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Abstract
Precise mapping of leukemic cells onto the known hematopoietic hierarchy is important for understanding the cell-of-origin and mechanisms under
lying disease initiation and development. However, this task remains challenging because of the high interpatient and intrapatient heterogeneity of 
leukemia cell clones as well as the differences that exist between leukemic and normal hematopoietic cells. Using single-cell RNA sequencing 
(scRNA-seq) data with a curated clustering approach, we constructed a comprehensive reference hierarchy of normal hematopoiesis. This refer
ence hierarchy was accomplished through multistep clustering and annotating over 100,000 bone marrow mononuclear cells derived from 
25 healthy donors. We further employed the cosine distance algorithm to develop a likelihood score to determine the similarities of leukemic cells 
to their putative normal counterparts. Using our scoring strategies, we mapped the cells of acute myeloid leukemia (AML) and B cell precursor 
acute lymphoblastic leukemia (BCP-ALL) samples to their corresponding counterparts. The reference hierarchy also facilitated bulk RNA sequenc
ing (RNA-seq) analysis, enabling the development of a least absolute shrinkage and selection operator (LASSO) score model to reveal subtle differ
ences in lineage aberrancy within AML or BCP-ALL patients. To facilitate interpretation and application, we established an R-based package 
(HematoMap) that offers a fast, convenient, and user-friendly tool for identifying and visualizing lineage aberrations in leukemia from scRNA-seq 
and bulk RNA-seq data. Our tool provides curated resources and data analytics for understanding leukemogenesis, with the potential to enhance 
leukemia risk stratification and personalized treatments. The HematoMap is available at https://github.com/NRCTM-bioinfo/HematoMap.
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Introduction
Acute leukemia is a malignant hematologic disease character
ized by the presence of ≥ 20% immature cells derived from 
the bone marrow (BM), also known as leukemic blasts [1,2]. 
It can be classified into three broad types on the basis of the 
aberrant lineages involved: acute myeloid leukemia (AML), 
acute lymphocytic leukemia (ALL) [with 80% of patients 
having B cell precursor ALL (BCP-ALL)], and ambiguous lin
eages [including mixed phenotype acute leukemia (MPAL)] 
[3–5]. Understanding the aberration of leukemic blasts, par
ticularly the cell-of-origin or leukemia-initiating cells, can aid 
in deeply dissecting the underlying mechanisms of leukemo
genesis. Given the high degree of interpatient and intrapatient 
heterogeneity in morphological features, genetic alterations, 
and transcriptional profiles [6], characterizing the major cel
lular composition and hierarchy of abnormal hematopoietic 
cell subgroups in each patient, including changes during ther
apy, is increasingly important.

As a primary site for hematopoiesis, the BM comprises vari
ous hematopoietic lineages that involve hematopoietic stem/pro
genitor cells (HSPCs), myeloid cells [granulocytes, monocytes, 
dendritic cells (DCs), erythrocytes, and megakaryocytes], and 
lymphoid cells [B precursor cells, immature/mature B cells, and 
T/natural killer (NK) cells] [7–11]. Cell-type heterogeneity in 
human BM has been characterized recently at single-cell 

resolution [12–14], largely expanding our knowledge of the cel
lular hierarchy. The classical model of leukemogenesis views the 
cellular hierarchy as being built up by driver-related genetic 
alterations, in an attempt to seek explanations for the onset and 
development of aberrant leukemic cell differentiation/matura
tion [15–17]. Applications of single-cell RNA sequencing 
(scRNA-seq) and bulk RNA sequencing (RNA-seq) technolo
gies in healthy and leukemic BM research have provided cost- 
effective means to understand potential leukemogenesis [18,19]. 
Moreover, the use of bulk RNA-seq data has greatly improved 
molecular subtyping and classification [20–22]. For example, a 
recent study associating cell differentiation stages with different 
AML subgroups supported the 2022 World Health 
Organization (WHO) classification of AML [20,23]. Here, we 
aim to maximize the informativeness of scRNA-seq and bulk 
RNA-seq data to reveal the interpatient and intrapatient cellular 
heterogeneity found in acute leukemia.

Hematologic malignancies differ from solid tumors partly be
cause of the existence of lineage promiscuity, which requires 
highly specific cellular annotation methods. For example, infer
ring cell-type aberrancy by projecting leukemic blasts onto a 
normal cellular hierarchy has proven to be effective, allowing 
AML leukemic cells to be annotated as hematopoietic stem cell 
(HSC)-like, progenitor-like, granulocyte–monocyte progenitor 
(GMP)-like, monocyte-like, and conventional dendritic cell 
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Figure 1 Workflow overview for resolving cell types in normal human BMMCs based on the well-established hematopoietic hierarchy  
A. Overview of the study design. The left panel shows a schematic representation of normal (upper) and abnormal (lower, the origin of acute leukemia) 
hematopoiesis. The bone marrow microenvironment is a cellular system consisting of various cell lineages, including immature cells such as HSPCs and 
mature cells such as monocytes. In this study, we first used 25 scRNA-seq datasets of normal BMMCs (10X Genomics) to perform hierarchy-based 
annotation. To support this application, we constructed a normal reference of BMMCs to infer the aberrancy of leukemic blasts and altered differentiation 
lineages on BCP-ALL and AML scRNA-seq and bulk RNA-seq. All of these can be performed in our newly developed R-based package HematoMap to 
support further leukemic research. B. Dot plot of markers of different cell types (38 main cell types and 4 cycling cell types) in normal BMMCs. C. 
Characterization of the cell types identified from the 25 normal BMMC samples. UMAP was used for dimensionality reduction and visualization. For the 
left panel, dots represent cells (the single-cell level). For the middle panel, dots represent subclusters (the subcluster level). For the right panel, dots 
represent cell types (the cell-type level). The different colors indicate different cell types. The coordinates of subclusters/cell types were calculated using 
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(cDC)-like [18]. Thus, there is a need to build expert-curated 
reference databases by integrating normal BM mononuclear 
cells (BMMCs) tailored to infer lineage relevance. Likewise, vi
sually intuitive methods are needed to straightforwardly moni
tor cellular composition changes and lineage aberrancy during 
leukemogenesis in a straightforward manner.

Here, we present HematoMap, an R package designed to an
notate leukemic BMMCs, infer lineage aberrancy, and visualize 
leukemogenesis beyond the confinement of normal hematopoi
etic hierarchy. The tools include well-curated datasets (both 
publicly available and in-house) of normal and leukemic 
BMMCs, totaling > 100 scRNA-seq samples and > 2000 bulk 
RNA-seq samples (Table S1). Through reanalysis and reannota
tion of the normal BMMCs, we constructed a hierarchy-based 
reference and developed a series of algorithms to calculate the 
similarities between leukemic blasts and normal hematopoietic 
cell types, enabling aberrant lineage inferences. Furthermore, a 
least absolute shrinkage and selection operator (LASSO) score 
model was established for bulk RNA-seq applications. Finally, 
all curated resources and facilitated algorithms/models were 
packaged into HematoMap. Using aberrant lineage inference 
and visualization, HematoMap provides valuable resources and 
analysis/visualization methods to gain a deeper understanding 
of the cell-of-origin in BCP-ALL and AML.

Results
Establishing a hierarchy-based cell reference atlas 
using the scRNA-seq data of normal BMMCs
We performed a hierarchy-based cell-type annotation by com
bining the scRNA-seq (10X Genomics) data of normal BMMCs 
from scRNA-seq dataset 1 (scDS1) [24], scDS2 [25], and scDS3 
[13] (Table S1). A total of 25 normal BMMC samples (23 
adults and 2 children, scRNA-seq via 10X Genomics) were 
used to construct the reference atlas, whereas the other BMMCs 
(samples taken from the same scDS3 donors at different time 
points, or scRNA-seq via non-10X Genomics platforms) were 
used for independent validation. After batch effects were cor
rected via Harmony [26], a total of 103,871 BMMCs were 
obtained to construct the normal hematopoiesis hierarchy. We 
identified four general lineages (HSPCs, myeloid cells, B cells 
and T/NK cells, Level 1) according to well-established cell 

markers (the clustering procedures are described in the 
Materials and methods) and markers for cell-type annotation, 
with the related references listed in Table S2 (Figure 1A) [14]. 
On the basis of the four lineages, eight major cell populations 
were further identified via graph-based clustering following the 
Seurat standard workflow [27]; these cell populations included 
HSPCs, monocytes, DCs, erythrocytes, B cells, CD8þ T cells, 
CD4þ T cells, and NK cells (Figure S1A), each characterized by 
distinct markers (Figure S1B). Subsequently, the cells from each 
population were extracted and subjected to an independent 
graph-based cell clustering using Seurat [27] and an annotation 
process (Figure 1A). To achieve more precise subclustering of 
normal BMMCs, we also employed a Max-Min K-means algo
rithm to generate subclusters (Level 4) with the desired median 
number (100) of cells per subcluster (Figure S1C). The cell types 
were annotated according to well-defined cell markers, and a to
tal of 38 cell types (Level 3) were annotated (Figure 1B and D). 
The detailed sample characteristics and cellular composition in
formation for the normal BMMC samples are listed in 
Table S3.

To better illustrate subtle differences in intra-cell-type hetero
geneity and discover lineage branching, we performed diffusion 
pseudotime (DPT) [28] using the 1079 preidentified subclusters 
(Figure S1D). Temporal cellular ordering, together with prior 
knowledge in hematology, enabled the construction of the 
hierarchy-based hematopoiesis (Figure 1C, Figure S1E), forming 
an expression-based cell-type annotation reference. We used a 
circular layout for visualizing hierarchy-based hematopoiesis, 
which displays the 38 major cell types and their subclusters 
(Figure 1D, Figure S1F). In this layout, HSC/multipotent pro
genitor (MPP) sits at the initiation site of hematopoiesis from 
which four continuously differentiated lineages (erythrocytes, 
monocytes, DCs, and B cells) extend. For T cell development, 
common lymphoid progenitors (CLPs) migrate from the BM to 
the thymus, where they mature and differentiate into different 
types of T/NK cells, such as CD8þ T, CD4þ T, and NK cells 
[29]. Thus, in human BM, mature T/NK cells are recruited from 
peripheral blood and participate in the immune microenviron
ment constitution. Therefore, we used solid lines to indicate 
continuous differentiation and dashed lines to denote cell re
cruitment from other tissues (Figure 1D).

Figure 1 Continued 
the mean value of the included cells. For visualization at the cell-type level, the continuous differentiation was labeled with a black line. HSCs/MPPs are at 
the differentiation initiation site. D. Hierarchy-based visualization of normal hematopoiesis. The inner circle shows the 38 major cell types identified in 
normal BMMCs, with the subclusters of each cell type being arranged around the circle’s edge. The solid lines represent continuous differentiation 
(HSPCs, monocytes, erythrocytes, and B cell lineage), the dashed lines represent recruited mature cells from other tissues (T/NK cells and some memory 
B cells), and the gray lines represent links between each cell type and its subclusters. The cell types, represented as circles, are color-coded. E. 
Annotation accuracy comparing annotation using SingleR (the subclusters obtained from the 25 normal BMMC samples were input as the reference) and 
manual annotation using classical markers. The annotation accuracy of each cell population was visualized using a box plot, with the mean value and 95% 
CI illustrated. F. ROC curve and AUC analyses revealed high sensitivity and specificity and favorable performance when the annotation reference 
constructed from the 25 normal BMMC samples was used. HSPC, hematopoietic stem/progenitor cell; scRNA-seq, single-cell RNA sequencing; BMMC, 
bone marrow mononuclear cell; BCP-ALL, B cell precursor acute lymphoblastic leukemia; AML, acute myeloid leukemia; RNA-seq, RNA sequencing; 
UMAP, Uniform Manifold Approximation and Projection; ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval; FPR, 
false positive rate; TPR, true positive rate; HSC/MPP, hematopoietic stem cell/multipotent progenitor; LMPP, lymphoid-primed multipotent progenitor; 
CLP, common lymphoid progenitor; CMP, common myeloid progenitor; MDP, monocyte–dendritic cell progenitor; GMP, granulocyte–monocyte 
progenitor; CDP, common dendritic cell progenitor; MEP, megakaryocyte–erythrocyte progenitor; Mono, monocyte; GMP–Mono, GMP–monocyte; CD14 
Mono, classical (CD14þCD16−) monocyte; CD16 Mono, non-classical (CD14−CD16þ) monocyte; DC, dendritic cell; pre-DC, dendritic cell precursor; pDC, 
plasmacytoid dendritic cell; cDC1, conventional dendritic cell 1; mo-DC, monocyte-derived dendritic cell; MKP, megakaryocyte progenitor; MK, 
megakaryocyte; pro-Ery1, proerythroblast 1; pro-Ery2, proerythroblast 2; Ery, erythroblast; pre-pro-B, B cell progenitor precursor; Early-pro-B, early B cell 
progenitor; early-pro-B cyc., early cycling B cell progenitor; Late-pro-B, late B cell progenitor; late-pro-B cyc., late cycling B cell progenitor; pre-B, B cell 
precursor; Immature B, immature B cell; Naive B, naive B cell; Memory B 1, memory B cell 1; Memory B 2, memory B cell 2; CD8 Tnaive, naive CD8þ T 
cell; CD8 Tdpe, KLRG1þIL7Rþ double-positive effector CD8þ T cell; CD8 Tmpe, memory precursor effector CD8þ T cell; CD8 Teff, effector CD8þ T cell; 
CD8 Tex, exhausted CD8þ T cell; CD4 Tnaive, naive CD4þ T cell; CD4 Tem, effector memory CD4þ T cell; CD4 Treg, regulatory T cell; NK, natural killer 
cell; NK-XCL1, XCL1þ natural killer cell; NK cyc., cycling natural killer cell; NK/T cyc., cycling natural killer/T cell.
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We then internally evaluated the robustness of the subclus
ter expression profile using different sample sizes and cell 
numbers. By calculating the correlation coefficient between 
the expression profiles of the reference subclusters and the 
downsampled subclusters, we found that the correlations in
creased when the sample size exceeded 12 or the cell number 
exceeded 50,000 (Figure S1G and H). This finding highlights 
the reliability and robustness of using 25 normal BMMC 
samples as the reference. We also evaluated the reliability of 
subcluster annotation based on 1079 subclusters annotated 

via an unbiased tool, SingleR [30], as the third-party evalua
tion method for self-validation. The median accuracy of the 
25 normal BMMC samples was 91.9% [95% confidence in
terval (CI) ¼ 88.6%–95.2%] (Figure 1E), and the area under 
the curve (AUC) was > 0.9 for cells in myeloid lineages and 
� 0.8 for those in lymphoid lineages (Figure 1F). For external 
validation, we also used other scRNA-seq data of normal 
BMMCs in terms of recovering the classical markers (Table 
S1), with mean accuracies of 92.3% (95% CI ¼ 86.5%– 
98.1%) for 10X Genomics (other normal BMMCs in scDS3) 

Figure 2 Estimation of similarities between leukemic blasts and lineage aberrancy inference from scRNA-seq data in a de novo APL patient  
A. Illustration of the algorithm used to calculate the LIKE score. The distance d() between subclusters is defined using the cosine similarity distance, 
which acts as a metric to compare gene expression profile vectors between leukemia-associated subclusters (matrix A) and reference subclusters 
consisting of normal BMMCs (matrix B) and HSC/MPP subclusters (matrix C). The LIKE score for each leukemia-related subcluster is derived from these 
cosine similarity calculations, which quantify the extent to which each leukemia subcluster resembles the gene expression patterns of the normal BMMC 
subclusters. B. Hierarchy-based visualization of the cellular composition of de novo APL. The inner circle shows the 38 major cell types identified in 
normal BMMCs, and the subclusters in each cell type are arranged around the edge of the circle. The solid lines represent continuous differentiation 
(HSPCs, monocytes, DCs, erythrocytes, and B cell lineage), the dotted lines represent recruited mature cells from other tissues (T/NK cells and some 
memory B cells), and the gray lines represent links between each cell type and its subclusters. Dots are color-coded by cell type. C. Tree plot visualization 
of the lineages of normal BMMCs (left) and APL BMMCs (right). The cell types, represented as circles, are color-coded, with HSC/MPP sitting at the 
initiation site of the hierarchy. The size of the circle represents the relative ratio of cell proportions in leukemic (e.g., APL)/normal (reference) BMMCs. A 
relative ratio > 1 represents proliferation, whereas a ratio < 1 represents suppression. The aberrant lineages in APL are indicated by thicker lines. The 
solid lines depict continuous differentiation processes within bone marrow hematopoiesis, and the dashed lines denote cells recruited into the bone 
marrow from other tissues, such as T and NK cells. APL, acute promyelocytic leukemia; LIKE score, likelihood score.

Dai Y et al / Leukemic Analysis with HematoMap                                                                                                                                                                 5 

D
ow

nloaded from
 https://academ

ic.oup.com
/gpb/article/23/2/qzaf005/8011377 by G

enom
ic & Bioinfom

atic C
enter,C

AS user on 29 Septem
ber 2025

https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf005#supplementary-data
https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf005#supplementary-data
https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf005#supplementary-data


Figure 3 Inference of leukemic aberrant lineages in the AML and BCP-ALL scRNA-seq cohorts  
A. Tree plots displaying the aberrant lineages in two de novo APL patients (AML with PML::RARA fusion). The first patient (APL03) did not carry the 
FLT3-ITD mutation, whereas the second patient (APL08) did. The circle size represents the ratio of the total number of cells to the total number of normal 
BMMCs (the relative ratio). The thickness of the line indicates the proportion of cells within that lineage. B. Box plot revealing the estimated percentages 
of the cell populations in 16 APL patients (n ¼ 11 for APL patients without the FLT3-ITD mutation and n ¼ 5 for APL patients with the FLT3-ITD mutation). 
The percentages of cells were estimated via HematoMap. P values were calculated via the Mann–Whitney U test (#, P ≥ 0.05; �, P < 0.05; ��, P < 0.01). 
C. Tree plot of the APL patient (APL03) after two days of ATRA treatment. D. Box plot revealing the estimated percentages of the cell populations in 
3 APL patients on Day 0 and after two days of ATRA treatment (Day 2). P values were calculated using the paired Mann–Whitney U test (#, P ≥ 0.05; 
�, P < 0.05; ��, P < 0.01). E. Tree plots displaying the aberrant lineages in the two de novo AML patients from scDS4. The first patient, harboring the 
TP53 mutation, was validated to be HSC-like via flow cytometry in a previous study (Patient AML916). DNMT3A and NPM1 mutations were detected in 
the second AML patient from scDS4, and the patient was reported to be progenitor-like (Patient AML419). The thickness of the line indicates the 
proportion of cells within that lineage. F. Tree plots displaying the aberrant lineages of the three de novo BCP-ALL patients from scDS1 (scRNA-seq, 10X 
Genomics) and scDS2 (scRNA-seq, 10X Genomics). Aberrations in B cell lineages occurred in BCP-ALL patients with ETV6::RUNX1 and BCR::ABL1, 
whereas in highly hyperdiploid BCP-ALL patients, aberrations occurred in both CMP and CLP cells. G. Radar plot of changes in the cellular composition of 
AML (pink line) and BCP-ALL (blue line) cells compared with normal BMMCs. H. Tree plots depicting changes in the aberrant lineages of two patients 
(one BCP-ALL patient harboring ETV6::RUNX1 and one AML patient harboring TP53 and DNMT3A mutations) during treatment. ATRA, all-trans retinoic 
acid; Dx, diagnosis; CR, complete remission; R, relapse; PR, partial remission.
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(Figure S1I and J) and 80.4% (95% CI ¼ 70.7%–90.0%) for 
non-10X Genomics (scDS4 [18] and scDS5 [19]) (Figure S1K 
and L). These results provided evidence supporting the infor
mativeness of subclusters in capturing representative features 
of each cell type and highlighted the utility of annotating 
healthy BMMCs in near future research. The expression- 
based cell-type annotation reference was packaged into our 
developed R-based package, HematoMap, which provides a 
convenient tool for BMMC annotation.

Inferring the leukemic lineage aberrancy via 
scRNA-seq
The hematopoietic hierarchy in leukemia settings differs from 
that under physiologic conditions. However, despite the aber
rant hematopoietic cell self-renewal and differentiation, leu
kemic blasts might still exhibit some similarities with their 
normal counterparts. To address this issue, we developed an 
efficient approach to estimate the similarity between leukemic 
blasts and normal blood cells in BMMCs, taking a patient 
with PML::RARA AML [also known as acute promyelocytic 
leukemia (APL)] as an example (Figure 2A). Briefly, we first 
performed a routine analysis process on the scRNA-seq data 
of the BMMCs from this patient following the Seurat stan
dard workflow [27]. Subclusters were then generated, fol
lowed by estimation of the similarities between the normal 
and APL subclusters (Step 1 in Figure 2A). A likelihood score 
(the “LIKE” score) of the APL subclusters was subsequently 
calculated by the cosine distance from the APL subcluster to 
the differentiation processes initiating from the HSC/MPP 
(Step 2 in Figure 2A, Figure S2A). The cell types of the APL 
subclusters were determined by the maximum LIKE score 
(Step 2 in Figure 2A, Figure S2A). As a result, each APL sub
cluster was closely mapped onto a subcluster mimicking nor
mal counterparts, such as HSC/MPP-like, common myeloid 
progenitor (CMP)-like, or GMP-like (Step 2 in Figure 2A). 
This allowed us to infer aberrant lineages during leukemo
genesis by comparing changes in cellular composition with 
the normal hierarchy (Step 3 in Figure 2A).

Additionally, when this APL patient was used as an example, 
we reannotated the subclusters of the APL BMMCs by calculat
ing the LIKE score (Figure S2A). Leukemic blasts in APL 
patients were previously reported to share similar GMP expres
sion signatures [18,20,31]. Using the LIKE score, the major cell 
population with the highest percentages in the APL patients was 
identified as GMP-like (Figure 2B). A comparison of the expres
sion levels of classical GMP markers revealed high similarities 
between GMP-like cells and normal GMP cells, facilitating the 
analysis of dysregulated pathways between APL blasts and cor
responding normal cell populations [32] (Figure S2B and C). 
Although APL blasts could be identified as GMP-like, their gen
eral score in APL patients was significantly lower than that in 
normal BMMCs, indicating that leukemic blasts in APL patients 
are unable to perform their normal biological functions (Figure 
S2D). Considering the cellular composition changes that oc
curred in leukemic hematopoiesis compared with normal hema
topoiesis, the aberrant lineages in APL patients could be 
inferred and visualized in a tree-shaped hierarchy (Figure 2C). 
Additionally, we conducted a self-verification to evaluate the 
performance of the LIKE score on normal BMMCs and found 
that it exhibited comparable performance to that of SingleR 
(Figure S2E). Early-stage lineage aberrations were not observed 
in two additional datasets for normal BMMCs from the study 
by Weng et al. [33] (Figure S2F and G), indicating that the 

aberrations identified in leukemic samples were specific to leu
kemogenesis and not artifacts in healthy samples.

Discovering cellular composition changes and 
lineage aberrations in AML and BCP-ALL 
scRNA-seq cohorts
Using the established workflow, we analyzed BMMCs from 16 
APL patients to assess their proportions (Figure 3A, Figure 
S3A). Our previous research revealed that APL patients with 
FLT3-ITD mutations presented increased percentages of stem- 
like cells [32], which is consistent with the hierarchies illustrated 
via HematoMap (Figure 3B). Additionally, the efficacy of all- 
trans retinoic acid (ATRA) treatment in inducing the differentia
tion of primitive APL blasts toward more mature cells was effec
tively demonstrated through hierarchical illustrations, 
confirming the utility of our method in monitoring treatment re
sponse (Figure 3C and D, Figure S3B). In addition, we calcu
lated the LIKE scores and performed lineage aberration 
inference for the AML (scDS4 and scDS5) and BCP-ALL 
(scDS1 and scDS2) scRNA-seq cohorts. For other de novo 
AML patients, interpatient and intrapatient heterogeneity was 
investigated, and the results suggested that different cells-of- 
origin in AML samples were accompanied by different gene 
fusions or mutations (Figure 3E). For the AML samples harbor
ing a TP53 mutation, the initiating site of lineage aberrancy 
started from the HSC/MPP, and both the myeloid and lymphoid 
lineages were altered (Figure 3E). For the progenitor-like- 
containing samples, the aberrations appeared mainly in the my
eloid lineage, and the initiating site was at the lymphoid-primed 
multipotent progenitor (LMPP) stage (Figure 3E). Aberrancies 
in the B cell lineage were also observed in the BCP-ALL patients 
(Figure 3F). For the leukemia patients harboring ETV6:: 
RUNX1, an aberrancy in the CLP–pre-pro-B–early-pro-B dif
ferentiation axis was observed (Figure 3F). For the two BCP- 
ALL patients with high hyperdiploidy and harboring BCR:: 
ABL1, aberrancy occurred mainly in the B cell lineages, and the 
CMP was slightly affected, which was indicative of 
MPAL (Figure 3F).

We then compared the lineage aberrations in AML and 
BCP-ALL BMMCs with those in normal BMMCs via a radar 
plot to illustrate the cellular composition (Figure 3G). For de 
novo AML patients, the aberrations of leukemic blasts were 
mainly at CMP, GMP, and GMP–monocyte stages 
(Figure 3G). For BCP-ALL patients, the aberrations were at 
the pre-pro-B, early-pro-B, and late-pro-B stages (Figure 3G). 
Intrapatient cellular heterogeneity was investigated among 
the different French–American–British (FAB) subtypes by 
comparing the cellular composition changes among different 
de novo AML patients in scDS5 (Figure S3C). In addition, 
lineage aberrancy was also observed in AML and BCP-ALL 
patients at different treatment time points (Figure 3F and H). 
In two patients receiving treatment, leukemic BMMCs during 
complete remission were similar to normal BMMCs, but the 
residual leukemic blasts grew and relapsed at initial hierarchy 
sites similar to those identified at the time of diagnosis 
(Figure 3F and H).

Applying a cell-type-based score to AML and 
BCP-ALL bulk RNA-seq data
To infer lineage aberrations from bulk RNA-seq data, we con
structed a LASSO-based score model to calculate cell abundan
ces and infer leukemogenesis (Figure 4A). The construction was 
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Figure 4 Inference of leukemic aberrant lineages in the AML and BCP-ALL bulk cohorts  
A. Overview of the construction of the LASSO-based score model. B. Heatmap visualization of the LASSO score for each cell type via scRNA-seq data. 
LASSO scores were calculated based on the mean values of scores in each subcluster and normalized by the z-score. C. Violin plot of self-validation using 
the seven available normal BMMC samples with both scRNA-seq (10X Genomics) and bulk RNA-seq data. Pearson’s correlation coefficients were calculated 
between the LASSO scores from the scRNA-seq and bulk RNA-seq data. Each circle represents one sample. D. Bar plot of normalized scores in normal, 
AML, and BCP-ALL BMMCs from bulk RNA-seq data. Normalization was performed by subtracting the mean values of normal samples of each cell type. 
P values were calculated via ANOVA (#, P ≥ 0.05; �, P < 0.05; ��, P < 0.01). E. Bar plot of the normalized scores from normal BMMCs and AML patients in 
different subgroups. P values were calculated via ANOVA (��, P < 0.01). F. Bar plot of the normalized scores from normal BMMCs and BCP-ALL patients in 
different subgroups. P values were calculated by ANOVA (��, P < 0.01). G. Tree plots depicting inferred lineage aberrations according to normalized LASSO 
scores of normal BMMCs and representative subgroups of AML and BCP-ALL patients. For myelodysplasia-related/-like AML patients, the aberrations 
started from HSC/MPP/LMPP and mainly influenced the myeloid lineages (for most AML patients). For BCP-ALL patients with KMT2A fusion, both the 
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based on the mean expression profile of subclusters (see 
Materials and methods), and scores for the 38 cell types were 
established independently (Figure 4A). The coefficients of 
LASSO derived from the 38 normal cell types are listed in Table 
S4. To self-validate the model at the scRNA-seq level, we calcu
lated the LASSO score for each cell type, with high specificity 
observed in normal BMMCs (Figure 4B). To further evaluate 
the performance of bulk RNA-seq, we used seven normal 
BMMC samples for which both scRNA-seq and bulk RNA-seq 
data (bulkDS1 [24]) were available. The correlation between 
the LASSO score calculated from scRNA-seq and that from 
bulk RNA-seq was significant (mean Pearson’s correlation coef
ficient ¼ 0.697, 95% CI ¼ 0.623–0.772) (Figure 4C). The 38 
cell-type LASSO scores of the 7 normal BMMCs were then nor
malized by subtracting the internal average score to select the 
optimal cutoff to distinguish between normal and abnormal 
scores (Figure S4A). We then applied the LASSO score to bulk 
RNA-seq cohorts of AML (bulkDS2 [34], bulkDS3 [35], and 
bulkDS4 [20]) (Table S1) and BCP-ALL (bulkDS5 [21]) (Table 
S1). Patients in bulkDS4 and bulkDS5 were collected from 
multiple centers, and the detailed LASSO scores of the 
AML/BCP-ALL patients are listed in Table S4. After normali
zation to normal BMMCs, most AML patients were assigned 
higher CMP/GMP/megakaryocyte–erythrocyte progenitor 

(MEP)/megakaryocyte progenitor (MKP)/GMP–monocyte 
scores (fold change > 1.25) (Figure 4D), whereas higher pre- 
pro-B/early-pro-B scores were observed for patients diagnosed 
with BCP-ALL (fold change > 1.25) (Figure 4D).

A previously described framework by our own group [20,21] 
also enabled the examination of interpatient heterogeneity 
(Figure S4B and C). For AML patients, within the preestab
lished classification framework, those classified as myelodyspla
sia (MD)-related/-like or HOX-primitive/-mixed or biCEBPA/- 
like AML patients, or those with CBFB::MYH11 or RUNX1:: 
RUNX1T1, had higher CMP scores, suggesting that the aber
rancy mainly occurred at the CMP stage and affected the differ
entiation of monocytes, DCs, and erythrocytes (Figure 4E, 
Figure S4B). Patients with PML::RARA fusion had significantly 
higher GMP scores (Figure 4E, Figure S4B). The same cell-type 
signatures of AML were also observed in external independent 
cohorts of AML patients (TCGA-LAML and Beat-AML) 
(Figure S4D–F; Table S5). With respect to BCP-ALL, B cells in 
patients with KMT2A fusion, ETV6::RUNX1/-like, hyperdi
ploidy, BCR::ABL1/Ph-like, PAX5 and CRLF2 fusion, PAX5 
(p.P80R) mutation, ZNF384 fusion, or DUX4 fusion were 
blocked mainly at the pre-pro-B and early-pro-B stages 
(Figure 4F, Figure S4C). Patients with ZEB2 (p.H1038R)/IGH:: 
CEBPE, TCF3/4::HLF, NUTM1 fusion, MEF2D fusion, 

Figure 4 Continued 
myeloid and lymphoid lineages were affected (for MPAL). For BCP-ALL patients with BCR::ABL1, the aberrations started from LMPP and mainly influenced 
the B cell lineage (for most BCP-ALL patients). For BCP-ALL patients with TCF3::PBX1, the alterations were mostly observed in pre-pro-B, early-pro-B, and 
late-pro-B lineages. The thickness of the line indicates the proportion of cells within that lineage. LASSO, least absolute shrinkage and selection operator; 
ANOVA, analysis of variance; MPAL, mixed phenotype acute leukemia.

Figure 5 Overview of the HematoMap package design, main functionalities, and analysis workflow  
A. Structure of the HematoMap package. B. Overview of the main functionalities in HematoMap. The headers of boxes describe available functional 
modules, including input and visualization. The brief descriptions and the corresponding functions are listed in module boxes. C. Snapshots of 
applications for the visualization of scRNA-seq and bulk RNA-seq data developed using the R Shiny package. The left panel shows the tool for visualizing 
the circle tree of the example scRNA-seq data (taking the APL sample as an example). The middle panel shows the visualization of the cluster tree. The 
right panel shows the tool for mapping the LASSO score of bulk RNA-seq data to the cluster tree.
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TCF3::PBX1, or IKZF1 (p.N159Y) mutation had higher early/ 
late-pro-B signatures (Figure 4F, Figure S4C).

For illustration, we selected five representative lineage aberra
tions of AML and BCP-ALL, including two myeloid models for 
AML, one mixed lineage model for MPAL, and two lymphoid 
models for BCP-ALL (Figure 4G). Generally, for normal 
BMMCs, the relative ratio for each cell type was normalized to 
nearly 1.0, which could help us better interpret aberrations in 
AML and BCP-ALL (Figure 4G). Compared with those in the 
PML::RARA AML patients, leukemic cell aberrations in the 
MD-related/-like AML patients occurred relatively earlier, with a 
focus on the LMPP–CMP differentiation axis (Figure 4G). With 
respect to BCP-ALL, KMT2A fusion was previously reported to 
belong to MPAL [4], and the bilineage aberration was observed 
via tree-shaped visualization (Figure 4G). For the other two sub
types of BCP-ALL, BCR::ABL1/Ph-like BCP-ALL tended to be 
MPAL and the lineages were altered mainly on the B cell differen
tiation axis, whereas TCF3::PBX1 BCP-ALL was at the early- 
pro-B stage (Figure 4G).

Development and deployment of the 
HematoMap package
We developed an R package, HematoMap, that offers a com
prehensive analysis workflow for cell-type annotation, lineage 
aberrancy inference, and visualization in both scRNA-seq and 
bulk RNA-seq applications (Figure 5A). Our package is built on 
preannotated normal BMMCs and preestablished algorithms to 
ensure the accuracy and reliability of the results. HematoMap 
can run seamlessly on several platforms, including Linux, 
Windows, and macOS, and provides an easy-to-use workflow 
for users (Figure 5B). One of the key features of HematoMap is 
its manually curated annotation database for normal BMMCs. 
This resource is particularly useful for researchers studying he
matopoietic hierarchy. Moreover, we developed an R Shiny- 
based interactive interface that is even easier to use (Figure 5C). 
The main functionalities developed in HematoMap provide 
services directed from scRNA-seq and bulk RNA-seq data 
(Figure 5C). The package can generate subclusters on the basis 
of cell-type identification, and the cell types can be mapped 
onto a circular tree for visualization purposes (Figure 5C). The 
package also offers a tree-shaped visualization for lineage aber
rancy interpretation, making it easier to identify abnormalities 
in the cell lineage (Figure 5C). Overall, HematoMap provides a 
powerful tool for the analysis of hematopoietic cell populations, 
with broad applications in diverse research areas.

Discussion
Understanding the cell-of-origin and pathogenic mechanisms 
of acute leukemia, an aggressive hematologic malignant dis
ease, has received much attention. A number of classical 
models, including the genomic [4], stem cell [36], and 
“multihit” [37] models, have been proposed, but they were 
all built on the basis of normal hematopoiesis. The accumula
tion of transcriptome-based profiles of acute leukemia, cou
pled with the integration and reanalysis of scRNA-seq and 
bulk RNA-seq data, has greatly improved the disease classifi
cation framework, resulting in new insights into leukemogen
esis [21,38–41]. Therefore, a curated resource based on the 
scRNA-seq data of normal BMMCs will be useful for 
researchers investigating leukemogenesis. With HematoMap, 
we offer a resource database of normal BMMCs and a series 
of analyses to infer leukemogenesis from scRNA-seq/bulk 

RNA-seq data from AML and BCP-ALL. This package 
should be helpful in analyzing large AML and BCP-ALL 
cohorts with high performance particularly when in-house 
generated and external validation data are used. With a user- 
friendly workflow, HematoMap allows running from data 
input to output visualization and has the potential to support 
cell-of-origin exploration and therapeutic target identifica
tion for relevant leukemia settings in the future.

The interpatient and intrapatient heterogeneity in acute leuke
mia is complex because of the genetic alterations involved. By 
reclassifying transcriptome-wide subtypes of acute leukemia, we 
determined the similarities among the different subgroups [21]. 
At the molecular level, patients in the same subgroup, such as 
BCR::ABL1/Ph-like patients, might harbor different fusions/ 
mutations but still share similar gene expression patterns and be 
sensitive to the same treatment. This knowledge lays a founda
tion for transcriptome-wide subtyping and treatment–response 
prediction. Conversely, through in-depth investigations via 
scRNA-seq, patients in the same subgroup might harbor similar 
cellular compositions and cells-of-origin at the phenotypic level. 
For deconvolution analysis of bulk RNA-seq data in hematologic 
malignancies, the similar expression signatures between leukemic 
blast cells and deviations during percentage estimation necessitate 
more precise methods. We chose LASSO because it offers greater 
sensitivity to character selection and superior speed and efficiency 
in analyzing gene expression data compared with well- 
established tools such as CIBERSORTx [42] and EcoTyper 
[43,44]. Different deconvolution methods are suitable for differ
ent scenarios, and combining multiple methods for application is 
encouraged [32]. In general, HematoMap helps deconvolute the 
cellular abundance levels, infer lineage involvement, illustrate 
changes in the cellular composition, and identify dysregulated 
genes relevant to leukemogenesis on the basis of scRNA-seq and 
bulk RNA-seq data.

There are still limitations to HematoMap. One limitation 
is the establishment of the LIKE score for the continuous dif
ferentiation axis, which might inflate the differences among 
various cell differentiation stages. Because T cell development 
and maturation do not occur in the BM, HematoMap cannot 
be used to calculate the LIKE score for T-ALL patients. 
Additionally, there are still limitations in capturing neutro
phils in the BM with the existing technology, highlighting the 
need for more targeted research on neutrophil differentiation. 
Another limitation is the similar gene expression signatures 
among different normal HSPCs. Although the specificity of 
each gene expression signature of the cell subclusters was en
hanced by the cosine distance and LIKE score, collinearity 
was not completely eliminated. However, with the increasing 
availability of multi-omics data, including proteomic and epi
genomic data, HematoMap could be further expanded to en
compass more resources and functionalities.

Conclusion
This study presents a comprehensive reanalysis of scRNA-seq 
and bulk RNA-seq data from normal and leukemic BMMCs. 
Our efforts resulted in the construction of a hierarchy-based 
reference for normal hematopoiesis at single-cell resolution. 
Furthermore, we have developed the LIKE score to estimate 
the cellular compositions of AML and BCP-ALL leukemic 
BMMCs. By systematically comparing cellular composition 
changes with those observed in normal BMMCs, we success
fully inferred lineage aberrations and organized them within 
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the framework of the established hierarchy-based normal ref
erence. The integration of these findings, along with curated 
database resources, novel algorithms, and advanced visuali
zation tools, has culminated in the creation of HematoMap. 
The performance and utility of HematoMap have been dem
onstrated through applications using scRNA-seq and bulk 
RNA-seq data in large AML and BCP-ALL cohorts. We an
ticipate that HematoMap will be an invaluable tool for the 
hematology/oncology scientific community, offering capabili
ties for reference resource sharing, lineage aberration infer
ence and visualization, and as illustrated in this study, 
transcriptomic insights into the cell-of-origin underlying the 
pathogenesis of AML and BCP-ALL.

Materials and methods
Sample and data collection
In this study, all the included datasets were collected from previ
ous publications, as shown in Table S1, and then analyzed. For 
scRNA-seq data collection (scDS1–6), raw sequencing data 
were downloaded from the Gene Expression Omnibus (GEO) 
of the National Center for Biotechnology Information (NCBI, 
https://www.ncbi.nlm.nih.gov/geo/) [45] or the Genome 
Sequence Archive for Human (GSA-Human) of the National 
Genomics Data Center (NGDC), China National Center for 
Bioinformation (CNCB) (https://ngdc.cncb.ac.cn/gsa-human) 
[46]. The raw sequencing data of scDS1 [24] (GEO: 
GSE132509), scDS2 [25] (GEO: GSE130116), and scDS3 [13] 
(GEO: GSE120221) were downloaded and transferred into 
FASTQ format using the SRA Toolkit (v2.11.0). To obtain 
gene expression matrices from scDS1, scDS2, scDS3, and 
scDS6, we used Cell Ranger (10X Genomics, default settings, 
v6.0.2) to align the scRNA-seq FASTQ data onto the human 
GRCh38 reference (2020-A version). Both the Cell Ranger soft
ware and the human reference were downloaded from the 10X 
Genomics website (https://www.10xgenomics.com/). For sam
ples in scDS4 [18] and scDS5 [19], the raw sequencing data 
were downloaded from the GEO database (GEO: GSE116256 
and GSE130756, respectively) and transferred into FASTQ for
mat using the SRA Toolkit. The expression profiles of scDS4 
and scDS5 were obtained from the supplementary files in GEO. 
For the collection of bulk RNA-seq data, raw data from 
bulkDS1 were also downloaded from the GEO database (GEO: 
GSE120444). The expression profile of bulkDS2 (TCGA- 
LAML) was downloaded from the NCBI’s Genomic Data 
Commons (GDC, https://portal.gdc.cancer.gov/). For bulkDS3 
(Beat-AML), the expression profile was obtained from the sup
plementary data of the original paper [35]. For the BCP-ALL 
bulk RNA-seq data (bulkDS4), the bulk RNA-seq and clinical 
datasets were collected from five significant research cohorts, in
cluding 1223 BCP-ALL cases available from our previous study 
[21]. For the AML bulk RNA-seq cohort (bulkDS5), the data 
were collected as described in our previous study [20]. For 
scRNA-seq of APLs, the raw sequencing data were downloaded 
from the GSA-Human (GSA-Human: HRA003777) [32].

Preprocessing of scRNA-seq data
To integrate the scRNA-seq data, the gene expression profile of 
each sample was imported into the Seurat R package [27]. Low- 
quality cells (expressed genes < 300, unique counts > 30,000 
or < 500, expressed mitochondrial RNA > 10%, or marked 
doublets via DropletUtils [47]) were removed for quality con
trol. Then, 25 normal BMMC samples were selected for cell- 

type annotation and normal reference construction. The expres
sion profiles of 103,871 cells from the 25 samples were merged 
as input for the Seurat analysis. The Seurat package, with de
fault settings, was used to normalize and scale the expression 
matrix. To reduce the dimensionality of the expression matrix, 
a principal component analysis was performed on 3000 highly 
variable genes. Batch effects were adjusted using Harmony [26] 
with parameters set to max.iter.harmony ¼ 5 and sigma ¼
0.15. Unsupervised cell clusters were acquired using a graph- 
based clustering approach (Louvain algorithm, top 30 dimen
sions selected, resolution ¼ 1), and visualized via Uniform 
Manifold Approximation and Projection (UMAP) [48] with di
mensionality reduction. The single-cell source expression data 
of 25 normal BMMC samples for HematoMap are accessible 
on figshare (https://doi.org/10.6084/m9.figshare.24447412).

Annotation of cell types in normal BMMCs
The cell-type annotation of normal BMMCs was conducted 
using the following steps: (1) Identification of major cell pop
ulations. Unsupervised clustering was performed on the nor
mal BMMCs, and 38 clusters were identified. Marker genes 
of each cluster were calculated using the “FindAllMarkers” 
function with the following criteria: log2 (fold change) >
0.25, min.pct > 0.1, and adjusted P value < 0.05. The cells 
were annotated using both the machine-learning-based soft
ware SingleR [30] and the high expression of canonical hema
topoietic markers (i.e., CD34 for HSPCs, CD14 for 
monocytes, CD1C for DCs, CD3 for T cells, CD79A for 
B cells, and CA1 for erythrocytes) in each cluster. Four lineages 
(HSPCs, myeloid cells, B cells, and T/NK cells), including eight 
cell populations (HSPCs, monocytes, DCs, erythrocytes, B cells, 
CD8þ T cells, CD4þ T cells, and NK cells), were identified. (2) 
Identification of cell types. Cells in each population were 
extracted and analyzed via an independent Seurat workflow. 
For example, to identify cell types in HSPCs, the expression 
matrix for HSPCs was normalized and scaled, and unsuper
vised cell clusters were acquired using a graph-based clustering 
approach. Cell markers for each cluster were calculated. The 
Max-Min K-means algorithm was used to generate subclusters. 
The cell types were identified by the relative expression 
levels of canonical hematopoietic markers (Table S2). (3) 
Confirmation of cell types. The cell marker expression levels of 
1079 subclusters were confirmed, and the cell-type annotations 
were rechecked manually.

Inference of lineage aberrations using scRNA-seq
The stages of cell differentiation form a classical hematopoietic 
hierarchy [49,50]. HSCs/MPPs are at the apex of the hemato
poietic hierarchy and produce precursors of various blood cell 
lineages, such as megakaryocytes, erythrocytes, monocytes, 
granulocytes, B cells, and T/NK cells. We used hierarchy-based 
visualization to visualize normal hematopoiesis. To estimate the 
similarities between the normal and leukemic subclusters, we 
first calculated their cosine distances. The LIKE score of each 
leukemic subcluster was determined using the cosine distance to 
the normal subcluster and the distance to the differentiation 
process initiating from the HSC/MPP. Lineage aberrancy was 
estimated based on the ratio of the percentage of leukemic 
BMMCs to that of normal BMMCs.

The cosine similarity distance was used to quantify the sim
ilarities between the gene expression profiles of leukemia- 
associated subclusters (matrix A) and normal BMMCs and 
HSC/MPP subclusters (matrix B). The cosine similarity, 
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symbolized as sim(A, B), is calculated by taking the dot prod
uct of matrices A and B and dividing this by the product of 
their magnitudes: 

sim A; Bð Þ ¼
A � B
Aj jj j Bj jj j

Subsequently, d(A, B) was defined as the distance between 
subclusters as one minus the cosine similarity: 

d A; Bð Þ ¼ 1 � sim A; Bð Þ

The LIKE score for each leukemia-related subcluster was 
then derived on the basis of these distances. For most cell 
types, this score is a product of the similarity score between 
the leukemia subcluster and the normal BMMC subcluster, 
adjusted by the similarity score to the differentiation process 
initiating from the HSC/MPP. However, for T/NK cells — a 
category distinct in its lineage — the LIKE score is equated di
rectly to the similarity score with its normal counterpart: 

like A; Bð Þ ¼
sim A; Bð Þ � sin θð Þ ðOthersÞ
sim A; Bð Þ ðT=NK cellsÞ

(

RNA-seq, alignment, and expression analyses
Raw FASTQ files were aligned to the human reference ge
nome. For gene expression analyses, the human reference ge
nome GRCh38 (v40) and its annotation file were 
downloaded from the GENCODE database (https://www.gen 
codegenes.org/). Salmon (v1.8.0) [51] was used to generate 
the counts and the transcripts per kilobase of exon model per 
million mapped reads matrix for all the patients. For the 
BCP-ALL and AML cohorts from multiple centers, batch 
effects were adjusted using the sva package [52]. For compar
isons with normal BMMCs, the “normalizeBetweenArrays” 
function in the limma package [53] was used to normalize ex
pression among BCP-ALL, AML, and normal BMMCs.

Establishment of a LASSO-based score model
The mean expression values of the 1079 subclusters were 
used for the LASSO regression analysis, and a 10-fold cross- 
validation was applied to determine the optimal value of pen
alty parameter λ with the R package glmnet [54]. Subclusters 
were separated by the related cell types. A LASSO model was 
constructed independently for each cell type.

Code availability
The source code for the R package is available on GitHub 
(https://github.com/NRCTM-bioinfo/HematoMap). The source 
code has also been submitted to BioCode at the NGDC, CNCB 
(BioCode: BT007581), which is publicly accessible at https:// 
ngdc.cncb.ac.cn/biocode/tool/7581. For a detailed tutorial on 
HematoMap, please visit our online tutorial at https://nrctm-bio 
info.github.io/HematoMap/index.html.

CRediT author statement
Yuting Dai: Methodology, Software, Writing − original draft, 
Visualization, Validation, Funding acquisition. Wen Ouyang: 
Methodology, Software, Writing − original draft, 

Visualization, Data curation. Wen Jin: Resources, Validation. 
Fan Zhang: Resources, Validation, Funding acquisition. 
Wenyan Cheng: Resources. Jianfeng Li: Resources. Shuo He: 
Validation, Visualization. Junqi Zong: Validation, 
Visualization. Shijia Cao: Validation, Visualization. Chenxin 
Zhou: Validation, Visualization. Junchen Luo: Validation, 
Visualization. Gang Lv: Resources. Jinyan Huang: Resources. 
Hai Fang: Supervision, Funding acquisition, Writing − review 
& editing. Xiaojian Sun: Supervision, Writing − review & 
editing. Kankan Wang: Supervision, Funding acquisition, 
Writing − review & editing. Saijuan Chen: Supervision, 
Writing − review & editing. All authors have read and ap
proved the final manuscript.

Competing interests
The authors have declared no competing interests.

Supplementary material
Supplementary material is available at Genomics, Proteomics & 
Bioinformatics online (https://doi.org/10.1093/gpbjnl/qzaf005).

Acknowledgments
This work was supported by the National Natural Science 
Foundation of China (Grant No. 82200153 to Yuting Dai; 
Grant Nos. 82350710226 and 82370178 to Kankan Wang; 
Grant No. 32170663 to Hai Fang; Grant No. 82200116 to 
Fan Zhang), the National Key R&D Program of China 
(Grant No. 2023YFA1800401 to Kankan Wang), the 
Interdisciplinary Program of Shanghai Jiao Tong University 
(Grant No. YG2022QN008 to Yuting Dai), and the 
Innovative Research Team of High-Level Local Universities 
in Shanghai, China. The computations in this study were per
formed on the Astra High Performance Computing Cluster 
supported by National Research Center for Translational 
Medicine at Shanghai, Ruijin Hospital, Shanghai Jiao Tong 
University School of Medicine, Shanghai, China.

ORCID
0000-0001-8275-2115 (Yuting Dai)
0009-0009-1962-9099 (Wen Ouyang)
0000-0002-5084-2076 (Wen Jin)
0000-0001-5229-7529 (Fan Zhang)
0000-0003-4347-5981 (Wenyan Cheng)
0000-0003-2349-208X (Jianfeng Li)
0009-0009-0941-4908 (Shuo He)
0009-0006-4882-6858 (Junqi Zong)
0009-0004-3757-2341 (Shijia Cao)
0009-0007-3921-2536 (Chenxin Zhou)
0009-0009-5108-9854 (Junchen Luo)
0000-0003-2573-8813 (Gang Lv)
0000-0002-8053-0209 (Jinyan Huang)
0000-0003-3961-8572 (Hai Fang)
0000-0001-8826-4614 (Xiaojian Sun)
0000-0001-7198-2134 (Kankan Wang)
0000-0003-3789-1284 (Saijuan Chen)

12                                                                                                                                        Genomics, Proteomics & Bioinformatics, 2025, Vol. 23, No. 2 
D

ow
nloaded from

 https://academ
ic.oup.com

/gpb/article/23/2/qzaf005/8011377 by G
enom

ic & Bioinfom
atic C

enter,C
AS user on 29 Septem

ber 2025

https://www.gencodegenes.org/
https://www.gencodegenes.org/
https://github.com/NRCTM-bioinfo/HematoMap
https://ngdc.cncb.ac.cn/biocode/tool/7581
https://ngdc.cncb.ac.cn/biocode/tool/7581
https://nrctm-bioinfo.github.io/HematoMap/index.html
https://nrctm-bioinfo.github.io/HematoMap/index.html
https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf005#supplementary-data
https://doi.org/10.1093/gpbjnl/qzaf005


References
0[1] DiNardo CD, Garcia-Manero G, Pierce S, Nazha A, Bueso- 

Ramos C, Jabbour E, et al. Interactions and relevance of blast per
centage and treatment strategy among younger and older patients 
with acute myeloid leukemia (AML) and myelodysplastic syn
drome (MDS). Am J Hematol 2016;91:227–32.

0[2] Shafat MS, Oellerich T, Mohr S, Robinson SD, Edwards DR, 
Marlein CR, et al. Leukemic blasts program bone marrow adipo
cytes to generate a protumoral microenvironment. Blood 2017; 
129:1320–32.

0[3] Arber DA, Orazi A, Hasserjian R, Thiele J, Borowitz MJ, Le Beau 
MM, et al. The 2016 revision to the World Health Organization 
classification of myeloid neoplasms and acute leukemia. Blood 
2016;127:2391–405.

0[4] Alexander TB, Gu Z, Iacobucci I, Dickerson K, Choi JK, Xu B, et 
al. The genetic basis and cell of origin of mixed phenotype acute 
leukaemia. Nature 2018;562:373–9.

0[5] Pagliaro L, Chen SJ, Herranz D, Mecucci C, Harrison CJ, 
Mullighan CG, et al. Acute lymphoblastic leukaemia. Nat Rev 
Dis Primers 2024;10:41.

0[6] Pui CH, Relling MV, Downing JR. Acute lymphoblastic leuke
mia. N Engl J Med 2004;350:1535–48.

0[7] Bian Z, Gong Y, Huang T, Lee CZW, Bian L, Bai Z, et al. 
Deciphering human macrophage development at single-cell reso
lution. Nature 2020;582:571–6.

0[8] Guilliams M, Mildner A, Yona S. Developmental and functional 
heterogeneity of monocytes. Immunity 2018;49:595–613.

0[9] Shi C, Pamer EG. Monocyte recruitment during infection and in
flammation. Nat Rev Immunol 2011;11:762–74.

[10] Anderson DA 3rd, Dutertre CA, Ginhoux F, Murphy KM. 
Genetic models of human and mouse dendritic cell development 
and function. Nat Rev Immunol 2021;21:101–15.

[11] Comazzetto S, Shen B, Morrison SJ. Niches that regulate stem 
cells and hematopoiesis in adult bone marrow. Dev Cell 2021; 
56:1848–60.

[12] Gao X, Hong F, Hu Z, Zhang Z, Lei Y, Li X, et al. ABC portal: a 
single-cell database and web server for blood cells. Nucleic Acids 
Res 2022;51:D792–804.

[13] Oetjen KA, Lindblad KE, Goswami M, Gui G, Dagur PK, Lai C, 
et al. Human bone marrow assessment by single-cell RNA se
quencing, mass cytometry, and flow cytometry. JCI Insight 2018; 
3:e124928.

[14] Qin P, Pang Y, Hou W, Fu R, Zhang Y, Wang X, et al. Integrated 
decoding hematopoiesis and leukemogenesis using single-cell se
quencing and its medical implication. Cell Discov 2021;7:2.

[15] Giambra V, Jenkins CE, Lam SH, Hoofd C, Belmonte M, Wang 
X, et al. Leukemia stem cells in T-ALL require active Hif1a and 
Wnt signaling. Blood 2015;125:3917–27.

[16] Tamiro F, Weng AP, Giambra V. Targeting leukemia-initiating cells 
in acute lymphoblastic leukemia. Cancer Res 2021;81:4165–73.

[17] Taussig DC, Vargaftig J, Miraki-Moud F, Griessinger E, Sharrock 
K, Luke T, et al. Leukemia-initiating cells from some acute mye
loid leukemia patients with mutated nucleophosmin reside in the 
CD34− fraction. Blood 2010;115:1976–84.

[18] van Galen P, Hovestadt V, Wadsworth Ii MH, Hughes TK, 
Griffin GK, Battaglia S, et al. Single-cell RNA-seq reveals AML hi
erarchies relevant to disease progression and immunity. Cell 
2019;176:1265–81.e24.

[19] Wu J, Xiao Y, Sun J, Sun H, Chen H, Zhu Y, et al. A single-cell 
survey of cellular hierarchy in acute myeloid leukemia. J Hematol 
Oncol 2020;13:128.

[20] Cheng WY, Li JF, Zhu YM, Lin XJ, Wen LJ, Zhang F, et al. 
Transcriptome-based molecular subtypes and differentiation hier
archies improve the classification framework of acute myeloid 
leukemia. Proc Natl Acad Sci U S A 2022;119:e2211429119.

[21] Li JF, Dai YT, Lilljebjorn H, Shen SH, Cui BW, Bai L, et al. 
Transcriptional landscape of B cell precursor acute lymphoblastic 

leukemia based on an international study of 1223 cases. Proc 
Natl Acad Sci U S A 2018;115:E11711–20.

[22] Dai YT, Zhang F, Fang H, Li JF, Lu G, Jiang L, et al. 
Transcriptome-wide subtyping of pediatric and adult T cell acute 
lymphoblastic leukemia in an international study of 707 cases. 
Proc Natl Acad Sci U S A 2022;119:e2120787119.

[23] Khoury JD, Solary E, Abla O, Akkari Y, Alaggio R, Apperley JF, 
et al. The 5th edition of the World Health Organization 
Classification of Haematolymphoid Tumours: myeloid and his
tiocytic/dendritic neoplasms. Leukemia 2022;36:1703–19.

[24] Caron M, St-Onge P, Sontag T, Wang YC, Richer C, Ragoussis I, 
et al. Single-cell analysis of childhood leukemia reveals a link be
tween developmental states and ribosomal protein expression as a 
source of intra-individual heterogeneity. Sci Rep 2020;10:8079.

[25] Witkowski MT, Dolgalev I, Evensen NA, Ma C, Chambers T, 
Roberts KG, et al. Extensive remodeling of the immune microen
vironment in B cell acute lymphoblastic leukemia. Cancer Cell 
2020;37:867–82.e12.

[26] Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, 
et al. Fast, sensitive and accurate integration of single-cell data 
with Harmony. Nat Methods 2019;16:1289–96.

[27] Butler A, Hoffman P, Smibert P, Papalexi E, Satija R. Integrating 
single-cell transcriptomic data across different conditions, tech
nologies, and species. Nat Biotechnol 2018;36:411–20.

[28] Haghverdi L, Buttner M, Wolf FA, Buettner F, Theis FJ. Diffusion 
pseudotime robustly reconstructs lineage branching. Nat 
Methods 2016;13:845–8.

[29] Savage PA, Klawon DEJ, Miller CH. Regulatory T cell develop
ment. Annu Rev Immunol 2020;38:421–53.

[30] Aran D, Looney AP, Liu L, Wu E, Fong V, Hsu A, et al. Reference- 
based analysis of lung single-cell sequencing reveals a transitional 
profibrotic macrophage. Nat Immunol 2019;20:163–72.

[31] Zeng AGX, Bansal S, Jin L, Mitchell A, Chen WC, Abbas HA, et 
al. A cellular hierarchy framework for understanding heterogene
ity and predicting drug response in acute myeloid leukemia. Nat 
Med 2022;28:1212–23.

[32] Jin W, Dai Y, Chen L, Zhu H, Dong F, Zhu H, et al. Cellular hier
archy insights reveal leukemic stem-like cells and early death risk 
in acute promyelocytic leukemia. Nat Commun 2024;15:1423.

[33] Weng C, Yu F, Yang D, Poeschla M, Liggett LA, Jones MG, et al. 
Deciphering cell states and genealogies of human haematopoiesis. 
Nature 2024;627:389–98.

[34] Cancer Genome Atlas Research Network, Ley TJ, Miller C, Ding 
L, Raphael BJ, Mungall AJ, et al. Genomic and epigenomic land
scapes of adult de novo acute myeloid leukemia. N Engl J Med 
2013;368:2059–74.

[35] Tyner JW, Tognon CE, Bottomly D, Wilmot B, Kurtz SE, Savage 
SL, et al. Functional genomic landscape of acute myeloid leukae
mia. Nature 2018;562:526–31.

[36] Ng SW, Mitchell A, Kennedy JA, Chen WC, McLeod J, 
Ibrahimova N, et al. A 17-gene stemness score for rapid determi
nation of risk in acute leukaemia. Nature 2016;540:433–7.

[37] Wang YY, Zhao LJ, Wu CF, Liu P, Shi L, Liang Y, et al. C-KIT 
mutation cooperates with full-length AML1-ETO to induce acute 
myeloid leukemia in mice. Proc Natl Acad Sci U S A 2011; 
108:2450–5.

[38] Gu Z, Churchman M, Roberts K, Li Y, Liu Y, Harvey RC, et al. 
Genomic analyses identify recurrent MEF2D fusions in acute 
lymphoblastic leukaemia. Nat Commun 2016;7:13331.

[39] Zhang J, McCastlain K, Yoshihara H, Xu B, Chang Y, 
Churchman ML, et al. Deregulation of DUX4 and ERG in acute 
lymphoblastic leukemia. Nat Genet 2016;48:1481–9.

[40] Gerstung M, Papaemmanuil E, Martincorena I, Bullinger L, Gaidzik 
VI, Paschka P, et al. Precision oncology for acute myeloid leukemia 
using a knowledge bank approach. Nat Genet 2017;49:332–40.

[41] Lilljebjorn H, Henningsson R, Hyrenius-Wittsten A, Olsson L, 
Orsmark-Pietras C, von Palffy S, et al. Identification of ETV6- 
RUNX1-like and DUX4-rearranged subtypes in paediatric B-cell pre
cursor acute lymphoblastic leukaemia. Nat Commun 2016;7:11790.

Dai Y et al / Leukemic Analysis with HematoMap                                                                                                                                                              13 

D
ow

nloaded from
 https://academ

ic.oup.com
/gpb/article/23/2/qzaf005/8011377 by G

enom
ic & Bioinfom

atic C
enter,C

AS user on 29 Septem
ber 2025



[42] Newman AM, Steen CB, Liu CL, Gentles AJ, Chaudhuri AA, 
Scherer F, et al. Determining cell type abundance and expression 
from bulk tissues with digital cytometry. Nat Biotechnol 2019; 
37:773–82.

[43] Steen CB, Luca BA, Esfahani MS, Azizi A, Sworder BJ, Nabet BY, 
et al. The landscape of tumor cell states and ecosystems in diffuse 
large B cell lymphoma. Cancer Cell 2021;39:1422–37.e10.

[44] Luca BA, Steen CB, Matusiak M, Azizi A, Varma S, Zhu C, et al. 
Atlas of clinically distinct cell states and ecosystems across human 
solid tumors. Cell 2021;184:5482–96.e28.

[45] Clough E, Barrett T. The Gene Expression Omnibus database. 
Methods Mol Biol 2016;1418:93–110.

[46] Chen T, Chen X, Zhang S, Zhu J, Tang B, Wang A, et al. The 
Genome Sequence Archive Family: toward explosive data growth 
and diverse data types. Genomics Proteomics Bioinformatics 
2021;19:578–83.

[47] Griffiths JA, Richard AC, Bach K, Lun ATL, Marioni JC. 
Detection and removal of barcode swapping in single-cell RNA- 
seq data. Nat Commun 2018;9:2667.

[48] Becht E, McInnes L, Healy J, Dutertre CA, Kwok IWH, Ng LG, et 
al. Dimensionality reduction for visualizing single-cell data using 
UMAP. Nat Biotechnol 2019;37:38–44.

[49] Doulatov S, Notta F, Laurenti E, Dick JE. Hematopoiesis: a hu
man perspective. Cell Stem Cell 2012;10:120–36.

[50] Laurenti E, Gottgens B. From haematopoietic stem cells to com
plex differentiation landscapes. Nature 2018;553:418–26.

[51] Patro R, Duggal G, Love MI, Irizarry RA, Kingsford C. Salmon 
provides fast and bias-aware quantification of transcript expres
sion. Nat Methods 2017;14:417–9.

[52] Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva 
package for removing batch effects and other unwanted variation 
in high-throughput experiments. Bioinformatics 2012;28:882–3.

[53] Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma 
powers differential expression analyses for RNA-sequencing and 
microarray studies. Nucleic Acids Res 2015;43:e47.

[54] Simon N, Friedman J, Hastie T, Tibshirani R. Regularization 
paths for Cox’s proportional hazards model via coordinate de
scent. J Stat Softw 2011;39:1–13.

© The Author(s) 2025. Published by Oxford University Press and Science Press on behalf of the Beijing Institute of Genomics, Chinese Academy of Sciences / China 
National Center for Bioinformation and Genetics Society of China.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
Genomics, Proteomics & Bioinformatics, 2025, 23, 1–14
https://doi.org/10.1093/gpbjnl/qzaf005
Original Research

14                                                                                                                                        Genomics, Proteomics & Bioinformatics, 2025, Vol. 23, No. 2 
D

ow
nloaded from

 https://academ
ic.oup.com

/gpb/article/23/2/qzaf005/8011377 by G
enom

ic & Bioinfom
atic C

enter,C
AS user on 29 Septem

ber 2025


	Active Content List
	Introduction
	Results
	Discussion
	Conclusion
	Materials and methods
	Code availability
	CRediT author statement
	Competing interests
	Supplementary material
	Acknowledgments
	ORCID
	References


