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Abstract
Acute leukemia of ambiguous lineage (ALAL) is a rare, poor‐prognosis acute leukemia subtype that cannot be assigned to a single

hematopoietic lineage. Although ALAL patients are typically treated with acute myeloid leukemia (AML) or acute lymphoblastic

leukemia (ALL) regimens, optimal treatment choice is hindered by their lineage ambiguity. Therefore, we investigated the added

value of transcriptomics for improving lineage assignment, currently based mainly on surface markers. First, we used an in‐house
pipeline to detect genetic lesions in RNA sequencing data (n = 30) with a sensitivity > 90% for small variants. Second, we

compared ALAL gene expression profiles (GEPs) with representative AML (n = 145), B‐ALL (n = 223), and T‐ALL (n = 85) cases. In

a principal component analysis (PCA), ALALs did not form a clear separate group, as most clustered with AML, B‐ALL, or T‐ALL.
Accordingly, a machine learning classifier trained with GEPs of acute leukemias segregated 27/30 ALALs into myeloid‐, B‐, or
T‐lymphoid. These 27 cases harbored genetic abnormalities consistent with the classifier‐assigned leukemia. Furthermore,

deconvolution of ALAL GEPs revealed enrichment for signatures of normal hematopoietic cells corresponding to the leukemic

type predicted by our algorithm. The classifier was also applied on an external ALAL cohort (n = 24), assigning 75% of the patients

to a lineage matching their immunophenotypic and methylation profiles. In conclusion, integrative analysis of RNA sequencing

data can accurately classify most ALAL cases as lineage‐defined, while others show true transcriptional and epigenetic ambiguity

driven by lesions like BCL11B. The pipeline and classifier developed here are valuable tools to improve ALAL diagnosis and guide

therapeutic decisions.

INTRODUCTION

The delineation between acute myeloid leukemia (AML) and acute
lymphoblastic leukemia (ALL) can generally be established by mor-
phological, immunophenotypic, cytogenetic, and molecular analyses.

This classification is an important factor in determining the correct
treatment regimen administered to the patient. However, 2%–3% of
cases cannot be unequivocally assigned to any of these categories,
since they express cell surface markers associated with multiple he-
matopoietic lineages.1,2
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In 1991, Catovsky et al. designated these disorders as bipheno-
typic acute leukemias (BALs) and categorized them with an
immunophenotype‐based scoring system,3 later refined by the
European Group for the Immunological Classification of Leukemias
(EGIL)4 (Supporting Information S1: Figure 1). BALs show
promiscuous expression of surface markers on the same blast, as
opposed to bilineal acute leukemias, in which two separate popula-
tions of blasts from distinct lineages coexist.1 In 2008, the World
Health Organization (WHO) classification merged these two entities
into mixed phenotype acute leukemias (MPALs), which are part of a
broader category of acute leukemias of ambiguous lineage (ALALs)
that also includes acute undifferentiated leukemias (AULs).5

Since the EGIL algorithm involved too many markers, some of
which were not strictly lineage‐specific, the WHO classification
switched to a simpler scheme. Furthermore, it excluded cases har-
boring genetic aberrations associated with other acute leukemias,
while recognizing subtypes defined by KMT2A rearrangements
(present in 10%–15% of children6,7 and 2%–5% of adults8–10) or
BCR::ABL1 (1%–3% of children6,11 and 10%–30% of adults8,10).
Following the discovery that ALALs with ZNF3846 or BCL11B re-
arrangements11,12 are transcriptionally distinct entities, these sub-
types were added to the 2022 revision of the WHO classification.13

These aberrations are frequent in children with ALAL (10%–13%6,11

and 17%,11 respectively), but less so in adults (4% for ZNF3848,14 and
7% for BCL11B8), although precise estimates of their prevalence are
limited by the scarcity of data. While the WHO classification and,
more recently, the International Consensus Classification (ICC)15

remain the gold standard in the field, their reliance on such a narrow
set of immunophenotypic markers might be too restrictive for accu-
rate differential diagnosis of ALAL.

Although certain genetic aberrations are overrepresented in
ALAL, they can also be found in lineage‐defined leukemias, as is the
case for ZNF384 rearrangements16 and BCR::ABL117 in B‐ALL, or
BCL11B rearrangements in AML and T‐ALL.11 On the other hand,
there are ALAL cases without these aberrations, indicating that other
factors mediate in the development of the disease. For example, a
study reported that a subtype of myeloid/lymphoid biphenotypic
leukemias showed a shared epigenetic state, possibly reflecting their
cell of origin, but no common ALAL‐defining mutation was de-
tected.18 Existing evidence suggests that the lineage ambiguity
characteristic is due to inherent developmental plasticity retained by
the tumor cells, and for many cases, arises from the acquisition of
specific genomic drivers in hematopoietic stem or progenitor cells.6

However, a comprehensive understanding of the determinants of
lineage ambiguity and aberrant epigenetic state is lacking.

Two possible explanatory hypotheses were initially put for-
ward.19 Ernest McCulloch proposed that their mixed phenotype could
be the result of “lineage infidelity,” whereby reprogramming of
committed hematopoietic cells leads to the misexpression of cross‐
lineage markers.20 In this scenario, it would be expected that the
leukemic cells remain epigenetically and transcriptionally similar to
their lineage of origin. Alternatively, Mel Greaves et al. theorized that
“lineage promiscuity” arises from the multilineage potential of the cell
origin, preserved upon transformation rather than acquired as a
consequence of it.21 The latter is consistent with the observations
that early progenitors display multilineage gene expression before
commitment to a single fate.22 Nevertheless, more recent studies
informed by genomics data have shown that genetic lesions, such as
BCL11B or ZNF384 rearrangements, may promote such lineage pro-
miscuity when overexpressed in early hematopoietic progenitors.6,11

Despite significant progress in the understanding of ALAL
biology,6,11,14 optimal treatment remains challenging. As a result, the
overall survival (OS) of ALAL patients is poor and comparable to

patients with high‐risk ALL or AML.23 Most retrospective analyses
suggest better outcome after ALL‐like therapy compared to AML‐
like therapy, whereas combined AML‐/ALL‐therapy does not show
clear benefits over ALL‐like therapy alone.9,19,24–26 Nevertheless,
there is no consensus yet regarding the optimal therapeutic strategy
to tackle ALAL. It stands to reason that a personalized treatment
tailored to the biological features of each patient would lead to
better outcomes.

Here, we investigated whether integrated mutational and tran-
scriptional analyses of RNA sequencing (RNA‐seq) data can improve
lineage assignment in ALAL compared to conventional molecular
genetic analyses. To this end, we profiled a cohort of 30 ALAL cases,
including both bilineal and biphenotypic leukemias.

METHODS

An extended description of the methods is provided in Supporting
Information S1: Supplemental Data.

Patients

Thirty adult ALAL patients classified as either BAL (EGIL,4 n = 28) or
MPAL (WHO 2022,27 n = 21), treated between 2000 and 2025 at the
Erasmus University Medical Center (EMC) or the Amsterdam Uni-
versity Medical Center and with available diagnostic material, were
retrospectively selected. AUL patients were not included in any of the
clinical trials linked to this study and therefore were not available.
The study was approved by the ethics committee of the EMC
(MEC‐2015‐155) and was conducted in accordance with the
Declaration of Helsinki.

RNA sequencing

Bone marrow or peripheral blood samples were collected to perform
molecular analyses. Mononuclear cells were separated using Ficoll
density gradient centrifugation, ensuring a purified cell population.
RNA‐seq was performed on all 30 studied ALAL cases. RNA was
isolated using the AllPrep DNA/RNA mini kit (Qiagen, #80204). RNA
was converted into cDNA using the SuperScript II Reverse Tran-
scriptase (Thermo Fischer Scientific) according to standard proce-
dures. Sample libraries were prepped using 500 ng of input RNA
according to the KAPA RNA HyperPrep Kit with RiboErase (HMR)
(Roche) using Unique Dual Index adapters (Integrated DNA Tech-
nologies, Inc.). Amplified sample libraries were paired‐end sequenced
(2 × 101 bp) on the NovaSeq 6000 (Illumina).

Identification of genetic lesions in RNA‐seq data

RNA‐seq data were aligned to the GRCh38 human reference genome
using STAR (2.7.0f)28 and processed with an in‐house pipeline par-
tially based on the GATK best practices, aimed at correcting possible
sources of artifacts.29 Point mutations were called with Haplotype-
Caller and Mutect2 from the GATK suite (v4.0.0),30 and inserts/de-
letions with Pindel (v0.2.5b9).31 Fusion genes were detected using
FusionCatcher (v1.3),32 STAR‐Fusion (v1.10),33 and Arriba (v2.2.21),34

and copy number alterations (CNAs) were detected using SuperFreq
(v1.3.2).35 Other structural variants, such as large deletions, were
identified by an in‐house algorithm that extracts anomalous splicing
junctions absent in the Ensembl database (v104).36 All genetic lesions
were manually inspected and validated using the Integrative Genomics
Viewer (IGV).37
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Predictive signature based on gene expression profiles

To refine the lineage assignment of ALAL, we generated a machine
learning classifier that can discriminate between acute leukemias
based on gene expression profiles (GEPs) of AML (n = 145), T‐ALL
(n = 85), and B‐ALL (n = 223). First, we log‐transformed the TPM
values produced by Salmon with a pseudo‐count of 1 and selected
the 8000 most variable genes. Then, we trained predictive models on
the GEPs of lineage‐restricted acute leukemias using six machine
learning algorithms: multinomial logistic regression with lasso reg-
ularization (MLR), random forests (RF), gradient boosting machines
(GBM), support vector machine with a radial kernel (SVM), k‐nearest
neighbors (KNN), and linear discriminant analysis (LDA). To optimize
the hyperparameters and estimate the generalization performance of
each model, we used nested cross‐validation with 5 inner folds and
10 outer folds, implemented in the R packages nestedcv (0.7.10) and
caret (7.0.1). The models were further validated on external data from
the Munich Leukemia Laboratory (MLL). Standard performance me-
trics were computed using the yardstick (1.3.2) package.

Upon selection of the best machine learning algorithm (i.e., MLR),
we performed a second round of nested cross‐validation, with 10
inner and 10 outer folds, to tune the lambda hyperparameter. The
final model, called “Expression‐driven Classification of Acute Leuke-
mias” (E‐CAL), was then applied to the ALAL GEPs, yielding a matrix
of probabilities corresponding to each leukemic class for each patient
sample. Based on these predictions, a single leukemic lineage was
assigned if it had a probability at least 0.25 greater than either of the
other two lineages. Otherwise, the two leukemic lineages with the
highest probabilities were assigned, provided that they were within a
0.25 probability range from each other. If none of these conditions
were met, the leukemia was considered trilineage. Finally, to identify
which genes were used in the prediction of each leukemia class, we
extracted the nonzero coefficients from the model.

Bioinformatics and statistical analyses

Statistical tests were conducted with R version 4.3.2 unless otherwise
specified. Most plots were generated using the ggplot2 R package,
whereas heatmaps were created using ComplexHeatmap.

RESULTS

ALAL patients show poor clinical outcome

We selected 30 adult leukemia patients classified as BAL (n = 28) and/or
MPAL (n =21) according to the EGIL4 and WHO 202227 criteria, re-
spectively (Table 1, Supporting Information S2: Table 3). The latter were
further subcategorized into 15 B/myeloid (B/M) cases, 5 T/myeloid
(T/M), and 1 B/T‐lymphoid (B/T) based on their immunophenotype.
No AUL cases were available in the clinical trials linked to this study.
The two classification systems overlapped in 18/30 patients, with the
remaining cases being classified as either ALL or AML in one system.
Unless otherwise specified, in this study, we collectively refer to all cases
as ALAL regardless of which set of criteria they met.

In addition to lineage‐defining markers, 95% of ALAL cases were
positive for the CD34 surface antigen (Supporting Information S2:
Table 4). Results of cytogenetic analysis were available for 21 of the
30 cases, revealing that 90% of them showed an aberrant karyotype
(Supporting Information S2: Table 5). The median age of the included
patients was 55 years (range 21–75 years, Supporting Information S2:
Table 3). Although complete remission (CR) was reached in 70% of
cases (Supporting Information S2: Table 3), survival for the total ALAL

group of 30 patients was poor, with a 2‐year relapse‐free survival
(RFS) of 19% (95% CI: 7%–36%) (Figure 1A) and a 2‐year OS of
38% (95% CI: 20%–56%) (Figure 1B). The median OS was
11.6 months (95% CI: 5.8–30.9). Five years after diagnosis, RFS and
OS were 15% (95% CI: 5%–32%) and 23% (95% CI:9%–40%),
respectively, comparable to high‐risk AML and ALL.38,39

Fourteen patients received ALL‐type therapy, including four who
were treated in combination with a tyrosine kinase inhibitor (TKI).
Another 14 patients received AML‐type therapy, two of whom were
switched to ALL‐type therapy after the first induction due to
refractory disease. Two patients did not undergo active treatment
(Supporting Information S2: Table 3).

Both ALL‐ and AML‐type therapies were administered in accordance
with the applicable intensive treatment protocols established by the
Dutch–Belgian Cooperative Trial Group for Hematology–Oncology
(HOVON), which included HOVON37, HOVON70, HOVON71, and

TABLE 1 Patient characteristics.

Parameters N (%)

Total no. of patients 30

Median follow‐up, months (IQR) 71 (65–79)

Age, years

Median (range) 55 (21–75)

EGIL classification

MPAL 28 (93)

ALL 2 (7)

AML 0

WHO classification

MPAL 21 (70)

ALL 3 (10)

AML 6 (20)

Cytogenetic subtype

BCR::ABL1 6 (20)

KMT2A‐rearranged 3 (10)

WBC count at diagnosis

<30 16 (53)

30–100 9 (30)

≥100 4(13)

Unknown 1 (3)

Year of diagnosis

Median (range) 2006 (2000–2025)

Treatment type

ALL 10 (33)

ALL + TKI 4 (13)

AML 12 (40)

AML→ALL 2 (7)

No treatment 2 (7)

Allogeneic SCT 10 (33)

Abbreviations: ALL, acute lymphoblastic leukemia; AML, acute myeloid leukemia;
EGIL, European Group for the Immunological Classification of Leukemias;
IQR, interquartile range; MPAL, mixed phenotype acute leukemia; SCT, stem cell
transplantation; TKI, tyrosine kinase inhibitor; WBC, white blood cell; WHO, World
Health Organization.
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HOVON100 for ALL and HOVON42, HOVON42A, HOVON43, and
HOVON81 for AML (https://hovon.nl/en). Allogeneic stem cell
transplantation was performed in 10 of the 30 patients (Supporting
Information S2: Table 3), including all those who achieved long‐term
survival.

RNA‐seq is suitable for detecting somatic mutations
in ALAL

To characterize the mutational landscape of our cohort of adult
ALALs, we implemented a computational pipeline comprising in‐
house and publicly available tools to identify genetic lesions from
RNA‐seq (n = 30) data. We validated and expanded the results of this
analysis with a battery of standard diagnostics techniques, including
karyotyping (n = 21), multiplex ligation‐dependent probe amplification
(MLPA, n = 24), and targeted DNA sequencing (DNA‐seq, n = 19)
(Figure 2A,B, Supporting Information S2: Table 6). It is noteworthy
that the depth of coverage of the RNA‐seq was sufficient for sensi-
tive detection of variants in the vast majority of cases, with the
exception of a few lineage‐specific genes.

The RNA‐seq pipeline correctly called 98% of single‐nucleotide
variants (SNVs) and insertions/deletions (indels) detected by
DNA‐seq with a variant allele frequency (VAF) greater than 5%
(Supporting Information S2: Table 7). Moreover, 100% of the fusion
genes identified by cytogenetics and 67% of the large copy number
alterations (CNAs) were detected by RNA‐seq (Figure 2B,C,
Supporting Information S2: Table 8). On the other hand, the analysis
revealed several genetic events missed by cytogenetics, chiefly
copy number neutral losses of heterozygosity (CNN‐LOHs),
sub‐chromosomal aberrations, and fusion genes.

Since G‐banded karyotyping is prone to error, we generated single
nucleotide polymorphism (SNP) array data for four ALAL patients with
discrepancies between cytogenetics and RNA‐seq. In three out of four,
the copy number profiles inferred from RNA‐seq were fully concordant
with those derived from the SNP array (Supporting Information S1:
Figure 2A–D), yielding a 100% recall for clonal CNAs (76% if including

subclonal events). Disagreements with cytogenetics were favorably
resolved to RNA‐seq. For example, patient #22679 was reported to
have a del(3p14) and a −7 by karyotyping, whereas both RNA‐seq and
SNP array identified CNN‐LOH in 3p and a deletion restricted to 7p. In
the remaining case (#24139), RNA‐seq showed genome‐wide chro-
mosomal losses, as opposed to the high hyperdiploidy detected by
cytogenetics (Supporting Information S1: Figure 2D). Considering that
this patient was classified as B/M MPAL and harbored a homozygous
TP53 mutation, which is associated with hypodiploidy in B‐ALL,40,41

we surmised that the patient had undergone a duplication of an
aneuploid genome, resulting in “masked hypodiploidy” that would
explain the high chromosomal count.42,43 Besides, the pattern of
chromosomal losses was consistent with previous studies.40 Taking this
into account when interpreting this copy number profile, RNA‐seq and
SNP array showed a 78% concordance for this complex case.

To detect gene‐level CNAs, we integrated the results of Super-
Freq, based on depth of coverage and B‐allele frequency, with those
of an in‐house tool that exploits anomalous splice junctions to find
structural variants. This combined approach found 56% of the focal
CNAs reported by MLPA. Events that exclusively affected an entire
gene, too small to reliably call with SuperFreq, yet too large to affect
splice junctions, were often missed. Finally, T‐cell receptor (TCR) and
immunoglobulin (Ig) rearrangements inferred from RNA‐seq were
consistent with the results from polymerase chain reaction (PCR)‐
heteroduplex assays in 59% of the cases (Figure 2B, Supporting
Information S2: Table 3).

Overall, our pipeline achieved good accuracy across a wide range
of genetic abnormalities, suggesting that RNA‐seq can serve as a
comprehensive diagnostic tool for ALAL, potentially replacing other
molecular biology techniques currently in use.

ALAL has a heterogeneous mutational landscape

The ALAL patients had a median of four genetic lesions per patient
(range: 2–8), excluding gross chromosomal aberrations (Figure 2B,
Supporting Information S2: Table 6). Their mutational landscape was

(A) (B)

F IGURE 1 Acute leukemia of ambiguous lineage (ALAL) patients exhibit a poor clinical outcome. Kaplan–Meier plots of (A) relapse‐free survival and (B) overall

survival in ALAL patients with a maximum follow‐up of 8 years.
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(A) (C)

(B)

(D)

(E)

F IGURE 2 (See caption on next page).
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highly heterogeneous, but recurrent lesions were found in signaling
pathways (86% of cases), transcription factors (77%), epigenetic
modifiers (57%), and cell cycle regulators (53%). The most frequently
mutated genes were IKZF1 (33%), CDKN2A (27%), RUNX1 (23%), and
DNMT3A (23%).

In keeping with their phenotypic ambiguity, several ALAL pa-
tients harbored combinations of mutations strongly associated with
different lineage‐defined leukemias (Supporting Information S1:
Figure 3A, Supporting Information S2: Tables 9 and 10), such as TET2
and NOTCH1 in #23140 or DNMT3A and IKZF1 in #23141. However,
as previously reported,14,44 T/M MPAL and B/M MPAL cases were
enriched for mutations associated with T‐lymphoid and B‐lymphoid
malignancies, respectively (Figure 2D). Despite clear differences in
the distribution of lineage‐specific mutations in each subgroup, the
small sample sizes limited the power of the analysis to detect sig-
nificant associations. Thus, we extended it with published data,8,14,45

which largely confirmed our previous findings (Supporting Informa-
tion S1: Figure 3B). When grouped by pathway, B/M cases had a
higher proportion of mutations involving transcription factors and cell
cycle regulators, whereas splicing‐ and epigenetic‐related genes were
more often targeted in T/M (Figure 2E).

Transcriptional profiling guides the classification of
adult ALAL

According to the current guidelines, ALAL classification is based on a
limited series of immunophenotypic markers, which may fail to cap-
ture the true identity of the leukemic cell. Transcriptional profiling
provides a better picture of cellular function than their im-
munophenotype, enabling a more accurate determination of the cell
of arrest. Thus, in order to refine lineage assignment, we compared
the GEPs of ALAL patients (n = 30) with those of AML (n = 145), B‐ALL
(n = 223), and T‐ALL (n = 85). In a PCA, ALALs did not appear as a clear
separate group, in line with previous publications showing that they
are often not a distinct clinical entity at the transcriptional level6

(Figure 3A). Instead, the majority of cases clearly clustered with one
of the lineage‐restricted leukemias, pointing to a well‐defined cellular
identity despite the misexpression of cell surface markers. It is no-
teworthy that early T‐cell precursor (ETP)‐ALL cases mainly clustered
with other T‐ALLs, with one exception that clustered among AML
cases in the PCA (Supporting Information S1: Figure 3C).

Thus, we surmised that transcriptional profiles could be used to
further refine the classification of most ALAL cases into AML,
B‐ALL, or T‐ALL. To this end, we trained predictive models on the

GEPs of lineage‐restricted acute leukemias using six different ma-
chine learning algorithms, namely, MLR, RF, GBM, SVM, KNN, and
LDA. All methods showed excellent performance in the 10 outer
folds of nested cross‐validation (Supporting Information S1:
Figure 4A,B, Supporting Information S2: Table 11), with RF and KNN
slightly below the others. However, evaluation of these models on
an external data set from the Munich Leukemia Laboratory revealed
that MLR was ahead of the rest in all performance metrics, with RF a
close second (Supporting Information S1: Figure 4C,D, Supporting
Information S2: Table 11).

Therefore, we selected the MLR model, which achieved nearly
perfect performance in nested cross‐validation (100% precision and
recall) and maintained good generalizability on the external data
(97.5% recall and 93.7% precision). We henceforth refer to this model
as Expression‐driven Classification of Acute Leukemias (E‐CAL)
(Figure 3B). Hierarchical clustering, PCA, and Uniform Manifold Ap-
proximation and Projection (UMAP) confirmed that clustering of
lineage‐defined leukemias and ALALs was largely preserved when using
only the 41 genes selected by the lasso regularization (Figure 3C,
Supporting Information S1: Figure 5A,B, and Supporting Information S2:
Table 12). Unsurprisingly, the coefficients predictive of each class in our
E‐CAL model were enriched for gene sets associated with the corre-
sponding lineage (Supporting Information S1: Figure 5C).

When applied to the ALAL GEPs, the model segregated 27/30
cases into myeloid (ALAL‐M), B‐lymphoid (ALAL‐B), or T‐lymphoid
(ALAL‐T) leukemias (Figure 2B, Supporting Information S2: Table 13).
The remaining three patients received scores compatible with several
possible lineages and were therefore labeled as “multilineage.” Re-
markably, patients assigned to a lineage‐defined leukemia harbored
genetic abnormalities known to be associated with that disease, such
as DNMT3A and NPM1 in ALAL‐M, IKZF1 in ALAL‐B or NOTCH1, and
PHF6 in ALAL‐T (Figure 2B, Supporting Information S2: Table 6).
When grouped by pathways, ALAL‐M cases were enriched for mu-
tations in epigenetic modulators and transcription factors, whereas
cell cycle lesions were more common in ALAL‐T and signaling mu-
tations in both ALAL‐T and ALAL‐B (Figure 3D, Supporting Informa-
tion S1: Figure 5D). Furthermore, Ig/TCR rearrangements were
detected (by either PCR or RNA‐seq) in all patients classified as B‐ALL
and T‐ALL, respectively (Figure 2B). Although Ig was also rearranged
in three cases labeled as myeloid, such rearrangements have been
previously reported in bona fide AML.46

Altogether, we show that most ALALs in our cohort can be
transcriptionally segregated into AML, B‐ALL, or T‐ALL, yielding a
refined classification that is consistent with their mutational status
and the presence of Ig/TCR rearrangements.

F IGURE 2 Comprehensive molecular diagnosis of acute leukemia of ambiguous lineage (ALAL) with RNA sequencing (RNA‐seq). (A) Overview of diagnostic

modalities applied to the ALAL cohort, including conventional methods (left branch, in yellow) and RNA‐seq (right, in red). Using a custom computational pipeline, we

detected a wide range of genetic lesions using RNA‐seq, which we validated with conventional approaches. (B) Oncoprint displaying single‐nucleotide variants (SNVs),

small insertions and deletions (indels), or copy number alterations (CNAs) affecting potential driver genes. Columns correspond to patients, and rows correspond to

genes, grouped by molecular categories (indicated on the left). Different variants are represented in distinct colors, as shown in the plot legend. The annotation rows

at the top indicate, in ascending order, the presence of immunoglobulin (Ig)/T‐cell receptor (TCR) rearrangements detected by either RNA‐seq or polymerase chain

reaction (PCR), the classification of each patient according to World Health Organization (WHO) or European Group for the Immunological Classification of

Leukemias (EGIL) criteria, whether the leukemia is biphenotypic or bilineal, and the results of the machine learning classifier developed in this study (Expression‐driven
Classification of Acute Leukemias, E‐CAL). (C) Heatmap displaying CNAs detected by SuperFreq in RNA‐seq data, where red corresponds to copy number gain (CNG),

blue corresponds to copy number loss (CNL), and green corresponds to copy number neutral loss of heterozygosity (LOH). (D) Forest plot showing the odds ratio of

recurrent mutations (n > 2) inT/myeloid (T/M) mixed phenotype acute leukemia (MPAL) relative to B/myeloid (B/M) MPAL, expressed in a logarithmic scale with a 0.1

offset (n = 13). The horizontal lines define the 95% confidence interval. On the right, the corresponding P‐value from a Fisher's exact test comparing T/M MPAL and

B/M MPAL is shown. The colors indicate that these genetic lesions are specific to acute myeloid leukemia (AML) (red), B‐acute lymphoblastic leukemia (ALL) (yellow),

or T‐ALL (blue), determined as those significantly enriched in one disease with respect to the other two and present in at least 5% of those patients. (E) Spider plot

depicting the proportion of T/M MPAL (orange) and B/M MPAL (purple) cases with mutations in five distinct molecular categories. MLPA, multiplex ligation‐
dependent probe amplification; VAF, variant allele frequency.
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(A) (B)

(C)

(D)

F IGURE 3 Transcriptional profiling refines the classification of acute leukemia of ambiguous lineage (ALAL). (A) Principal component analysis based on the

1000 most variable genes across acute myeloid leukemia (AML) (n = 145), B‐acute lymphoblastic leukemia (ALL) (n = 223), T‐ALL (n = 85), and ALAL (n = 30), with each

point corresponding to a single patient. RNA sequencing (RNA‐seq) data were normalized as transcripts per million (TPM) and log‐transformed. (B) Diagram depicting

the training of the Expression‐driven Classification of Acute Leukemias (E‐CAL) model. As shown here, we extracted the top 8000 most variable genes from log‐
transformed, TPM‐normalized RNA‐seq data of AML, B‐ALL, and T‐ALL. Then, we trained a multinomial logistic regression model with lasso regularization, using

nested cross‐validation for hyperparameter estimation and performance evaluation. (C) Heatmap displaying TPM‐normalized gene expression data, as Z‐scores, of the
genes with nonzero coefficients in the classifier. Hierarchical clustering, indicated by the dendrogram on the edges, was performed on Euclidean distance for genes

(rows) and Manhattan distance for samples (columns). (D) Spider plot depicting the proportion of mutations across five distinct molecular categories in ALAL cases

classified as AML (ALAL‐M), T‐ALL (ALAL‐T), or B‐ALL (ALAL‐B).
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Lineage‐defined ALALs show signatures of
differentiated hematopoietic cells

The close similarity between the GEP of 27 ALAL cases and lineage‐
defined leukemias suggests that they derive from a committed
hematopoietic cell of origin. To investigate this hypothesis, we used
CIBERSORTx47 to deconvolute the bulk ALAL RNA‐seq data with
publicly available single‐cell transcriptional profiles of normal hemato-
poietic cells.48,49 This analysis revealed strong enrichment for signatures
of cell H types corresponding to the leukemic type predicted by E‐CAL:
myeloid for ALAL‐M, B‐lymphoid for ALAL‐B, and lymphoid‐biased
multipotent progenitor (LMPP) and T‐lymphoid for ALAL‐T (Figure 4A,
Supporting Information S1: Figure 6A, and Supporting Information S2:
Table 14). However, some cases, including several classified as ALAL‐T,
also displayed high hematopoietic stem cell (HSC) and multipotent
progenitor (MPP) scores, suggesting that they may have arisen from
earlier progenitors, consistent with previous studies.6,50 The three pa-
tients who could not be assigned to a single lineage by E‐CAL showed
either a mixed signature from distinct lineages (#23129, #22679) or
hematopoietic stem and progenitor cell (HSPC) transcriptional programs
(#22668). Patient #22673, also enriched for HSC/MPP signatures, was
classified as AML, but only by a narrow margin, since it showed high
probability scores for both B‐ALL and T‐ALL (Supporting Information S2:
Table 13). Deconvolution with BayesPrism51 largely confirmed these
results, but with increased proportions of lymphoid progenitors for
ALAL‐T cases, and HSC/MPP for ALAL‐M cases (Supporting Information
S1: Figure 6B, Supporting Information S2: Table 14).

Moreover, the transcriptional levels of lineage‐specific surface
markers and master regulators in ALAL cases were consistent with the
leukemic class assigned by the classifier (Figure 4B, Supporting In-
formation S1: Figure 6C). Their expression patterns were also generally
concordant with the immunophenotypic data (Supporting Information
S1: Figure 6C), although the latter were more frequently in support of a
mixed lineage, whereas transcriptional levels aligned more closely with
the lineage assigned by our classifier. Interestingly, cases with inter-
mediate E‐CAL probabilities also tended to show co‐expression of
cross‐lineage markers at both transcriptional and antigenic levels, such
as TdT, CD117, and CD20 in #22668. Furthermore, gene set enrich-
ment analysis (GSEA) detected enrichment for myeloid, B‐lymphoid,
and T‐lymphoid gene sets in ALAL‐M, ALAL‐B, and ALAL‐T, respec-
tively, when compared to the remaining samples (Figure 4C).

In sum, these results provide orthogonal confirmation for the
lineage predicted by E‐CAL and support the notion that ALALs
frequently originate from a lineage‐committed cell.

E‐CAL successfully classifies ALAL cases in other
cohorts

We validated the applicability of E‐CAL for ALAL lineage assignment
using an RNA‐seq data set from the MD Anderson Cancer Center
(MDACC, n = 24),14 processed in the same way as our in‐house data
set. In the original publication, the authors classified the patients into
AML or ALL based on their methylation profiles. Since our classifier
distinguishes between T‐ALL and B‐ALL, cases with ALL methylation
profiles were considered T‐ALL or B‐ALL depending on whether they
were T/M or B/M MPAL according to the WHO classification.

Analogously to our cohort, a PCA revealed that the majority of
MDACC ALAL cases also clustered among lineage‐defined leukemias
(Figure 4D). Indeed, E‐CAL unequivocally classified 75% of them into
AML, T‐ALL, or B‐ALL, in a manner fully consistent with the labels
derived from their immunophenotypic and methylation profiles
(Figure 4E, Supporting Information S2: Table 15). Notably, the other

25% ALAL cases were assigned to the same two lineages inferred from
their immunophenotype using WHO guidelines, namely, 5 T/M and 1
B/M. The higher percentage of multilineage cases may be due to the
fact that the MDACC consisted of patients exclusively defined on the
basis of theWHO classification, whereas the EMC cohort also included
several leukemias that only met the EGIL criteria. In line with this hy-
pothesis, several MDACC cases carried mutations typically associated
with opposing lineages (Figure 4E). We further tested our classifier on
a second cohort of 89 ALAL cases with RNA‐seq and mutational data
available, which the authors had previously analyzed with hierarchical
clustering to assess transcriptional similarity with other acute leuke-
mias.8 In this cohort, our classifier assigned a lineage compatible with
both the mutational build‐up and immunophenotype in 84% of the
cases, whereas it agreed with the hierarchical clustering in 66% of them
(Supporting Information S2: Table 16). Several of the discrepancies
could be explained by the fact that hierarchical clustering enforces a
single cluster, whereas our classifier allows for multi‐lineage labels.

These observations validate the generalizability of our classifier
to external data sets and confirm that a majority of ALAL patients can
be more precisely assigned to lineage‐committed leukemias in-
dependently of the sequencing strategy.

Adult ALAL patients often carry mutations targetable
by Food and Drug Administration‐approved drugs

Since ALAL patients have a poor prognosis with the current treatment
regimes, they could benefit from therapies directed at genes mutated
in these patients. Comparison of the list of genes affected by genetic
lesions with data of the Therapeutic Target Database52 revealed that
19.5% of all detected mutations in this cohort are potentially targe-
table by Food and Drug Administration (FDA)‐approved drugs
(Figure 5A, Supporting Information S2: Table 17). Among these, six
cases with FLT3 mutations could be treated with FLT3 inhibitors,
which are currently the standard of care for AML with FLT3 altera-
tions,53 whereas the six patients with BCR::ABL1 should respond to
specific TKIs.54 This approach also offered insights into the potential
repurposing of drugs not currently indicated for leukemia. For in-
stance, ROS1‐directed TKIs like Repotrectinib, approved for lung
cancer,55 could be a promising option for patient #22671, who
showed a PJA2::ROS1 fusion. In fact, a recent study reported suc-
cessful use of such inhibitors to treat an AML patient with a
TFG::ROS1 fusion who had been refractory to other lines of
therapy.56 In addition, 19.5% of the other mutated genes may be
susceptible to drugs that have been previously tested in clinical trials,
but are not yet approved.

Overall, 70% of the studied ALAL cases carried mutations po-
tentially targetable by FDA‐approved drugs, whereas the remaining
30% could be targeted by drugs that have reached the clinical phase
(Figure 5B). In all cases, patients harbored at least one clonal mutation
amenable to treatment, with four patients showing additional targe-
table subclonal mutations (defined as VAF < 5%). However, in two
cases, the only approved drugs available were directed against sub-
clonal lesions. While therapeutic efficacy generally requires mutations
to be present in the majority of tumor cells, targeting subclonal le-
sions may be clinically relevant, as therapy resistance is often medi-
ated by these subpopulations.57–59 Accordingly, it has been shown
that the addition of FLT3 inhibitors to azacitidine and venetoclax
suppresses the emergence of resistant leukemic subclones.60

All things considered, comprehensive profiling of the genetic
lesions in ALAL patients by RNA‐seq enables the identification of
mutated genes potentially amenable to targeted therapies in addition
to AML/ALL‐based treatment backbones.
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(E)

F IGURE 4 (See caption on next page).
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DISCUSSION

The existence of leukemia patients showing both myeloid and lym-
phoid features has puzzled researchers for more than a century.61,62

In the last decades, various attempts have been made to establish
clear‐cut criteria to classify these patients, but they largely rely on a
restricted set of surface markers that fail to capture the complex
molecular processes that underpin cellular identity. In this study, we
used RNA‐seq data to simultaneously characterize the genetic land-
scape and assign the lineage of ALAL cases, thereby providing more
accurate grounds for classification. We demonstrated that RNA‐seq
can serve as a comprehensive diagnostic tool, potentially replacing
other molecular biology techniques currently in use. Moreover, our
machine learning model classified the majority of ALAL patients into
lineage‐restricted leukemias on the basis of their GEP, which could
have important implications for diagnosis and treatment.

The identification of biphenotypic and bilineal leukemias relies on
the detection of surface markers associated with opposing hemato-
poietic lineages. However, it is unclear whether they are a veritable
clinical entity or merely an artifact caused by the misexpression of
surface antigens in an otherwise lineage‐committed cell. Our findings
indicate that the latter is frequently true: 90% of the ALAL patients in
our cohort were classified into AML, T‐ALL, or B‐ALL and mostly

carried genetic lesions associated with the assigned lineage. Decon-
volution with data from healthy donors further corroborated the
validity of the predictions. A few patients could not be reliably as-
signed to any single leukemic class by the classifier, suggesting that
they originate from early progenitors without a well‐defined cellular
identity. Although no AUL cases were included in our cohort, their
lack of lineage‐associated surface markers may indicate that they
similarly arise from primitive HSPCs. Interestingly, however, Lao and
colleagues showed that many AULs closely resemble secondary AML
in terms of genetic make‐up and gene expression.50

Recently, single‐cell studies have identified stem‐like transcriptional
signatures strongly enriched in ALAL,63,64 supporting the notion that the
cell of origin is an early progenitor.44 We confirmed these findings in our
adult cohort using the signatures from Peretz et al.64 (Supporting In-
formation S1: Figure 7A), while our deconvolution analyses revealed
substantial enrichment for HSC/MPPs or LMPPs. Nevertheless, we and
others have also shown that ALALs often have transcriptional, epigenetic,
and mutational profiles that closely resemble those of lineage‐defined
leukemias.8,11,14,50,65 Mapping of single‐cell ALAL data onto a reference
atlas of hematopoiesis also revealed frequent overlap between the dif-
ferentiation landscapes of ALAL and AML.66 These observations point to
a model in which ALALs originate from primitive progenitors positioned
at different levels of the hematopoietic hierarchy, yielding two broad

F IGURE 4 Orthogonal validation of Expression‐driven Classification of Acute Leukemias (E‐CAL) for acute leukemia of ambiguous lineage (ALAL) classification.

(A) Bar plot indicating the proportion of cell types estimated by CIBERSORTx in bulk RNA‐sequencing data of ALAL cases, using single‐cell transcriptomics data from

the Human Cell Atlas48 as a reference matrix. These scores were discretized by adding up all cell types within the same compartment (myeloid, lymphoid/B,

lymphoid/T, and hematopoietic stem and progenitor cell [HSPC]), counting lymphoid‐biased progenitors CLP and LMPP for both B‐lymphoid and T‐lymphoid

populations; a unique label was assigned to the category with the highest score. These labels are depicted at the bottom, alongside the leukemic class assigned by

E‐CAL. (B) Expression of surface markers and transcription factors associated with the myeloid, T‐lymphoid, or B‐lymphoid lineages. Data are presented as log10‐
transformed counts per million (CPM). (C) Bar plot showing the top five results from a pre‐ranked gene set enrichment analysis (GSEA) conducted on the Hay et al.

data sets from the C8 MSigDB collection. The analysis was conducted on differentially expressed genes in ALAL‐M (left), ALAL‐T (middle), and ALAL‐B (right) relative

to the remaining ALAL cases in the same cohort. (D) Principal component analysis (PCA) of the 1000 most variable genes across acute myeloid leukemia (AML)

(n = 145), B‐acute lymphoblastic leukemia (ALL) (n = 223), T‐ALL (n = 85), Erasmus University Medical Center (EMC)‐ALAL (n = 30), and MD Anderson Cancer Center

(MDACC)‐ALAL (n = 24), with each patient corresponding to a single point. EMC patients are depicted as circles, and MDACC cases, used for external validation, are

depicted as triangles. HSC, hematopoietic stem cell; MPP, multipotent progenitor; CLP, common lymphocyte progenitor; LMPP, lymphoid‐biased multipotent

progenitor; WHO, World Health Organization.

(A) (B)

F IGURE 5 Comprehensive profiling of acute leukemia of ambiguous lineage identifies possible targeted therapies. (A) Pie chart depicting the proportion of

gene mutations detected in this cohort that are targetable by Food and Drug Administration‐approved or investigational drugs. (B) Bar plot showing the proportion of

mutated genes in each patient that can be targeted by currently available targeted therapies. Clonal and subclonal mutations are shown in blue and red hues,

respectively.
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subgroups (Supporting Information S1: Figure 7B). In most cases, ALAL
blasts originate from committed cells that misexpress surface markers
typically associated with an alternative lineage, thereby conforming to
the lineage infidelity hypothesis postulated by McCulloch.20 We propose
that these are, in fact, cases of ALL or AML masquerading as ALAL. In
contrast, in a smaller group of patients, the leukemic cell arises from an
earlier progenitor that retains lineage promiscuity upon the acquisition of
driver mutations.21 Thus, these cases may be considered “true” ALALs
with a transcriptional program that straddles different branches of the
hematopoietic tree. Specific aberrations, like KMT2A6 or BCL11B11 re-
arrangements, have been shown to drive lineage ambiguity when ac-
quired in these early progenitors.

Although our conclusions are broadly in line with other studies,
they are limited by the small sample size (n = 30) in our study, which
may preclude the identification of ALAL‐specific clusters. Accounting
for 1%–2% of all leukemias, ALAL is a rare clinical entity, thereby
hindering the acquisition of samples at a large scale. To the best of
our knowledge, the largest RNA‐seq ALAL data sets available are
those from Montefiori et al. (n = 126, including mostly pediatric leu-
kemias),11 Wang et al. (n = 89, adults only),8 and Takahashi et al.14

Since our study focused on adults, we used the latter two to evaluate
the frequency of mutations and validate our classifier. Another po-
tential shortcoming is the use of bulk RNA‐seq data instead of single‐
cell RNA‐seq, but we chose the former because it is more suitable for
the characterization of large cohorts and the detection of mutations.

Differential diagnosis of leukemia patients would benefit from a
classification system based on genetic and transcriptional profiles ra-
ther than a reduced set of surface markers. Our study shows that RNA‐
seq, when analyzed with tailored computational pipelines, could be the
technique of choice for this purpose. In our hands, it demonstrated
high sensitivity for point mutations, small indels, fusion genes, and
other large cytogenetic aberrations. Insufficient coverage did not seem
to preclude the identification of any relevant lesions, as it was mainly
restricted to a few cell‐type‐specific genes typically silent in the leu-
kemic lineage assigned to the corresponding ALAL cases, such as PAX5
in T cells and myeloid cells or KIT and WT1 in B cells. Nonetheless,
RNA‐seq failed to detect smaller CNAs that only affect a single gene
(such as CDKN2A or IKZF1), as it cannot distinguish them from local
changes in expression. Likewise, RNA‐seq is blind to events that do not
involve any coding regions, such as various forms of enhancer dysre-
gulation.67 Notably, a subset of ALALs overexpresses BCL11B as a
result of either amplification of its native enhancer or hijacking of re-
arranged enhancers.11,12 To overcome these drawbacks, RNA‐seq
could be coupled with low‐coverage whole‐genome sequencing to
reveal all CNAs and structural variants.68

Simple diagnostic algorithms based on a few immunophenotypic
markers are easy to implement and understand, and therefore likely
to remain in use for the foreseeable future. It is thus important to
evaluate their agreement with our transcription‐driven strategy. The
E‐CAL lineage assignment was concordant with the WHO classifica-
tion for eight patients (five AML and three T‐ALL) and with the EGIL
scoring system for two others (one B‐ALL and one T‐ALL), none of
which overlapped with the previous eight (Supporting Information S2:
Table 4, Supporting Information S1: Figure 7C). Taken together, these
findings lend greater support to the WHO scoring system over EGIL.
However, both misclassified the majority of B‐ALL cases as B/M
MPAL, underscoring the need to reconsider the current diagnostic
criteria for this clinical entity.

An important consideration in machine learning is the ability of the
model to make predictions on unseen data. When dealing with RNA‐
seq, this can be potentially compromised by the existence of multiple
experimental strategies used to enrich the sequencing library.69 To
partially address these systematic differences, we only quantified

expression of protein‐coding genes and log‐transformed them to sta-
bilize the variance.70 We avoided normalization techniques that would
require the original data set, such as the trimmed‐mean of theM‐values,
to facilitate the application of E‐CAL to new data by other researchers.
Ultimately, the robustness of our classifier was proven by the successful
classification of most ALAL cases from independent cohorts.8,14 In the
MDACC dataset, however, E‐CAL did not assign a single label to 25% of
ALAL cases, whereas methylation‐based hierarchical clustering did.
While this discrepancy could stem from the particularities of the RNA‐
seq protocol, other possible causes are the differences between me-
thylation and transcription or between the computational strategies for
classification used in each study.

The improved subclassification proposed here could have implica-
tions for diagnosis and therapeutic decisions. At the time of diagnosis,
clinicians relied on expert opinion to determine whether patients should
receive ALL‐like or AML‐like therapy. In six cases, retrospective clas-
sification using E‐CAL did not align with the originally administered
treatment: two patients retrospectively classified as AML by E‐CAL had
received ALL‐type therapy, whereas four patients classified as ALL had
been treated with AML‐based regimens. Although the sample size of
our cohort is insufficient for robust statistical analysis of survival out-
comes, we observed a notable difference in CR rates between treat-
ments that matched the E‐CAL classification versus those that did not
match the E‐CAL classification. Patients who received therapy con-
sistent with their E‐CAL classification achieved CR in 16 of 20 cases
(80%), whereas nonmatching treatments led to CR in only 1 of 6 cases
(17%). In two cases where CR was not initially attained, modifying the
treatment approach resulted in CR. Nevertheless, prospective research
is needed to ascertain whether E‐CAL‐guided treatment leads to im-
proved survival of ALAL patients.

Moreover, the detection of gene lesions by our computational
pipeline opens the door to personalized treatment. Contrary to tra-
ditional molecular approaches or small DNA‐seq panels, RNA‐seq
provides a comprehensive survey of the protein‐coding mutational
landscape. Using a public target‐drug database, we have shown that
all patients in our cohort harbor at least one mutation in a gene
targetable by existing compounds, the majority of which are FDA‐
approved. Even though some of these drugs are not part of the
standard of care in leukemia, our findings provide a mechanistic
rationale for their repurposing, which is further warranted by the poor
prognosis of ALAL. Given the rarity of this disease, large multi‐center
studies with centralized diagnostic procedures based on RNA‐seq
may be necessary to investigate the benefit of this approach.71,72

In conclusion, our work showcases the potential of RNA‐seq to
improve the diagnostics and, potentially, the treatment of ALAL pa-
tients, providing a comprehensive characterization of their genetic
and transcriptional profiles. The E‐CAL classifier developed in our
study improves the lineage assignment of ALAL cases, which are of-
ten misclassified due to the misexpression of a few cross‐lineage
markers. These findings shed light on the biological mechanisms that
underpin these poorly understood leukemias and argue for changes in
the way they are currently classified and treated.
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