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Comparison of gene fusion detection
algorithms reveals frequently overlooked
driver fusions in hematologic
malignancies
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Accurate detection of driver gene fusions is essential for the diagnosis, treatment, and prognostic
prediction of hematologic malignancies. Despite increasing reliance on RNA sequencing (RNA-seq)
for fusion detection, its algorithms have not been sufficiently examined for their ability to detect
clinically relevant driver fusions. We evaluated 12 algorithms using conventional RNA-seq from 170
cell lines and targeted RNA-seq from 26 cell lines and 165 clinical samples. The true positive rate,
based on 61 and 24 driver fusion–cell line pairs for conventional and targeted RNA-seq, varied
between 0.41–1 (median 0.81) and 0–1 (median 0.85), respectively. Many algorithms failed to detect
fusions resulting from small deletions (including STIL::TAL1 and FIP1L1::PDGFRA), lowly expressed
fusions, and IGH fusions (DUX4::IGH and IGH::NSD2). Targeted RNA-seq more sensitively detected
driver fusions than conventional RNA-seq, especially lowly expressed ones. One algorithm, Arriba,
detected all driver fusions. These findings will inform algorithm selection in clinical settings.

Gene fusions arise from various types of structural variations or chromo-
somal rearrangements, including translocations, deletions, inversions, and
tandem duplications, which juxtapose two different genes. Among them,
pathogenic “driver” gene fusions are crucial for the development of various
hematologicmalignancies. Accumulating evidence suggests that driver gene
fusions, such asBCR::ABL1 andKMT2A fusions, are highly oncogenic, with
a single fusion event capable of drivingmalignancy1,2. Clinically, driver gene
fusions can be of diagnostic, prognostic, and therapeutic significance. In the
World Health Organization (WHO) classification of haematolymphoid
tumours, a variety of gene fusions are listed as defining genetic abnormal-
ities, which are essential for not only diagnosis but also subtype
classification3. Such gene fusions include PML::RARA and

RUNX1::RUNX1T1 in acute myeloid leukemia (AML), BCR::ABL1 and
ETV6::RUNX1 in B-lymphoblastic leukemia/lymphomas (B-ALL/LBL),
and PDGFRA and PDGFRB rearrangements (such as FIP1L1::PDGFRA) in
myeloid/lymphoid neoplasms with eosinophilia3. These subtype-defining
gene fusions also provide valuable information for predicting prognosis and
determining the indication for allogenic hematopoietic stem cell
transplantation4,5. More importantly, several driver gene fusions are direct
therapeutic targets, includingBCR::ABL1 and other kinase fusions (targeted
by tyrosine kinase inhibitors) and KMT2A (MLL) rearrangements (by
menin inhibitors)6–8.

Traditionally, metaphase karyotyping and/or fluorescence in situ
hybridization (FISH) have been used for detecting chromosomal

1Division of Molecular Oncology, National Cancer Center Research Institute, Tokyo, Japan. 2Division of Hematology, Department of Medicine, Keio University
School of Medicine, Tokyo, Japan. 3Division of Gastroenterology and Hepatology, Department of Internal Medicine, Keio University School of Medicine,
Tokyo, Japan. 4Diagnostic Division, Otsuka Pharmaceutical Co., Ltd., Tokyo, Japan. 5Department of Hematology, National Cancer Center Hospital, Tokyo, Japan.
6Division of Clinical Oncology and Hematology, Department of Internal Medicine, The Jikei University School of Medicine, Tokyo, Japan. 7Division of Genome
Analysis Platform Development, National Cancer Center Research Institute, Tokyo, Japan. 8Laboratory of Sequence Analysis, Human Genome Center, The
Institute of Medical Science, The University of Tokyo, Tokyo, Japan. 9Division of Health Medical Intelligence, Human
GenomeCenter, The Institute ofMedical Science, TheUniversity of Tokyo, Tokyo, Japan. 10These authors contributed
equally: Zen Tamura, Yuki Saito. e-mail: yuki.saito@keio.jp; kkataoka-tky@umin.ac.jp

npj Precision Oncology |          (2026) 10:199 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-026-01397-y&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-026-01397-y&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-026-01397-y&domain=pdf
mailto:yuki.saito@keio.jp
mailto:kkataoka-tky@umin.ac.jp
www.nature.com/npjprecisiononcology


rearrangements, while reverse transcriptase polymerase chain reaction (RT-
PCR)has been employed to identify fusion transcripts in clinical settings.As
the catalog of driver gene fusions has expanded9–12, thesemethods have been
increasingly supplemented byRNA-seq.Due to the relatively low resolution
and/or limited number of target genes of traditional methods, certain gene
fusions have remained difficult to detect. These include cryptic gene fusions
generated by small intrachromosomal deletions, such as STIL::TAL1 found
in T-ALL/LBL9,10, and promiscuous driver gene fusions11, in which driver
genes, such asKMT2A andABL1, form fusionswithmultiple partner genes.
On the other hand, conventional RNA-seq enables whole-transcriptome
analysis, allowing systematic discovery of gene fusions. Furthermore, tar-
geted RNA-seq, which enriches specific mRNA sequences of interest using
hybridization or PCR amplification, provides a more cost-effective
approach for known fusions13–15. To search for evidence of gene fusions
from RNA-seq data, numerous computer algorithms have been developed.
Most of these algorithms are alignment-based, which first align paired-end
RNA-seq reads to a reference genome or transcriptome and identify junc-
tion reads and/or discordant read pairs. The remaining algorithms are
assembly-based, which first assemble RNA-seq reads into a longer con-
tiguous transcript sequence and then map this to the genome for detecting
gene fusions (Supplementary Table 1).

Previous studies benchmarked these algorithms using many kinds of
gene fusions, demonstrating that several algorithms (such as STAR-Fusion
and Arriba) are the most accurate for fusion detection in cancer
transcriptomes16–20. However, there are many “passenger” gene fusions in
cancer. Among the gene fusions detected by RNA-seq, only 3% have been
confirmed as recurrent12,21, suggesting positive selection, consistent with a
driver role. Even in hematologic malignancies, approximately 20% are
recurrent12. The remaining gene fusions are passenger gene fusions, which
are generated as by-products of the genomic instability characteristic of
malignancies, highlighting the necessity to distinguish driver from passen-
ger gene fusions. However, the ability of algorithms to detect driver gene

fusions has not been fully assessed. Furthermore, previous assessments
reliedon conventional RNA-seq fromcell lines or synthetic data, leaving the
utility of targeted RNA-seq and the performance of these algorithms on
clinical samples unexplored.

To address these issues, we evaluated the accuracy of 12 algorithms to
detect driver gene fusions using conventional and targeted RNA-seq data.
We show that there are differences in the overall sensitivity of each algo-
rithm and demonstrate that restricting our analysis to driver gene fusions
yields different results. Particularly, we identify certain classes of driver gene
fusions missed by multiple algorithms, including intrachromosomal gene
fusions, gene fusions with low expression, and IGH rearrangements.

Results
Comparative evaluation of detection algorithms for passenger
and driver gene fusions using conventional RNA-seq data
We assessed the performance of 12 gene fusion detection algorithms,
including 9 alignment-based algorithms (Arriba22, EricScript23,
FusionCatcher24, Genomon25, InFusion26, JAFFA-direct27, Pizzly28,
STARChip29, and STAR-Fusion19) and 3 assembly-based algorithms (Tri-
nityFusion-C19, TrinityFusion-D19, and TrinityFusion-UC19) (Fig. 1). First,
we used conventional RNA-seq data of 170 cell lines from hematologic
malignancies (Supplementary Table 2). The number of uniquely mapped
reads ranged from 4,871,256 to 155,023,272 (median = 71,443,037.5)
(Supplementary Fig. 1). These cell lines encompassed a variety of hemato-
logic malignancies, including chronic myeloid leukemia (CML; n = 14),
AML (n = 37), B-ALL/LBL (n = 15), T-ALL/LBL (n = 16), diffuse large
B-cell lymphoma (DLBCL; n = 17), Burkitt lymphoma (BL; n = 10), mul-
tiple myeloma (MM; n = 30), and Hodgkin lymphoma (HL; n = 6) (Sup-
plementary Fig. 2a). In the conventional RNA-seq data, themedian number
of gene fusions per cell line detected by each algorithm varied between 2 and
3552, with Pizzly having the highest (median = 3552), followed by JAFFA-
direct (median = 1908) and EricScript (median = 925) (Fig. 2a). A total of

Fig. 1 | Overview of comparative analysis of gene
fusion detection algorithms for hematologic
malignancies. Dataset preparation steps for con-
ventional RNA-seq data of cell lines, targeted RNA-
seq data of cell lines, and targeted RNA-seq data of
clinical samples, along with the selection of driver
gene fusions in these datasets (top). Evaluation of 12
gene fusion detection algorithms using these data-
sets (bottom). Cancer Cell Line Encyclopedia
(CCLE), Cancer DependencyMap Project DepMap,
JSH Japanese Society of Hematology.
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1,245,741 gene fusion–cell line pairs were detected by at least one algorithm,
with the vast majority (91.7%) detected by only one algorithm (Fig. 2b).
Among these, 1840 (0.15%) pairs were detected by four or more algorithms
(counting only one of the TrinityFusion modes; see “Methods”).

We initially evaluated the ability of each algorithm to detect all gene
fusions (both passenger and driver fusions) by calculating the positive
predictive value (PPV) and the true positive rate (TPR; equivalent to sen-
sitivity).Given the truth set defined as gene fusion–cell line pairs detectedby
at least four different algorithms (excluding the algorithm under evalua-
tion), TrinityFusion-C, TrinityFusion-UC, and STAR-Fusion showed the
highest F1 scores (harmonic mean of PPV and TPR) (Fig. 2c; Supple-
mentary Table 3), which is almost consistent with previous reports19,20. The
PPVs of each algorithm were generally low, ranging between 0.001 (Pizzly)

and 0.55 (TrinityFusion-D). However, the PPVs increased when a stricter
cut-off value of fusion-supporting reads was adopted (Fig. 2d). These
findings suggest that most gene fusions are detected by only one algorithm
and supported by few fusion-supporting reads, raising the possibility that
many represent false positives.

Limiting analysis to driver gene fusions substantially alters the
performance of detection algorithms
Given the particular clinical importance of detecting driver gene fusions, we
next restricted our analysis to them. Among 1840 gene fusion–cell line pairs
detected by four or more algorithms, only 59 (3.2%) involved driver gene
fusions included in the list of 202 driver gene fusions (Supplementary Table
4). Among them, 58 driver gene fusion–cell line pairs in 58 cell lines were
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Fig. 2 | Assessment of 12 algorithms for detecting all gene fusions using con-
ventional RNA-seq from cell lines. a Number of detected gene fusions per cell line
(dots) for each algorithm in conventional RNA-seq data of 170 CCLE cell lines. Box
plots show medians (lines), interquartile ranges (IQRs; boxes), and ± 1.5 × IQR
(whiskers). bDistribution of the number of gene fusion–cell line pairs according to the
number of algorithms detecting them in conventional RNA-seq data of 170 CCLE cell
lines. The upper right panel shows an enlarged view of ≥ 3 algorithms. Pairs included in
at least one truth set and those classified as false positives are colored red and blue,

respectively. c PPV and TPR of 12 algorithms using conventional RNA-seq data from
170 CCLE cell lines. The truth set was defined as gene fusion–cell line pairs (including
both passenger and driver fusions) detected by ≥ 4 algorithms (excluding the algorithm
under evaluation). Different algorithms are shown in different shapes. d PPV and TPR
of 12 algorithms using conventional RNA-seq data from 170 CCLE cell lines. The truth
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are shown in different shapes.
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previously reported in the literature. The remaining pair, KMT2A::AFF1
detected in NALM19, was examined and validated by RT-PCR and Sanger
sequencing (Supplementary Fig. 2b).Weused 61driver gene fusion–cell line
pairs as a truth set, including these 59 pairs and 2 additional pairs
(DUX4::IGH in NALM6 and IGH::NSD2 in KMS34) which were detected
by only 3 algorithms but previously reported in the literature (Supple-
mentary Fig. 2c)30,31.

The 12 algorithms showed a wide range of TPRs, from 0.41
(STARChip) to 1 (Arriba), based on 61 driver fusion–cell line pairs (Fig. 3a,
b; Supplementary Table 5). Particularly, Arriba detected all driver gene
fusions and reported the highest TPR, followed by FusionCatcher (Fig. 3b).

On the other hand, InFusion and STARChip showed the lowest TPRs (less
than 0.5). In addition, three assembly-based algorithms (TrinityFusion-C,
-D, and -UC) had lower TPRs and thus considered to be less sensitive than
alignment-based tools.

The number of false positives varied between 0 and 5 (median = 0),
suggesting that restricting analysis to driver gene fusions substantially
decreases false positives (Supplementary Fig. 2d), although the possibility
that some of them represent true fusion events cannot be entirely excluded.
Reflecting this point, the PPVs of most algorithms approached 1, which is a
substantial increase compared to both our initial analysis (Fig. 2c) and a
previous study19, which assessed all gene fusions. On the other hand, Pizzly
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and JAFFA-direct, which detected the largest number of gene fusions,
reported the highest number of false positives and consequently relatively
low PPV (Figs. 2a, 3b; Supplementary Fig. 2d).

Overall, Arriba and FusionCatcher showed the highest F1 score, fol-
lowed by STAR-Fusion and JAFFA-direct (Fig. 3b), while InFusion and
STARChip showed the lowest. These observations suggest that limiting the
analysis to driver gene fusions yields substantially different performance
results compared with analyses including all gene fusions (Fig. 2c). In this
context, sensitivity (or TPR) is a more relevant metric compared to PPV
mainly because such a procedure effectively excludes false positives.
Therefore, the choice of detection algorithmshould dependonperformance
assessments limited to driver gene fusions.

Next, we evaluated the performance of detection algorithms for all
promiscuous driver gene fusions involving 11 genes which recurrently form
driver gene fusions with multiple partner genes (e.g., KMT2A::GeneX; see
“Methods”), using the conventional RNA-seq data of cell lines. Since con-
sidering promiscuous gene fusions did not yield any additional fusions that
had been previously reported or were supported by at least four algorithms,
the truth set for this analysis consisted of 37 gene fusions, all of which were
included in the list of 202 driver gene fusions. When all promiscuous false
positives (detected by a single algorithm) were considered, approximately
half of the algorithms showed lower PPVs compared to the original results,
with three algorithms (Pizzly, JAFFA-direct, andEricScript) reportingPPVs
< 0.50 (Fig. 3c), suggesting that they may falsely report promiscuous gene
fusions. On the other hand, relaxing the criteria for promiscuous false
positives had almost no impact on the remaining algorithms, including
STAR-Fusion and Genomon.

Multiple algorithms frequently overlook a specific spectrum of
driver gene fusions
The relatively low TPR in multiple algorithms is mainly due to the failed
detection of a specific spectrum of driver gene fusions (except for InFusion
and STARChip). Among the unique 20 driver gene fusions, 5 driver gene
fusions were not detected by at least six algorithms. These included
STIL::TAL1 in T-ALL/LBL cell lines (RPMI8402,MOLT16, andPF382)32–34,
FIP1L1::PDGFRA in anAML cell line (EOL1)35,KMT2A::AFF1 in a B-ALL/
LBL cell line (RS411)36, DUX4::IGH in a B-ALL/LBL cell line (NALM6)30,
and IGH::NSD2 in MM cell lines (KMS28BM, LP1, KMS26, KMS11,
KMS34, NCIH929, OPM2, and OPM1)31,37–39 (Fig. 3a).

Among them, STIL::TAL1 and FIP1L1::PDGFRA are generated by
interstitial deletions of 90 and 800 kb in length within the same chromo-
some (at 1p33 and 4q12), respectively32,40 (Fig. 4a). To assess detection
performance for gene fusions arising from small interstitial chromosomal
deletions,we generated 11 syntheticRNA-seqdata, each containing a fusion
transcript arising from an intrachromosomal deletion (<1.5Mb), which
contributes to the pathogenesis and/or is clinically actionable in solid and
hematologic malignancies3,41–47. Although three algorithms (Arriba,
FusionCatcher, and EricScript) successfully detected all 11 synthetic fusion
transcripts, many synthetic transcripts, particularly those caused by shorter
deletions, were overlookedbymultiple algorithms (Fig. 4b). For STIL::TAL1
and FIP1L1::PDGFRA, the detection status from synthetic RNA-seq data
was largely consistent with that from actual RNA-seq data.

KMT2A rearrangements define a subtype of AML, B-ALL/LBL, and
mixed-phenotype acute leukemia3. Among them, KMT2A::AFF1
(MLL::AF4) arising from t(4;11)(q21;q23) translocation is themost frequent
KMT2A fusion and typically associated with worse prognosis in pediatric
and adult B-ALL/LBL48. Among 11 KMT2A fusions including
KMT2A::AFF1 in MV411, NALM19, SEM, and RS41149,50, KMT2A::AFF1
in RS411 had the lowest expression levels for bothKMT2A (at 5′) and the 3′
partner gene as well as the fewest fusion-supporting reads (Fig. 4c). Using
synthetic RNA-seq data, we confirmed that multiple algorithms, particu-
larly assembly-basedalgorithms, failed to detectKMT2A::AFF1 expressed at
low levels (<1.0 TPM) (Fig. 4d). These data suggest that gene fusions with
low expression levels can be missed even in cell lines, where tumor purity is
generally higher than clinical samples.

DUX4::IGH, which defines a subtype of B-ALL/LBL, and IGH::NSD2,
which is associated with an adverse prognosis and found in approximately
15% ofMM51,52, were also undetected by multiple algorithms. Although the
main pathogenic mechanism of IGH translocations is the enhancer juxta-
position and subsequent aberrant expression of oncogenes without pro-
duction of fusion transcripts, both fusions recurrently generate functional
fusion transcripts (Fig. 4e, f)30,53. Among the 12 algorithms, only Arriba,
FusionCatcher, and STAR-Fusion consistently detected both DUX4::IGH
and IGH::NSD2, while JAFFA-direct, Genomon, and STARChip detected
IGH::NSD2 in some cell lines (Fig. 3a). As another DUX4 fusion, CIC::-
DUX4, is occasionally found in primitive round cell sarcoma, we analyzed
conventional RNA-seq data from three sarcoma samples harboring
CIC::DUX454. Arriba, EricScript, and STAR-Fusion detected CIC::DUX4
fusions in all three samples,while other algorithms failed todetect them(Fig.
4g). These observations suggest that IGH rearrangements are difficult to
detect by multiple algorithms, which can be exacerbated if the partner gene
is also difficult to detect.

Finally, we assessed whether parameter adjustments can improve the
detection of these difficult-to-detect driver fusions for STAR-Fusion,
JAFFA-direct, andGenomon,which showed relatively highTPRs andPPVs
but failed to detect a specific spectrum of driver gene fusions (Supple-
mentary Fig. 3). STIL::TAL1 in three cell lines was detected after adjusting
parameters related to read-through transcript filtering in STAR-Fusion and
JAFFA-direct. KMT2A::AFF1 in RS411 was detectable upon relaxation of
expression-related stringency in STAR-Fusion. Despite parameter adjust-
ments, the detection status of IGH fusions remained largely unchanged in
Genomon and JAFFA-direct.

Driver gene fusion detection using targeted RNA-seq
We next assessed the detection algorithms using targeted RNA-seq data
from 26 cell lines, which were obtained from our previous study15 (Sup-
plementaryTable 6). Thesemostly consisted of CML (n = 2), AML (n = 11),
B-ALL/LBL (n = 8), and T-ALL/LBL (n = 3) (Supplementary Fig. 4a). The
number of uniquely mapped reads ranged from 444,035 to 27,785,035
(median = 8,042,558) (Supplementary Fig. 1). The median number of gene
fusions per cell line detected by each algorithm varied between 0 and 211,
with JAFFA-direct having the highest (median = 211), followed by Pizzly
(median = 121) and FusionCatcher (median = 105) (Supplementary Fig.
4b). A total of 10,755 gene fusion–cell line pairs were detected by at least one
algorithm, with the majority (78.6%) detected by only one algorithm and
considered to be false positives (Supplementary Fig. 4c). Among these, 267
(2.5%) gene fusions were detected by four or more algorithms (counting
only one of the TrinityFusion modes; see “Methods”). When the ability to
detect all gene fusions (both passenger and driver fusions) was evaluated,
STAR-Fusion showed the highest F1 score, which is consistent with con-
ventional RNA-seq (Supplementary Fig. 4d; Supplementary Table 3).

We next focused on driver gene fusions that were included in the list of
202 driver gene fusions (Supplementary Table 4). The median number of
driver gene fusions per cell line detected by each algorithm ranged from 0 to
1 (Supplementary Fig. 4e). A total of 36 driver gene fusion–cell line pairs
were detected by at least one algorithm, of which 23 pairs were detected by
four or more algorithms (Supplementary Fig. 4f). Among them, 22 pairs
were previously reported in the literature and thus included in the truth set.
The remaining pair (ETV6::RUNX1 in FKH1) was not previously reported
and found to be negative by RT-PCR (Supplementary Fig. 4g, h); therefore,
it was not included in the truth set. In addition to the above-mentioned 22
pairs, 2 additional pairs (FIP1L1::PDGFRA in EOL1 and DUX4::IGH in
NALM6)were included in the truth set, despite being detectedby only 3 and
1 algorithms, respectively, in targeted RNA-seq, because theywere included
in the conventional RNA-seq analysis. Consequently, the truth set consisted
of 24 driver gene fusion–cell line pairs.

The TPRs of the 12 algorithms ranged between 0 and 1, based on 24
driver fusion–cell line pairs (Fig. 5a). Most algorithms had similar TPRs and
PPVs to those in conventional RNA-seq analysis (Supplementary Fig. 4i).
The number of false positives varied between 0 and 3 (median = 0)
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(Supplementary Fig. 4j). Among them, Arriba detected all driver gene
fusions and reported the highest F1 score. The two least sensitive algorithms
in conventional RNA-seq analysis (STARChip and InFusion) also had the
lowest TPRs in targeted RNA-seq. Particularly, STARChip did not
detect any driver gene fusions in the default parameter setting. Although a
small number of driver fusions could be detected with certain parameter

settings (Supplementary Fig. 5), these algorithms may not be appropriate
for analyzing targeted RNA-seq data. The frequently overlooked gene
fusions in the conventional RNA-seq analysis (FIP1L1::PDGFRA, STIL::-
TAL1, and DUX4::IGH) were also not detected by multiple algorithms
in the targeted RNA-seq analysis, although Arriba successfully detected
them (Fig. 5a).
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Targeted RNA-seq improves sensitivity to detect driver gene
fusions compared to conventional RNA-seq
After excluding InFusion and STARChip, which failed to detectmost driver
fusions in targeted RNA-seq, we next compared the results of 18 driver gene
fusions–cell line pairs for which both conventional and targeted RNA-seq
data were available (Fig. 5b). Among 180 combinations (18 driver gene
fusion–cell line pairs × 10 algorithms), 16 (8.9%) were detected only in
targeted RNA-seq, while 6 (3.3%)were detected only in conventional RNA-
seq (Fig. 5b). Notably, KMT2A::AFF1 in RS411, which had the lowest
expression among KMT2A fusions, was only detected using targeted RNA-
seq in six algorithms. In addition, assembly-based algorithms (especially
TrinityFusion-UC) detected much more driver gene fusions. Collectively,
our results suggest that targeted RNA-seq is an effective and sensitive
method for driver gene fusion detection compared to conventional RNA-
seq, particularly when analyzing gene fusions with low expression levels.

Targeted RNA-seq shows comparable performance in clinical
samples
Finally, to examine the utility of targeted RNA-seq in clinical samples, we
executed the algorithms using targeted RNA-seq data from 165 clinical
samples consisting of various types of hematologic malignancies, which

were obtained from our previous study15 (Supplementary Fig. 6a; Supple-
mentary Table 7). The number of uniquely mapped reads ranged from
751,207 to 11,737,671 (median = 7,186,721) (Supplementary Fig. 1). Across
the dataset, themedian number of gene fusions per sample detected by each
algorithm varied between 0 and 535 (Supplementary Fig. 6b). A total of
139,505 gene fusion–sample pairs were detected by at least one algorithm,
and 1617 (1.2%) were detected by four or more algorithms (Supplementary
Fig. 6c). Among them, 36 (2.2%) pairs, consisting of 23 unique gene fusions,
werepresent in the list of 202driver gene fusions.These included several rare
driver gene fusions: TRAF1::ALK, XPO1::ROS1, a novel fusion that we first
reported15, and TRIM24::FGFR1. IGH::NSD2 was undetected by multiple
algorithms, which is consistentwith the results from conventional RNA-seq
analysis of cell lines. The algorithms with high sensitivity in the analysis of
cell lines (Arriba, FusionCatcher, and STAR-Fusion) successfully detected
all driver gene fusions in clinical samples (Fig. 6).

Discussion
By evaluating 12 gene fusion detection algorithms using cell lines of
hematopoietic origin, we identified three classes of driver gene fusions that
are frequently overlooked by multiple algorithms: (1) gene fusions arising
from small intrachromosomal deletions, (2) gene fusions expressed at low

Fig. 4 | Characterization of frequently undetected driver gene fusions. aGenomic
(upper) and transcriptomic (lower) structures of STIL::TAL1 and FIP1L1::PDGFRA
gene fusions resulting from small intrachromosomal deletions. Blue and red boxes
represent exons and grey boxes represent genes. Diagonal and vertical double lines
represent intragenic and intergenic regions, respectively. Arrows indicate gene
orientation. ex exon. bDetection status of 11 driver gene fusions resulting from small
intrachromosomal deletions and BCR::ABL1 (control) by 12 algorithms in synthetic
RNA-seq data. Gene fusions and the lengths of their causative intrachromosomal
deletions are shown (left). c Gene expression levels for 5′ and 3′ partner genes of 11
KMT2A fusions (left). Gene expression levels are presented as log2(TPM+ 1). The

number of fusion-supporting reads reported by Arriba (right). TPM transcripts per
million. d Detection status of KMT2A::AFF1 fusions with varying levels of expres-
sion (0.05 ≤Target TPM ≤ 1000) in synthetic RNA-seq data. Target and actual TPM
values are shown. e, f Genomic structures (top) and resultant fusions (bottom) of
DUX4::IGH in NALM6 cell line30,63 (e) and IGH::NSD2 in NCIH929 cell line37 (f).
Each box represents an exon or a gene. Vertical double lines represent intergenic
regions. Arrows indicate gene orientation. g Detection status of CIC::DUX4 in
conventional RNA-seq data from three clinical samples known to harbor
CIC::DUX454. Sample IDs (used in the original publication) and gene fusions
are shown.
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Fig. 5 | Comparison of the ability to detect driver gene fusions between con-
ventional and targeted RNA-seq. a Detection status of 24 driver gene fusion–cell
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are shown (left).
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levels, and (3) IGH rearrangements, although parameter adjustments can
improve the detection of these difficult-to-detect fusions. These fusions can
play biologically important roles, even when expressed at low levels, as
exemplified by KMT2A::AFF1 in RS41155,56. More critically, they include
clinically relevant ones with diagnostic, therapeutic, and prognostic rele-
vance. Even large-scale genomic studies used algorithms that failed to detect
these fusions (e.g., STAR-Fusion and EricScript in the Pan-Cancer Analysis
of Whole Genomes21 and/or The Cancer Genome Atlas57). In addition,
STIL::TAL1 in RPMI8402, MOLT16, and PF382 cell lines, andDUX4::IGH
inNALM6 cell lineweremissed in the 22Q1version ofDepMap. Therefore,
choosing the appropriate algorithms is necessary for detecting frequently
overlooked driver gene fusions. This is especially relevant for DUX4::IGH,
because detecting it with conventional cytogenetic approaches (such as
FISH) is challenging due to the repetitive nature of the DUX4 locus3,58,59.
Additionally, while FISH is currently the preferred method for detecting
IGH::NSD2, RNA-seq may become clinically necessary to determine the
exact location of theNSD2 breakpoint, because of recent advances detailing
prognostic differences between their location53.

For identifying novel gene fusions and comprehensively characterizing
cancer transcriptomes in an exploratory manner, fast and accurate algo-
rithms with high TPR and PPV are suitable. Recent comparative studies

rankedArriba and STAR-Fusion as top performers based on simulated and
cell lineRNA-seqdata,whichmostly consistedofpassengergene fusions19,20.
In addition to these alignment-based algorithms, assembly-based algo-
rithms are also useful for reconstructing fusion isoforms and tumor viruses
in cancer research.

On the other hand, our results show that the relative performance of
these algorithms differed when restricting to driver gene fusions, which
constitute only approximately 3% of gene fusions detected by multiple
algorithms. As such a procedure removes the great majority of false posi-
tives, the most sensitive algorithms (such as Arriba and FusionCatcher)
showed the best performance. In addition, despite the high performance in
overall gene fusion detection, several algorithms (such as STAR-Fusion)
missed certain classes of driver gene fusions as described above. Moreover,
several algorithms tend to falsely report promiscuous gene fusions, as
reflected by decreased PPVs when promiscuous driver gene fusions were
evaluated. These results suggest that careful consideration is required when
interpreting gene fusions involving a well-known promiscuous gene and a
rare partner gene. Taken together, in the clinical setting, where detecting
known clinically relevant driver fusions is important, the performance
assessments focusing on driver gene fusions should guide the choice of
algorithms, although further improvement of the framework for bench-
marking algorithms for driver gene fusion detection is warranted.

Another important observation of our study is that targeted RNA-seq
improves the sensitivity of driver fusion detection for multiple algorithms
compared to conventional RNA-seq, especially for gene fusions expressed at
low levels. In addition, we confirm that top-performing algorithms in cell
lines (such as Arriba) can perform well in clinical samples. These findings
complement previous studies evaluating the performance of targeted RNA-
seq using a limited number of driver gene fusions in cell lines60,61.

Collectively, our study demonstrates that an assessment limited to
driver gene fusions yields clinically relevant insights which can influence the
choice of algorithms. Particularly, certain classes of frequently overlooked
gene fusions, including intrachromosomal gene fusions, gene fusions with
low expression, and IGH rearrangements, require close attention in clinical
settings.

Methods
Conventional RNA-seq
We obtained conventional RNA-seq data from 170 hematologic malig-
nancy cell lines registered inCCLE (SupplementaryTable 2). From1829 cell
lines listed in the 22Q1version ofDepMap (https://depmap.org/portal/), we
extracted 281 cell lines of hematologicmalignancies (cell lineage of “Blood”,
“Lymphocyte”, or “Plasma cell”). Among these 281 cell lines, we used all 170
cell lines for which RNA-seq data were available (Supplementary Table 2).
FASTQ files for 11 cell lines were downloaded from the Sequence Read
Archive (SRA) (Supplementary Table 8). BAM files for the other cell lines
were downloaded from the National Cancer Institute’s Genomic Data
Commons Legacy Archive62 and converted to FASTQ format using bio-
bambam’s bam2fastq (version 0.0.191). TPM-normalized gene expression
data for these cell lines were obtained from DepMap.

To assess whether the presence of multiple copies of DUX4 gene
throughout the human genome affects the performance of fusion detection,
conventional RNA-seq data of three sarcoma samples with experimentally
validated CIC::DUX4 fusion were additionally downloaded from SRA in
FASTQ format (Supplementary Table 8)54.

Targeted RNA-seq
Targeted RNA-seq data from 26 cell lines (Supplementary Table 6) and 165
clinical samples (Supplementary Table 7) were obtained from our previous
study, whichwas approved by the institutional ethics committee ofNational
Cancer Center (reference number: 2018-366) and was conducted in
accordancewith the Declaration of Helsinki15. All patients provided written
informed consent. Duplicated samples from the same patient were
removed. Tumor content was assessed based on histopathological review
(Supplementary Table 7). The custom hybridization capture-based RNA
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Fig. 6 | Detection of driver fusions using targeted RNA-seq from clinical samples.
Detection status of 36 driver gene fusion–sample pairs by 12 algorithms in targeted
RNA-seq data from clinical samples. Gene fusions, sample IDs, and their disease
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profiling assay for targeted RNA-seq has been described previously15. The
genes and junctions covered by the targeted RNA-seq assay have been
reported previously15. Briefly, the custom bait library was designed to detect
(i) entire coding sequences (CDSs) of 44 genes targeted by recurrent fusions,
(ii) CDSs and untranslated regions of 32 genes targeted by recurrent acti-
vating structural variations, (iii) immunoglobulin and T cell receptor genes,
and (iv) fused exons, their adjacent exons, and junction sequences of 134
well-known fusions15.

Detection of gene fusions by each algorithm
Twelve algorithms (Arriba22, EricScript23, FusionCatcher24, Genomon25,
InFusion26, JAFFA-direct27, Pizzly28, STARChip29, STAR-Fusion19,
TrinityFusion-C19, TrinityFusion-D19, TrinityFusion-UC19) were executed
with default or recommended parameters using GRCh38 as the reference
genome (Supplementary Tables 1 and 9), unless otherwise specified. If an
algorithm outputs a filtered and unfiltered list of gene fusions, only the
filtered list was used. As some algorithms use outdated gene names, we
cross-referenced gene names with all known alias symbols and previous
symbols registered in the HUGO Gene Nomenclature Committee at the
EuropeanBioinformatics Institute (https://www.genenames.org/). Asmany
copies of the nearly identical DUX4 open reading frame are present in the
human genome and annotated as DUX4 pseudogenes, gene fusions invol-
ving such pseudogenes are also considered asDUX4 rearrangements. Gene
names from the immunoglobulin heavy chain locus were condensed to
IGH. Fusion-supporting reads were calculated for each algorithm as in
Supplementary Table 10. If there were multiple entries of the same gene
fusion (e.g. because of different breakpoints), the entry with the largest
number of supporting reads was chosen. In principle, we assessed not only
the combination of genes but also their orientation to accurately identify a
gene fusion. Specifically, for GeneA::GeneB fusion, where GeneA is the 5′
fusion partner and GeneB is the 3′ fusion partner, we distinguished Gen-
eA::GeneB (correct orientation) fromGeneB::GeneA (opposite orientation),
except for Pizzly, which does not seem to distinguish 5′ and 3′ partners.

Definition of driver gene fusions
We manually curated a list of 202 driver gene fusions implicated in
hematologicmalignancies (Supplementary Table 4), consisting of almost all
gene fusions listed in the 5th edition of the WHO classification3 and the
Japanese Society of Hematology Guideline for Genomic Testing in Hema-
tologic Malignancies (2021 release).

Comparison of detection algorithms
For the analysis of all gene fusions in cell lines, the truth set was defined as
gene fusion–cell line pairs detected by at least four different algorithms,
excluding the algorithmunder evaluation; its size ranged from 1211 to 1823
and 113 to 267 pairs per algorithm for conventional and targeted RNA-seq
data, respectively. Within the truth set, orthogonal validation was unavail-
able except for driver gene fusion–cell line pairs. Based on this truth set, true
positives and false negatives were tabulated. False positives were defined as
gene fusionsdetectedbyonealgorithmaspreviouslydescribed19. Similar toa
previous study19, TrinityFusion contributed only one vote, regardless of the
number of modes (TrinityFusion-C, -D, and -UC) detecting a particular
gene fusion. TPR (also known as sensitivity and recall), PPV (also known as
precision), and F1 accuracymeasure (the harmonicmean of TPR and PPV)
were computedaccording to standards: TPR= truepositives / (truepositives
+ false negatives); PPV = true positives / (true positives + false positives);
and F1 = 2 × (TPR × PPV) / (TPR+ PPV).

For the analysis of driver gene fusions in cell lines, we selected gene
fusion–cell line pairswhichwere (i) detected by four ormore algorithms, (ii)
included in the list of 202 driver gene fusions, and (iii) reported in the
literature or experimentally validated by RT-PCR and Sanger sequencing.
For conventional RNA-seq analysis, we added two pairs (DUX4::IGH in
NALM6 and IGH::NSD2 in KMS34) detected by 3 algorithms but reported
in the literature30,31. For targeted RNA-seq analysis, we added two pairs
(DUX4::IGH in NALM6 and FIP1L1::PDGFRA in EOL1), included in

conventional RNA-seq analysis. In total, the truth set included 61 driver
gene fusion–cell line pairs (20 unique gene fusions) for the conventional
RNA-seq data (n = 170, of which 61 cell lines harbored driver gene fusions)
and 24 driver gene fusion–cell line pairs (17 unique gene fusions) for tar-
geted RNA-seq data (n = 26, of which 23 cell lines harbored driver gene
fusions), all of which were orthogonally validated (Supplementary Tables
2 and 6). False positives were defined as gene fusions included in the driver
gene fusion list and detected by one algorithm.

For the analysis of driver gene fusions in clinical samples, we selected
gene fusions which were (i) detected by four or more algorithms and (ii)
included in the driver gene fusion list. The truth set included 36 gene
fusion–sample pairs (23 unique gene fusions), of which 22 pairs were
validated using FISH or RT-PCR, as described previously15.

We also evaluated the effect of (i) the number of fusion-supporting
reads and (ii) inclusion of promiscuous driver gene fusions, defined as
fusions in which given driver genes form fusions with multiple partner
genes, on the accuracy of detection algorithms, using the conventional
RNA-seq data from cell lines. For the former analysis, output files generated
with default parameters were filtered according to the number of fusion-
supporting reads (Supplementary Table 10). For the latter analysis, we
focused on gene fusions involving 11 genes which recurrently form driver
gene fusions with multiple partner genes: KMT2A, ABL1, ABL2, ALK,
FGFR1, PDGFRA, PDGFRB,NTRK1,NTRK2, NTRK3, and JAK2 (as the 3′
partner gene except for KMT2A).

Finally, we evaluated how parameter adjustments influence the
detection performance of detection algorithms. Specifically, we system-
atically examined the detection of difficult-to-detect gene fusions (STIL::-
TAL1, FIP1L1::PDGFRA, KMT2A::AFF1 [in RS411], and IGH
rearrangements) by evaluating 76, 49, and 96 parameter settings for Gen-
omon, JAFFA-direct, and STAR-Fusion, respectively. In addition, we ana-
lyzed gene fusion detection using targetedRNA-seq by evaluating 71 and 94
parameter settings for STARChip and InFusion, respectively. We modified
one parameter at a time from its default setting. For parameters with binary
or a limited number of discrete values, we evaluated most available para-
meter settings. For parameters with integer or continuous values, we eval-
uated parameter settings spanning one to two orders of magnitude above
and below the default settings, whenever feasible.

Analysis using synthetic RNA-seq data
We used FusionSimulatorToolkit (https://github.com/FusionSimulator
Toolkit/FusionSimulatorToolkit) with several modifications to generate
synthetic RNA-seq data. We manually constructed each fusion transcript
(Supplementary Table 11), combined themwith a reference cDNA FASTA
file (GENCODE version 38), and executed the Trinity software package
(util/align_and_estimate_abundance.pl) with the pseudorandom seed fixed
for both Bowtie and RSEM (--bowtie_RSEM --all --best --strata -m 300
--chunkmbs 512 --seed <seed > --rsem_add_opts --seed <seed > ).We then
modified the TPM values in RSEM.isoforms.results file to adjust the
expression level of fusion transcripts to 1000 TPM unless otherwise speci-
fied. Finally, we executed the rsem-simulate-reads command with
the pseudorandom seed fixed (--seed <seed > ) to generate 30 million
paired-end reads per sample using conventional RNA-seq data from
the SUPB15 cell line as the model fastq file. The generated data were
then executed through 12 algorithms in the above-mentioned manner to
further evaluate their performance in detecting frequently overlookeddriver
gene fusions.

Cell lines
NALM19,REH, andFKH1cell lineswere obtained fromthe JCRBcell bank,
ATCC, and DSMZ, respectively. Cell lines were cultured according to the
providers’ instructions and routinely checked for mycoplasma infection.

RT-PCR and Sanger sequencing
Total RNA was extracted using RNeasy Mini kit (Qiagen), followed by
complementary DNA (cDNA) synthesis using the SuperScript IV First-
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strand synthesis system (Invitrogen) with an oligo dT primer. Then, cDNA
was amplified by PCR using Q5 Hot Start High-Fidelity DNA polymerase
(New England BioLabs). The samples were denatured at 98 °C for 30 s,
subjected to 40 cycles of amplification (98 °C for 10 s, 68 °C for 15 s, and
72 °C for 30 s), followed by a final extension step at 72 °C for 2min. PCR
productswere resolved by agarose gel electrophoresis. Subsequently, Sanger
sequencing was performed for the gel-extracted PCR products (Eurofins
Japan). PCR and sequencing primers are listed in Supplementary Table 12.

Data availability
The data that support the findings of this study were obtained either from
publicly available sources, as described in theMethods, or fromdatasets that
are not publicly available due to privacy protections but are available from
the corresponding authors upon reasonable request.

Code availability
The algorithms and computational tools used in this study are publicly
available (refer to Methods and Supplementary Tables for details).
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