through two independent pieces of
evidence: first, reads spanning the breakpoint (i.e.
chimeric reads) are extracted from the N-type reads and
used to report the precise location of the breakpoint
(Figure 1D). Secondly, fusion genes can also be identified
from paired-end RNA-seq reads when each of the two
paired reads aligned to a different fusion partner (Figure
1E). All mutations covered by ≥3 unique reads are reported and these are then optionally parsed through an oncogenicity filter applying the criteria used by the largest
AML sequencing study published to date1 (Online
Supplementary Table S2), which could be especially useful
for diagnosticians. Full details of the RNAmut pipeline
are given in the Online Supplementary Materials and

Methods. To benchmark read mapping, we compared
RNAmut’s alignment with commonly used read aligners.4-6 Our alignment showed very good agreement with
panel-restricted
alignments
by
BWA
(Online
Supplementary Figure S12A-B) and Salmon (Online
Supplementary Figure S14), and global alignment by STAR
(Online Supplementary Figure S13), for all of which both
Pearson correlation and gradient were very close to 1.
To test the performance of our RNAmut, we analyzed
151 RNA-seq datasets from AML bone marrow samples
generated by the Cancer Genome Atlas (TCGA)2 and
detected 40 NPM1, 37 FLT3-ITD, 35 DNMT3A, 17 IDH2,
13 IDH1, 17 RUNX1, 17 CEBPA, 13 TP53, 13 TET2, 10
FLT3 TKD, 7 MLL-PTD, 11 WT1, 3 ASXL1, 1 BCOR, 12
SRSF2, 3 SF3B1 and 7 U2AF1 mutations, along with 15
PML-RARA, 10 MYH11-CBFB, 7 RUNX1-RUNX1T1, 3
BCR-ABL1, 3 NUP98-NSD1 fusions and 8 MLL (KMT2A)
fusions with various partners (Online Supplementary Figure
S4A and Online Supplementary Materials and Methods).
Notably RNAmut accurately detects the lengths and positions of duplicated regions of FLT3-ITD (Online
Supplementary Materials and Methods and Online
Supplementary Figure S8A-B) while also reporting the
number of mutated and WT reads and allelic frequencies
(Online Supplementary Figure S8C). To assess the accuracy
of our software, we compared our results with the mutations detected in these samples by Ley et al.2 Our software detected 289 of the 291 reported mutations (Figure
2). The two cases that we failed to detect were an IDH1
R132C in TCGA-AB-2984 and an MLL-PTD exon2-8 in
TCGA-AB-2977. IDH1 R132C was missed due to the
gene’s low expression in this sample: only five good quality reads covered R132 of which only one was mutated
and thus does not meet the minimum of three mutant
reads required by RNAmut (Online Supplementary Figure
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Figure 2. Assessment of our software’s accuracy against previously published annotations. Results of testing RNAmut against the 151 RNA-seq datasets from
the acute myeloid leukemia (AML) cohort of TCGA. Mutations detected by both our software and Ley et al. 2013 are depicted in yellow, additional mutations
detected only by our software in purple and the two mutations missed by our software but detected by Ley et al. 2013 in green. Mutations in SRSF2 (not called
by Ley et al.) are omitted from the plot and are shown in the Online Supplementary Appendix (Excel File). The three samples with no mutations detected are not
shown. Details of the specific mutations in individual samples are provided in the Online Supplementary Figures.

S18). To examine the missed MLL-PTD, we constructed
the nucleotide sequence of the reported exon2-8 junction
and found no RNA-seq reads reporting such a junction,
indicating this may have been an annotation error.
Moreover, our software identified 29 samples with mutations that were not reported by Ley et al. (Figure 2). For
all these samples, we found evidence at the level of RNA
and, where available, also DNA (eight samples with
whole exome sequencing data) to show that they are
indeed true positives (Online Supplementary Figure S19-20,
and Online Supplementary Table S4). To further demonstrate the robustness of RNAmut, we tested its performance on the RNA-seq data from two other sources: i) a
set of 164 myelodysplastic syndrome (MDS) patients7,8
and ii) 437 AML patients studied by the Leucegene consortium,9-12 both derived from bone marrow samples. For
the MDS samples, RNAmut detected all panel-gene
mutations identified through targeted DNA sequencing
by the authors (Online Supplementary Figure S5), as well as
34 mutations that were not (Online Supplementary Figure
S7). For Leucegene where mutation data are not available
on a per sample basis, RNAmut detected similar landscapes of mutations overall (Online Supplementary Figure
S4B and S6) including all 27 instances of an NPM1 mutation reported in one of the consortium’s publications.11
To validate our method, we first checked and confirmed that all exon sequences of the 33 panel genes are
unique in the transcriptome, ruling out the possibility
that RNA fragments from non-panel genes are mistakenly aligned to the panel (Online Supplementary Figures S911). To benchmark mutation calling, we compared
RNAmut with commonly used mutation callers. Our
variant allele frequency (VAF) calculation agreed very
closely with Samtools13 for substitutions (Online
Supplementary Figure S15A) and with Varscan14 for both
substitutions (Online Supplementary Figure S15B) and

indels (Online Supplementary Figure S15C). Furthermore,
RNAmut detected all gene fusions identified by Fuseq15
and displayed better sensitivity for detection of MLL
fusions (Online Supplementary Table S3). Finally, we also
compared the VAF detected in RNA-seq with the ones
detected in whole exome DNA sequencing data and
observed a good correlation for most substitutions
(Online Supplementary Figure S16). Nonsense mutations in
DNMT3A (n=3) and TP53 (n=1) had lower RNA than
DNA VAF, possibly due to nonsense-mediated decay
(NMD). Nevertheless, a scan of all gain-of-stop codon
mutations showed that transcripts potentially subjected
to NMD were within detectable levels in AML RNA-seq
datasets (Online Supplementary Figure S17).
Whilst somatic mutation detection from RNA-seq data
is not a novel concept,16 existing software packages are
designed for whole-transcriptome detection, which
requires significantly larger memory and long computation time.17 Also, the lack of integrated pipelines demands
intensive scripting and manual adjustment of parameters.
Moreover, most existing packages are restricted to the
UNIX system, which excludes the Windows user base
and with it, most laboratories without in-house bioinformatic expertise. In this study, we present RNAmut, a fast,
memory efficient and platform-independent software,
which can run on personal computers including laptops
and takes less than 30 minutes to detect all types of
mutations affecting the selected 33 AML genes, from a
typical RNA-seq dataset of 100 million paired-end reads
(Online Supplementary Table S1). RNAmut can be easily
extended to other malignancies by adding or removing
genes from its gene index. In addition, it has the option
to operate through a graphical user interface, making it
accessible to users without any programming knowledge
and is freely available in GitHub as a Java application.
(https://github.com/muxingu/rnamut). Users of RNAmut
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should be aware of its limitations such as the fact that it
is not designed to detect copy number variations or
indels longer than 30 bp other than FLT3-ITD or
MLL-PTD, and as it relies on transcribed RNA it cannot
identify intronic or intergenic single-nucleotide variants
(SNV). Furthermore, users of customized gene panels will
need to ensure that their genes of interest are expressed
sufficiently for RNAmut to detect any mutation, which is
a general limitation of all RNA-seq based mutation
callers.
The current molecular diagnosis of AML relies on multidisciplinary workflows including cytogenetic, molecular
and NGS tests in order to detect different types of mutations. In this study, we demonstrate that all diagnostically important somatic mutations in AML can be reliably
detected from RNA-seq within one single workflow. Our
bespoke software, RNAmut, greatly reduces the difficulty
and time required to analyse NGS data with results that
match or even out-perform current methods. As our
approach can be readily combined with information such
as gene expression and splicing from the same RNA-seq
dataset, it can be used to generate integrated algorithms
that enhance prognostication and patient treatment.
Furthermore, as RNA sequencing is a relatively straightforward procedure, our approach can readily be taken up
by the AML research community and also by clinical laboratories, for whom it can significantly reduce experimental costs and accelerate AML genomic diagnosis and
classification.
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