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Single-cell technologies offer a unique opportunity to explore cellular het-
erogeneity in health and disease. However, reliable identification of cell types
and states represents a bottleneck. Available databases and analysis tools
employ dissimilar markers, leading to inconsistent annotations and poor
interpretability. Furthermore, current tools focus mostly on physiological cell
types, limiting their applicability to disease. We present the Cell Marker
Accordion, a user-friendly platform providing automatic annotation and
unmatched biological interpretation of single-cell populations, based on
consistency weighted markers. We validate our approach on multiple single-
cell and spatial datasets from different human and murine tissues, improving
annotation accuracy in all cases. Moreover, we show that the Cell Marker
Accordion can identify disease-critical cells and pathological processes,
extracting potential biomarkers in a wide variety of disease contexts. The
breadth of these applications elevates the Cell Marker Accordion as a fast,
flexible, faithful and standardized tool to annotate and interpret single-cell and
spatial populations in studying physiology and disease.

Single-cell RNA sequencing (scRNA-seq) characterizes the tran-
scriptome of each cell in large populations. This high-throughput
approach is the ideal choice to reveal the heterogeneous landscape of
normal and aberrant cell differentiationprocesses. It enables the study
of cells with diverse properties, including varying self-renewal capa-
city, multipotent potential, and high plasticity, which are critical in
infections, immune responses, and disease pathogenesis1–3. Spatial
omics further contribute by adding architectural context, revealing
how cells are organized within tissues and how this influences their
function4,5.

With the enormous opportunities offered by single-cell technolo-
gies, a new set of challenges is rapidly emerging in data analysis and
interpretation. Accurate and reliable annotation of cell types is key to
deriving faithful biological conclusions. Robustness in identifying cell
types is an essential prerequisite to discern disease-critical cells, char-
acterized by aberrant cell states responsible for disease initiation, pro-
gression and therapy resistance6. In addition, measuring the single-cell
activity of gene signatures or modules associated with pathologically
relevant pathways is fundamental to unraveling pathogenic mechan-
isms in aberrant cells7 and discovering potential disease biomarkers8.
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Identification of cell populations within single-cell data can be
executedmanually or automatically9. Manual annotation, based on the
investigator’s knowledge or derived from published literature, is gen-
erally subjective and often non-reproducible due to a lack of stan-
dardization. Many computational tools perform automatic annotation
by correlating reference expression data or transferring labels from
other single-cell datasets10–13. These approaches require reliable tran-
scriptomeprofiles of purified cells or high-quality annotated single-cell
data14. However, such reference datasets are not readily available,
especially for pathological samples; they can lack the cell populations
of interest and might be susceptible to technical specificities such as
platform or sequencing strategy15. Alternatively, automatic annotation
canbe achieved by employing predefined sets of cellmarker genes16–18.
Many current tools require the user to provide a collection ofmarkers,
a process prone to bias12,17,19.

We show that currently available gene marker databases are
extremely heterogeneous, contain different marker sets for the same
cell type, and employ a non-standard nomenclature and classification,
thus leading to inconsistent annotation of cell populations in scRNA-
seq and spatial data, and poor interpretability of results. Furthermore,
current tools and resources focus mostly on physiological cell types,
limiting the identification of disease-critical cells. To address these
issues and improve the interpretation of normal and aberrant cell
types in single-cell and spatial data, we developed the Cell Marker
Accordion, an easily accessible and well-documented platform con-
stituted by an interactive R Shiny web application requiring no pro-
gramming skills and an R package.

The Cell Marker Accordion database is built upon multiple pub-
lished databases of human and mouse gene markers for cell types
(Supplementary Data 1) (both general and tissue-specific), standard
collections of widely used cell sorting markers and literature-based
marker genes associated with disease-critical cells in multiple pathol-
ogies, including liquid and solid tumors. The Accordion database
allows marker genes to be weighted not only by their specificity but
also by their evidence consistency score, measuring the agreement of
different annotation sources. The Cell Marker Accordionweb interface
permits to explore the integrated collection of marker genes and to
easily browse hierarchies of cell types following the Cell Ontology
structure to obtain the desired level of resolution with tissue
specificity.

The Cell Marker Accordion R package allows to automatically
annotate healthy and aberrant populations in single-cell datasets from
multiple tissues, exploiting positive and negative markers from either
the built-in Accordion database or any gene signature of interest
provided by the user. Genes, cell types or pathways that mostly influ-
ence annotation results can be easily accessed and visualized to allow
the transparent interpretation of results.

We benchmarked the Cell Marker Accordion on multiple single-
cell and spatial omics datasets, using surface markers and expert-
based annotation as the ground truth. In all cases, we significantly
improved the annotation accuracy with respect to existing annotation
tools. Moreover, we show that the Cell Marker Accordion can be used
to identify pathological processes and disease-critical cells: leukemia
cell subtypes, including therapy-resistant cells, in acute myeloid leu-
kemia patients20,21; neoplastic plasma cells in multiple myeloma
samples22,23; malignant subpopulations in glioblastoma and lung ade-
nocarcinomapatients24,25; cell type alterations driven by pathologically
relevant mutations in myelodysplastic syndromes26,27; activation of
innate immunity pathways in bone marrow from mice with Mettl3
deletion or treated with METTL3 inhibitors28,29.

The Cell Marker Accordion is a fast, user-friendly, flexible and
comprehensive tool that improves the annotation and interpretation
of both physiological and pathological cell populations with single-cell
resolution.

Results
Widespread heterogeneity across annotation sources leads to
inconsistent cell type annotation
To unravel information discrepancies across currently available gene
marker databases, we automatically annotated a published scRNA-seq
dataset of human bone marrow30, extracting marker genes from
CellMarker2.031 and Panglao DB32, two of the most comprehensive
databases for cell type markers (Fig. 1A, see “Methods”). Cell type
annotation was often inconsistent between the two sources, showing
divergent cell types assigned to the same cluster (for example,
“hematopoietic progenitor cell” and “anterior pituitary gland cell”) or
different nomenclature (for example, “Natural killer cell” and “NK
cells”). We unfolded very high discrepancies in marker genes utilized
by these resources, with a maximum Jaccard similarity index of 0.23
between matching cell types (Fig. 1B).

To extend this initial observation, we systematically explored the
heterogeneity of seven availablemarker gene databases over common
cell types31–37 (see “Methods”). The comparison showed low con-
sistencybetween databases,with an average Jaccard similarity index of
0.08 and amaximumof 0.13 (Fig. 1C). These results show that different
marker gene databases inevitably lead to inconsistent interpretations
of the biological meaning of single-cell data and raise concerns with
profound consequences for data mining.

The Cell Marker Accordion: a user-friendly platform for the
annotation and interpretation of single-cell populations
To address the need of robust and reproducible identification of cell
types in single-cell datasets, we developed the Cell Marker Accordion,
comprising a gene marker database, an R shiny web app and an R
package to automatically annotate and interpret single-cell
populations.

We built the Cell Marker Accordion database by integrating 23
marker gene databases and cell sorting marker sources (Supplemen-
tary Data 1), distinguishing positive from negative markers (Fig. 2A).
Standardization was achieved by mapping the initial cell type
nomenclature to the Cell Ontology terms38 and tissue names to the
Uber-anatomy ontology (Uberon) terms39. Next, via database integra-
tion, we obtained a comprehensive set of cell-type-specific marker
genes, human and murine, in hundreds of tissues. Importantly, in the
Cell Marker Accordion database, genes are weighted by their specifi-
city score (SPs), indicating whether a gene is amarker for different cell
types, and by their evidence consistency score (ECs), measuring the
agreement of different annotation sources (see “Methods”).

The intuitive and interactive Accordion Shiny web interface per-
mits easy retrieval ofmarker genes associatedwith input cell types and
vice versa, starting from a list of candidate genes to obtain the
matching cell types (Fig. 2B right). Hierarchies of cell types can be
easily browsed following the Cell Ontology structure to select and
obtain the desired level of resolution in the markers. Users can upload
a custom sets of genes to either update the repository or perform cell
typemarker enrichment analysis, with no need for programming skills.

Finally, the Cell Marker Accordion R package allows to auto-
matically annotate cell populations based on the built-in database,
with the considerable advantage of weighting the markers according
to their evidence consistency and specificity scores (Fig. 2B, left and
Supplementary Fig. 1). The automatic annotation can be easily inte-
grated into a Seurat analysis workflow34, requiring as input only the
count matrix or a Seurat object. Built-in lists of positive and negative
cell cycle markers can be used to assign the appropriate cell cycle
phase to each cell or to evaluate quiescence. Any annotation proce-
dure can be easily enhanced by including custom gene lists associated
with cell types, specificpathways or signatures of interest. Importantly,
with respect to other tools, the Cell Marker Accordion implements
novel options to explore annotation results by providing the top
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marker genes that most significantly determine the final annotation.
The diversity or similarity of the top cell types competing for the same
annotation can be evaluated by inspecting their position along the Cell
Ontology tree (Supplementary Fig. 2).

TheCellMarkerAccordion improves theannotationof cell types
in complex single-cell and spatial multi-omics
To validate the Cell Marker Accordion, we undertook a benchmark
study to compare its annotation performance against five other
automatic tools based on markers: ScType40, SCINA19, clustifyR12,
scCATCH41 and scSorter17 (described in Supplementary Data 2), using
multiple publishedhumanandmurine datasets across different tissues
and platforms (Fig. 3, Supplementary Figs. 3 and 4).

First, we exploited a 93456-cell single-cell RNA-seq dataset42

acquired from fluorescent antibody-sorted (FACS) blood cells, based
on 15 cell surface markers and resulting in 10 different populations,
separately profiled, that we used as ground truth (Fig. 3A). Compared
to all the other tools12,17,19,40,41 (see “Methods”), the Cell Marker

Accordion shows improved cell type assignment (Fig. 3B) and lower
running time (Fig. 3C), making it suitable for larger datasets and real-
world applications. Furthermore, we provide unique visualizations to
boost the interpretation of results in terms of cell types competing for
the final annotation (Fig. 3D), together with their similarity based on
the Cell Ontology hierarchy (Fig. 3E) and the top influential marker
genes (Fig. 3F).

To extend our benchmark, we selected two human bone marrow
datasets, obtained via similar multi-omics methods (CITE-seq and
AbSeq), that simultaneously captured RNA and protein
expressions43,44. In the first case, 25 barcoded antibodies were used to
quantify surface proteins and identify 14 different cell types in 30,602
total cells (Supplementary Fig. 3A). The second dataset comprised
13,159 cells, classified into 24 different cell types according to the
expression of 97 barcoded antibodies (Supplementary Fig. 3B). We
considered surface markers as the ground truth to evaluate and
compare annotation results. Additionally, we analyzed five single-cell
RNA-seq datasets derived from different tissues: immune system
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(https://www.ebi.ac.uk/gxa/sc/experiments/E-HCAD-4), pancreas45,
liver46, lung47 and kidney45 all of which featured expert-curated cell
type annotations serving as the ground truth (Supplementary Fig. 3C
and Supplementary Fig. 4A−D). Notably, in all cases, the Cell Marker
Accordion showed improved annotation performances, with an aver-
age increase of approximately 23% with respect to the other tools

(Fig. 3G, Supplementary Data 3 for a breakdown of the results in each
cell type).

Finally, to show the potential of the Cell Marker Accordion in
annotating spatially resolved transcriptomics, we took advantage of a
recently published adultmousebrainMERFISH dataset, with a panel of
1122 genes48. We considered a single brain coronal section, containing
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37,068 cells and 34 annotated cell types, used as ground truth (Fig. 4A
and Supplementary Fig. 5). First, we performed cell type annotation
with the Cell Marker Accordion (Fig. 4B). Notably, the spatial mapping
of the identified cell types revealed high similarity with the original
annotation (Fig. 4C). Also in the spatial scenario, the Cell Marker
Accordion annotation performance improved by over 13% compared
to the other tools (Fig. 4D, see “Methods” and Supplementary Data 3).

Overall, these benchmarking results highlight the Cell Marker
Accordion as a novel tool to obtain fast, more robust, consistent and
highly interpretable annotation of cell populations in single-cell and
spatial data.

The Cell Marker Accordion identifies disease-critical cells in
human pathologies
Many pathologies, including tumors, contain critical cell populations
exhibiting altered states and aberrant gene expression. These disease-
critical cells significantly influence disease progression and treatment
outcomes20. Thepersistenceof a selective subset ofmalignant cells has
been considered the underlying cause of the high relapse rates com-
monly observed in a variety of cancer patients49–51. Identifying and
characterizing disease-critical cells in human pathologies is pivotal for
improving diagnosis towards interceptive medicine8, understanding
pathogenesis and therapy resistance mechanisms, and developing
novel therapies to specifically target and eradicate cancer-initiating
cells while minimizing adverse effects on healthy cells. To expand the
Cell Marker Accordion to the analysis of pathologies, we created a
“disease” collection. We integrated marker genes associated with
disease-critical cells found in multiple pathologies, including different
tumor types affecting blood, brain, lung, pancreas and other tissues
(Fig. 5A). To obtain a standardized and consistent vocabulary of
pathologies, we mapped disease terms to the Disease Ontology52.

Notably, we collected more than 1073 markers associated with
acutemyeloid leukemia (AML), oneof themost common types of blood
cancer in adults53. A major challenge in AML treatment is the survival of
a few therapy-resistant cells. Among these, leukemic hematopoietic
stem cells (LHSCs) are key factors contributing to disease progression
and relapse20,49,54,55. Therapy-resistant cells can show neoplastic mono-
cytic features, associated with lower remission rates and overall
survival56–58. To show the potential of the Cell Marker Accordion in
identifying disease-critical cell types, we analyzed a published scRNA-
seq dataset of CD34+ bonemarrow cells from 5 healthy controls and 14
AML patients59. First, healthy cell types were annotated (Fig. 5B). Next,
by exploiting LHSC and neoplastic monocyte marker genes, the Cell
Marker Accordion was able to assign an LHSC score and a neoplastic
monocyte score for each cell (Fig. 5C, D). Notably, we observed an
accumulation of LHSCs in AML progenitor populations (Fig. 5C), as well
as an increase of neoplastic monocytes within AML monocyte-derived
populations (Fig. 5D). Toextendour analysis to the contextof therapies,
we took advantage of another published scRNA-seq dataset of human
bone marrow, with sequential samples at diagnosis and relapse from
patients treated with the BCL-2 inhibitor venetoclax57. As for the pre-
vious dataset, we first annotated healthy cell types (Fig. 5E). LHSCs and
neoplastic monocytes were identified (Fig. 5F, G). Consistent with
published results27, we detected cells with high LHSC scores within

progenitor populations and high neoplastic monocyte cell scores in
monocyte-derived cells at diagnosis (Fig. 5F, G). At relapse, weobserved
the disappearance of LHSCs, implying that venetoclax-based treatment
can target and eradicate them (Fig. 5F, H). Instead, neoplastic mono-
cytes persisted after therapy, confirming, as previously proposed57,60–62,
that the mechanism of resistance to venetoclax resides in an aberrant
monocytic population (Fig. 5G, H). These results suggest thatmalignant
cell heterogeneity plays a significant role in treatment response and
disease progression20,61. To further characterize the properties of leu-
kemia aberrant cell types in AML patients, we extracted with the Cell
Marker Accordion the top altered markers defining either LHSCs or
neoplastic monocytes (Fig. 5I).

We further demonstrated the potential of the Cell Marker
Accordion in identifying disease-critical cells in single-cell datasets
frompatientswithmultiplemyeloma (MM) (Supplementary Fig. 6).We
exploited a published scRNA-seq dataset of sorted bone marrow
plasma cells from 11 healthy controls and 12MM patients63 (Supple-
mentary Fig. 6A). We identified neoplastic plasma cells with a sig-
nificantly higher score in MM patients (Supplementary Fig. 6B, C).
These cells were clustered in patient-specific groups by the expression
levels of specific immunoglobulin variable regions, suggesting distinct
clonotypes (Supplementary Fig. 6D−G). Importantly, the Cell Marker
Accordion was able to extract genes that are most critical for defining
the identity of malignant plasma cells. (Supplementary Fig. 6F).

We next compared the Cell Marker Accordion performance in
identifying aberrant tumor populations with respect to two available
tools, SCEVAN64 and CopyKAT65, which identify tumor cells through
calling copy number variations (CNV). For our benchmark, we
exploited two published single-cell RNAseq datasets of glioblastoma
and lung adenocarcinoma patients24,25. In the glioblastoma dataset,
malignant cells were identified based on the expression of a gene list
provided by the original authors (see “Methods” and Supplementary
Fig. 7) and were subsequently used as the ground truth. The lung
adenocarcinoma dataset already included a classification of tumoral
cells, which was directly used as ground truth. Performance anno-
tation was assessed using two metrics: the percentage of correctly
annotated cells and the corresponding F1 scores (see “Methods”).
The Cell Marker Accordion achieved the best performance, identi-
fying 100% of the malignant cells in the glioblastoma patients, with
an F1 score of 0.97 (Fig. 6A, B). Additionally, the Cell Marker Accor-
dion significantly outperformed the other tools in terms of speed
(Fig. 6C). While SCEVAN required more than 6 h and CopyKAT more
than 7 days to complete the annotation task, the Cell Marker
Accordion achieved this in less than 2min (Fig. 6C; see “Methods”).
Furthermore, while other tools can only distinguish malignant versus
non-malignant cells based on inferred CNV signatures, a defining
advantage of the Cell Marker Accordion is its ability to dissect
aberrant sub-populations based on expression alterations. In the
lung adenocarcinoma dataset, the Cell Marker Accordion not only
improved the accuracy in classifying malignant cells with respect to
SCEVAN and CopyKAT (0.84 vs 0.52 and 0.52 F1 scores, respectively),
but was also the only tool able to identify a small subpopulation of
endothelial cells with a neoplastic gene expression signature, in
agreement with the original publication25(Fig. 6D, E).

Fig. 3 | The Cell Marker Accordion improves the annotation of cell types in
multiple tissues from complex single-cell multiomics. Annotation of single-cell
datasets and interpretation of the results with the Cell Marker Accordion, and
performance comparison with other marker-based annotation tools. A Dataset of
PBMC FACS sorted cells separately profiled with single-cell RNA-seq. In total
15 surface antibodies were used to sort 10 different cell types, used as the ground
truth. Populations identified by the Accordion are color-coded in the UMAP, with
cluster numbers. B The Cell Marker Accordion annotation performance, measured
as the similarity between the identified cell types and the ground truth (see
“Methods”), is compared against other annotation tools. C Comparison of running

times across annotation tools (time axis is log scaled). Data are presented as mean
values ± SEM (n = 3). D Cell Marker Accordion interpretation of results: top three
cell types achieving the highest impact score for each cell cluster (the winning cell
type is highlighted). E Cell type annotation for cluster 5. Left: top three cell types,
ordered according to their impact score,with correspondingpercentagesof cells in
the cluster. Right: Cell Ontology tree of the top three cell types. F Top threemarker
genes with the highest impact score for each cell type, color-coded as (D).
GComparison of annotation performances between theCellMarker Accordion and
other tools in multiple single-cell datasets from different tissues. Source data are
provided as a Source Data file.
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Overall, these results provide evidence for the potential of theCell
Marker Accordion to identify malignant and neoplastic cells with
aberrant states in human pathologies and to investigate disease
mechanisms by extracting altered gene signatures in the quest for
biomarker discovery.

The Cell Marker Accordion identifies altered cell type compo-
sition in patients with splicing factor mutant myelodysplastic
syndromes
Mutations in splicing factor (SF) genes are prevalent in approximately
50% of patients with myelodysplasia (MDS) and acute myeloid leuke-
mia (AML)66–68. These mutations, especially the U2AF1 mutations, are
linked to a high risk of AML transformation and decreased survival
rates69–75. To explore the molecular mechanisms and biological impli-
cations that drive the clonal advantage of SF mutant cells over their
wild-type counterparts, we conducted single-cell RNA sequencing on
CD34+ cells fromMDS patients, either without SF mutations (n = 5) or

with the U2AF1 S34F mutation (n = 3). From a total of 62496 high-
quality cells (see “Methods”), we identified cell types with the Cell
Marker Accordion (Fig. 7A). Most resulting cell types were related to
blood progenitor cells, in line with the CD34+ cell sorting. To investi-
gate the impact of the U2AF1 S34F splicing factor mutation, we com-
pared cell type composition between U2AF1 WT and mutant patients
(Fig. 7B). Interestingly, we observed an increase in hematopoietic
multipotent progenitors, with a parallel decrease in erythroid lineage
cells (Fig. 7B). These results are consistent with the lineage-specific
alterations induced by U2AF1 S34F, with impaired erythroid
differentiation27,76.

By single-cell mutation calling on reads mapping to the U2AF1
locus (see “Methods”), we classified each cell fromU2AF1 S34F patient
samples as either WT or S34F (Fig. 7C). Notably, we observed that
different cell types were characterized by various fractions of mutant
cells, ranging from 5% to 32% (Fig. 7D). This data confirm a myelo-
monocytic shift with a reduction in megakaryocyte and erythroid
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lineage priming within hematopoietic stem and progenitor cells from
patients with S34FmutantMDS (Fig. 7C); accumulation ofmutant cells
within the megakaryocytic and erythroid lineage suggests a differ-
entiation defect conferred specifically by the S34F mutation (Fig. 7D).

Taken together, these results demonstrate that the Cell Marker
Accordion can effectively identify and dissect cell-type variations dri-
ven by pathologically relevant mutations.

The Cell Marker Accordion identifies the activation of innate
immunity pathways in mouse bone marrow
N6-methyladenosine (m6A) is the most abundant eukaryotic internal
mRNA modification and significantly influences RNA biology77–79. This
modification plays an important role in normal hematopoiesis, and
alterations in m6A metabolism are strongly associated with acute
myeloid leukemia pathogenesis, characterized by the overexpression

HD AML patients HD AML patients Bone marrow from HD (N=5)
 and AML patients (N=14)

erytrhoblast

APC

hematopoietic 
stem cell

granulocyte 
monocyte 
progenitor 

cell

large pre-
B-II cell

hematopoietic 
multipotent 

progenitor cell

mononuclear 
phagocyte

T cell

Neoplastic monocyte cell score
0 5 10

B C D

ECs
2 4 6

van Galen Pei

Leukemic hematopoietic stem cell markers

CD34
IL3RA

SMIM24
CLEC12A

IL2RA
FAM30A

BEX3
CD96
CD200
CDK6

IL1RAP
CD33

SOCS2
CD9
KIT

CD99
CD82

CPXM1
CD47

FCGR2A
510 0 0 105

Gene impact score

van Galen Pei
Neoplastic monocyte markers

CD14
CD300E
CLEC7A
CLEC12A

CFP
CEBPD
CD68

ARRB2
ADA2
CYBB

AGTRAP
FCER1G
DUSP6
EMP3
CTSD
CTSB
CTSS
AP1S2
ANXA5
COTL1

5 0 0 5
Gene impact score

Monocyte popoulation

0 5 10
Neoplastic

monocyte cell score

relapse

diagnosis

0 5 10 15 20
Leukemic hematopoietic

stem cell score

hematopoietic precursor cell

no cells

1.84e-93

AML

HD

−5 0 5 10

hematopoietic multipotent
progenitor cell

−5 0 5 10

mononuclear phagocyteH I

E F GBone marrow from AML patient at 
diagnosis (N=1) and relapse (N=1)

Diagnosis Relapse Diagnosis Relapse

0 5 10Leukemic hematopoietic stem cell score

0 5 10 15
Leukemic hematopoietic stem cell score Neoplastic monocyte cell score

large pre-
B-II cell

mature B 
cell

T cell

granulocyte 
monocyte 
progenitor 

cell

hematopoietic 
precursor cell

CD14-positive 
monocytemononuclear 

phagocyte

0 3 6

4.76e-61

1.11e-19

Collections of cell 
sorting markers

A Databases of gene markers

Mouse Human
Markers

Aberrant cell types
Tissues

Diseases

1567
98
19
50

5876
196

29
132

Integration & scoring

Standardization

Ontology
Anatomy 
Ontology

Disease
Ontology

Standard 
gene 

names
Standard 
aberrant 
cell types

Article https://doi.org/10.1038/s41467-025-60900-4

Nature Communications |         (2025) 16:5399 8

www.nature.com/naturecommunications


of the m6A methyltransferase METTL380,81. For this reason, pharma-
cological inhibition of METTL3 has been proposed as a therapeutic
strategy to treat leukemias and other tumors82.

To characterize the effect of m6A modulation on hematopoietic
populations, we applied the Cell Marker Accordion to two murine
single-cell datasets obtained from the bone marrow of Mettl3 condi-
tional knockout mice83 (Fig. 8A−D) and from mice upon pharmacolo-
gical inhibition of METTL3 with STM245784 (Fig. 8E–H). After

performing cell type annotation, we compared cell type compositions
(Fig. 8B, F). In both datasets, we observed an increase in stem cells and
megakaryocyte cells, together with a decrease in erythroid lineages
uponMettl3 deletion or inhibition (Fig. 8C, G). These observations are
in line with the original publications and with results obtained in pre-
vious studies28. Next, we performed cell cycle annotation based on lists
of cell-type phase-specific positive and negative markers (Fig. 8B, F,
right panels). With this procedure, we could detect cell cycle changes

Fig. 5 | The Cell Marker Accordion identifies disease-critical cell types in acute
myeloid leukemia patients. A Workflow for building the Cell Marker Accordion
Disease database. The resulting number of humanandmurinemarkers for aberrant
cell types associatedwith various diseases frommultiple tissues is reported. Mouse
and human illustrations created in BioRender. Tebaldi, T. (2025) https://BioRender.
com/x09w717. B Cell Marker Accordion annotation of human bone marrow cells
from healthy donors (HD) and acute myeloid leukemia (AML) patients59.
C,D Identificationof leukemic hematopoietic stem cells (LHSCs) (C) and neoplastic
monocytes (D). Cells are colored according to the Cell Marker Accordion scores.
E Annotation of human bone marrow cells from AML patients at diagnosis and
relapse after venetoclax treatment57. F,G Identification of LHSCs (F) and neoplastic
monocytes (G) in AML patients at diagnosis and relapse. H Distribution of LHSC
scores in hematopoietic progenitors (left) (HD, n = 1110; AML, n = 3005; diagnosis,

n = 89, relapse, n =0) and neoplastic monocyte scores in monocyte populations
(right) (HD, n = 518; AML, n = 2392; diagnosis, n = 409, relapse, n = 335) comparing
AML patients with healthy donors (top) and AML patients at diagnosis and at time
of relapse after venetoclax treatment (bottom). Theboxplots represent themedian
as the central line, while the lower and upper hinges correspond to the first and
third quartiles (25th and 75th percentiles). Whiskers extend to the smallest and
largest values within 1.5 times the interquartile range from the lower and upper
quartiles, respectively. One-tailed Wilcoxon Rank Sum test was used, P values are
displayed. IComparison ofmarker geneswith the highest impact in defining LHSCs
and neoplastic monocytes in the two leukemia datasets, for hematopoietic pro-
genitor cells and monocytes, respectively. Source data are provided as a Source
Data file.
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in specific hematopoietic cell types, in particular, an increase of G0
cells among stem cells and megakaryocytes (Fig. 8D, H).

Two recent studies by us and others turned the spotlight on
aberrant activation of innate immune pathways as a consequence of
response to the deletion of the m6A methyltransferase Mettl3 or
pharmacological inhibition, mediated by the formation of aberrant
endogenous double-stranded RNAs28,29. To explore the impact of the
knockout and the inhibition of Mettl3 on immunity in single-cell
datasets, the Cell Marker Accordion computed an “innate immune
response” score based on the activation of genes associated with this
signature (Supplementary Data 7). Notably, both in the case of Mettl3

KO and drug-induced Mettl3 inhibition, we obtained a significant
increase in the innate immune response score with respect to the
control condition (Fig. 8I). In addition, by extracting genes that mostly
influence the immune response score, we found a subset that exhibits
consistent activation in both murine models, as well as sets of genes
that are specifically activated in response to either the knockout or the
pharmacological inhibition of Mettl3 in murine hematopoietic stem
and progenitor cells (Fig. 8J).

Overall, these results demonstrate that the CellMarker Accordion
can be effectively used to characterize pathologically relevant path-
ways in disease or pharmacological treatment models.
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Discussion
Accurate identification of cell types and states within heterogeneous
and complex tissues is a prerequisite for comprehensive exploration
and interpretation of single-cell and spatial data to provide biological
insights. Yet, it is a challenging step in computational analysis
workflows10.

Here we present the Cell Marker Accordion, a user-friendly plat-
form encompassing an interactive R Shiny web application and an R
package designed to automatically identify and easily interpret single-
cell populations in both physiological and pathological conditions.
With respect to the majority of existing computational
methods12,17,19,40,41,64,65, the Cell Marker Accordion not only provides the
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user with an accurate annotation of cell types, but it is also able to
detect disease-critical cells and pinpoint altered pathways in aberrant
conditions, including cell cycle and quiescence analysis. The Cell
Marker Accordion combines positive and negative markers, providing
a more specific and unambiguous annotation. Cell types can be easily
browsed following the Cell Ontology hierarchy and the Uber-anatomy
ontology to obtain the desired level of resolution. With respect to
existing tools, the Cell Marker Accordion weights markers not only on
their specificity but also on their consistency among resources,
allowing a more robust cell type identification. Moreover, our tool
allows the inclusion of customized annotations, by incorporating any
weighted signature of interest. The biological interpretation of results
is straightforward and unmatched by existing tools since the Cell
Marker Accordion provides detailed information and graphics on
genes, cell types or pathways that exert the most significant influence
on annotation outcomes.

We validated the performance of the Cell Marker Accordion on 9
single-cell and spatial multi-omics datasets from different tissues,
considering surface markers and expert-based annotations as a
reference42–47. With no exception, the CellMarker Accordion improved
the identification of cell types compared to other available marker-
based annotation tools12,17,19,40,41,64,65, with an average increase of 23% in
annotation performance. Additionally, the Cell Marker Accordion is
remarkably faster than other tested tools, coupling high annotation
accuracy with exceptional computational efficiency.

Accurate identification of cell types is also a fundamental
requirement for investigating various pathologies, characterized by
disease-critical cells with aberrant gene expression, playing a central
role in disease progression and treatment response20. Identifying and
characterizing disease-critical cells is pivotal for improving diagnosis
and interceptive medicine8, understanding pathogenesis and therapy
resistance mechanisms, identifying biomarkers, and developing
effective therapies that minimize adverse effects on healthy cells.
Current annotation tools focus mostly on physiological cell types.
Some approaches, such as SCEVAN and CopyKAT, attempt to distin-
guishmalignant cancer cells in single-cell RNA-seq throughCNVcalling
but cannot be applied to pathologies with a minimal number of
genomic alterations, such as leukemias64,65. To fill this gap, the Cell
Marker Accordion includes weighted collections of marker genes
associated with disease-critical cells in multiple common diseases,
including solid and liquid tumors. By exploiting scRNA-seq datasets
from multiple tumors, we showed that the Cell Marker Accordion
effectively identifies aberrant cell types and extracts altered gene sig-
natures, with improved specificity and lower running times than
existing tools. While the Cell Marker Accordion’s customizability sug-
gests broad applicability in cancer and other diseases, our current
benchmark, focusedon two liquid and twosolid tumors, demonstrates
improved performance within these specific contexts. We plan to
expand this benchmark in the future as the availability of high-quality,
ground-truth datasets increases.

Besides identifying disease-critical cells, the Cell Marker Accor-
dion can be applied to the study and characterization of pathological
processes. We demonstrated this in the context of myelodysplastic
syndromes (MDS), wheremutations in splicing factors (SF) genes such
asU2AF1 areprevalent in approximately 50%of patients66–68 and linked
to decreased survival rates69–75. By applying the Cell Marker Accordion
to single-cell data that we generated from bone marrow of a small
cohort of MDS patients, we revealed skewing in the hematopoietic
lineages in patients with the U2AF1 S34F mutation. In particular, we
observed impaired erythroid differentiation27,76, pointing out the
impact of a pathologically relevant splicing factor mutation on inef-
fective hematopoiesis and clonal advantage. This approach could be
extended by tracking additional MDS mutations to determine their
effect at various stages in differentiation.

Finally, weused theCellMarker Accordion to dissect the effects of
m6A RNA modification77–79 and modulation of the METTL3 methyl-
transferase on hematopoiesis in murine models. Alterations in m6A
have been strongly associated with acute myeloid leukemia
pathogenesis80,81, and pharmacological inhibition of METTL3 has been
proposed as a therapeutic strategy82. The Cell Marker Accordion
identified cell cycle changes and activation of immune response
pathways in specific hematopoietic cell types, consistent with the
formation of aberrant endogenous dsRNAs upon METTL3
depletion28,29. We extracted gene signatures activated in response to
either the knockout or drug-mediated inhibition ofMETTL3 or both to
demonstrate that the Cell Marker Accordion can be utilized to char-
acterize pathologically relevant pathways in disease or pharmacolo-
gical treatment models.

Complementary to the Cell Marker Accordion, several annotation
tools exist that do not directly rely on marker genes85,86. These meth-
ods often rely on correlating reference expression data or transferring
learned labels from other annotated single-cell datasets. However,
these approaches necessitate high-quality and comprehensive refer-
ence datasets with annotated clusters for all relevant cell populations.
Importantly, they can be susceptible to technical variations, such as
differences in experimental platforms or sequencing strategies14.
Given the current rate of evolution in single-cell and spatial omics
technologies, this aspect cannot be underestimated. For this reason, a
direct comparison between these approaches and the Cell Marker
Accordion was not conducted in this study.

Fast-forward technological advances are expected to provide
increasingly accurate and comprehensive measurements of single-cell
and spatial populations. The Cell Marker Accordion is designed to
accommodate updates and new sources of information, aiming for a
more precise and refined cell type identification in diverse contexts
and across different types of data. Possible extensions of the Cell
Marker Accordion include single-cell approaches profiling chromatin
accessibility87 or deconvolution of low-resolution spatial omics data.

In conclusion, the Cell Marker Accordion is a user-friendly, fast,
flexible and powerful tool that can be exploited to improve the

Fig. 8 | The Cell Marker Accordion identifies activation of innate immunity
pathways in mice bone marrow. A Schematic diagram of the single-cell experi-
mental design of Cheng et al.83 dataset, comparing bone marrow from Mettl3 KO
and WT mice. B Accordion cell types annotation of WT and KO mice and identifi-
cationof cell cycle phase, basedon lists of phase-specificmarkers.CChanges in the
abundance of specific hematopoietic cell types upon Mettl3 KO. The increase in
stem cells and megakaryocytes, with the parallel decrease of erythroid lineages, is
consistent with literature. Data are presented asmean values ± SEM (WT, n = 3, KO,
n = 3). D Cell type-specific variations in cell cycle between WT and Mettl3 KO bone
marrows. E Schematic diagram of the Mettl3 inhibition experimental design of
Sturgess et al.84 dataset. F Accordion cell types annotation of mice treated with
STM2457METTL3 inhibitor and vehicle-treatedmice, and identificationof cell cycle
phase. G Changes in the abundance of specific cell types between STM2457 and

vehicle mice, consistent with changes observed in panel (C). Data are presented as
mean values +/- SEM (Vehicle, n = 4, STM2457, n = 3).H Cell type-specific variations
of the cell cycle between STM2457 and vehicle mice. I Significant increase of the
“innate immune response” signature in Mettl3 KO and STM2457 treated cells,
consistent with innate immunity activation observed in Gao et al.28. The box plots
represent the median as the central line, while the lower and upper hinges corre-
spond to thefirst and thirdquartiles (25th and75th percentiles).Whiskers extend to
the smallest and largest values within 1.5 times the interquartile range from the
lower and upper quartiles, respectively. One-tailed Wilcoxon Rank Sum test was
used, P-values are displayed. WT, n = 12309; KO, n = 12015; Vehicle, n = 30133;
STM2457, n = 23443. J Genes involved in “innate immune response” pathways and
showing the highest impact score in Mettl3 KO or STM2457 treated cells. Source
data are provided as a Source Data file.
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annotation and interpretation of single-cell and spatial datasets
focused on studying diseases.

Methods
Ethical approval for the study was obtained from the Yale University
Human Investigation Committee (protocol number #1401013259). All
patients provided written consent in accordance with established
guidelines and regulations.

Data sources of the Cell Marker Accordion database
The Cell Marker Accordion database was constructed by considering
multiple published marker gene databases and collections of cell-
sorting markers in both physiological and disease conditions (Sup-
plementary Data 1). Literature research was also conducted to collect
additional marker genes associated with aberrant cell types for dif-
ferent diseases (each publication is considered a different source in
calculating consistency scores). All annotation sources and references
are reported in the Cell Marker Accordion database (https://rdds.it/
CellMarkerAccordion).

We considered human and mouse marker genes associated with
various tissues, including blood, bone marrow, immune system,
pancreas, lung, liver, kidney and brain, along with their respective
subtypes and associated diseases. Both positive and negative mar-
kers, when present, were selected. Marker genes’ nomenclature was
standardized to ensure the most recent approved version of gene
symbols. HUGO Gene Nomenclature Committee (2024) and Mouse
Genome Informatics (v. 6.24) resources were employed to standar-
dize human and mouse gene names, respectively. To enable proper
integration, we standardized original cell type labels among different
sources by mapping them to the Cell Ontology (release 2024-08-16)
(http://obofoundry.org/ontology/cl.html)38, and the NCI Thesaurus
OBO Edition (release 2024-05-07) (http://www.ebi.ac.uk/ols4/
ontologies/ncit), for physiological and pathology associated cell
types, respectively. The Uber-anatomy ontology (Uberon, release
2024-09-03) (https://obofoundry.org/ontology/uberon.html)39 was
used to standardize tissue nomenclature. Finally, the Disease
Ontology (release 2024-11-01) (https://disease-ontology.org/)52 was
exploited to standardize disease names.

After standardization and integration, Cell Marker Accordion
includes a comprehensive collection of 15479marker genes associated
with 728 cell types in 212 human tissues, and 4118 marker genes
associated with 493 cell types in 108 murine tissues (Fig. 2A). Fur-
thermore, the Cell Marker Accordion includes an extensive disease
collection of 5876 genes associated with 196 aberrant cell types and
132 diseases in 29 human tissues, and 1567 genes associated with 98
aberrant cell types and 50 diseases in 19 murine tissues (Fig. 5A).

Overlap among published marker gene databases
To quantify the overlap of marker genes between two marker gene
databases (Fig. 1C), wecalculated the Jaccardpairwise similarity values,
i.e. the ratio between the cardinality of the intersection and the car-
dinality of the union. This was determined as the average Jaccard
similarity of marker genes associated with common cell types present
in both databases.

Definition of integration scores for marker genes in the Cell
Marker Accordion database
After integration, the Cell Marker Accordion database describes each
marker with a specificity score (SPs) and an evidence consistency
score (ECs).

The SPs ranges from0 to 1 and reflects howmany cell types (CT) a
gene (G) is a marker for. It is calculated separately for positive and
negative markers as:

SPsG = 1/Number of CT with G as a marker

A high SPs indicates that marker G is highly specific for a certain
cell type, while a low SPs is associated with markers spread among
multiple cell types.

The ECs evaluates the agreement of different annotation sources
and measures marker robustness and reliability. It is calculated sepa-
rately for positive and negative markers as:

ECsG, CT=Number of sources defining gene G as a marker of cell
type CT

A high ECs indicates a high consensus of marker G among several
sources and vice-versa.

Implementation of the Cell Marker Accordion R package for
automatic annotation
The Cell Marker Accordion includes an R package to automatically
identify cell type, cell cycle stage and pathway activation in single-cell
and spatial omics data (https://github.com/TebaldiLab/
cellmarkeraccordion). Users can annotate clusters or cells exploiting
the built-in Cell Marker Accordion database with the accordion()
function or can provide custom sets of markers using the accordion_-
custom() function. Both functions take as input a Seurat34 object (ver-
sions 4 or 5) or a raw count matrix (Supplementary Fig. 1). First, if no
prior normalization and scaling steps have been performed, the single-
cell expression matrix is normalized and scaled on input marker genes
(SE, scaled expression). Based on the input, ECs are computed for each
gene G and cell type CT, separately considering positive and negative
markers. In case of conflicting sources, i.e. genes listed as positive and
negative markers for the same cell type depending on the source, the
ECs is penalized: ECs of negative occurrences are subtracted from ECs
of positive occurrences to obtain the final ECs, whose sign will deter-
mine whether the marker is classified as negative (<0), positive (>0) or
not considered (=0), and the final ECs is defined as the absolute value.
ECs, ranging from 1 to 23 in the current Accordion database for both
positive and negative markers, are log10 transformed to obtain reg-
ularized evidence consistency scores (ECs_reg) (Supplementary Fig. 1).
Next, the reciprocal of SPs is reverse scaled, separately for positive and
negative marker. The result is then scaled to the same range of the ECs
and log10 transformed, obtaining the regularized specificity score
(SPs_reg). This procedure gives the same overall weight to the two
scores. The resulting SPs_reg and ECs_reg are multiplied to obtain a
final weight for each marker gene in each cell type. This final weight
ranges from 1 to amaximum that depends on themarker database (5.6
in the current Accordion database, a magnitude similar to scaled gene
expression levels). The scaled gene expression (SE) level is multiplied
by this weight, obtaining a gene-weighted expression score, called
gene impact score (G_IMsG, C, CT), for each cell type (CT), each marker
gene (G) in CT, in each cell (C):

G IMsG,C,CT = SEG,C × ECs regG,CT × SPs regG ð1Þ

For each cell type, the normalized sum of all associated marker
genes is calculated by summing, cell by cell, the weighted expression
score divided by the square root of the weighted sum. This step leads
to a CT xC enrichment score matrix, where rows represent cell types,
columns represent cells and values indicate the associated cell type
impact scores (CT_IMsC, CT):

CT IMsC,CT =

P
GϵPGG IMsG,C,CTffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

GϵPGECs regG,CT × SPs regG

p

�
P

GϵNGG IMsG,C,CTffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
GϵNGECs regG,CT × SPs regG

p

ð2Þ

Where PG and NG are respectively positive and negative markers for
the cell type CT. Each cell is then assigned to the cell type with the
highest CT_IMsC, CT. For annotating a cell cluster (CC) the CC cell type

Article https://doi.org/10.1038/s41467-025-60900-4

Nature Communications |         (2025) 16:5399 13

https://rdds.it/CellMarkerAccordion/
https://rdds.it/CellMarkerAccordion/
https://www.genenames.org/
http://www.informatics.jax.org/
http://www.informatics.jax.org/
http://obofoundry.org/ontology/cl.html
http://www.ebi.ac.uk/ols4/ontologies/ncit
http://www.ebi.ac.uk/ols4/ontologies/ncit
https://obofoundry.org/ontology/uberon.html
https://disease-ontology.org/
https://github.com/TebaldiLab/cellmarkeraccordion
https://github.com/TebaldiLab/cellmarkeraccordion
www.nature.com/naturecommunications


impact score (CT_IMsCC) is calculated, by default, as the third quartile
of the distribution of the CT_IMsC, CT of cells belonging to CC:

CT IMsCC, CT =Q3CϵCC CT IMsC, CT ð3Þ

Each cell cluster is then assigned to the cell type with the highest
CT_IMsCC, CT, i.e the winning cell type (Supplementary Fig. 1). When
annotating cell clusters, the CC gene impact score (G_IMsCC) is calcu-
lated by default as the third quartile of the distribution across all cells
belonging to the same cluster. Additionally, at both cell and cluster
annotation resolution, the cell type gene impact score is calculated, by
default, as the third quartile of the G_IMsG, C, CT distribution across all
cells belonging to the same winning cell type.

The Cell Marker Accordion Shiny app
The R Shiny tool is available at https://rdds.it/CellMarkerAccordion/.
The Shiny app incorporates reactive programming, allowing users to
access the Cell Marker Accordion database and to retrieve marker
genes that are specific for their selected cell types and tissues. Fur-
thermore,whenusers choosegenes of interest on themarker gene tab,
the tool interactively retrieves the standardized cell types associated
with the selected genes.

Validation of the Cell Marker Accordion
To validate the Cell Marker Accordion, we exploited eight single-cell
and multi-omics datasets from different healthy tissues along with a
spatial transcriptomic brain dataset (Supplementary Data 4). For each
dataset, the original cell type annotation was considered as ground
truth. Cell type nomenclature was mapped to the Cell Ontology if
necessary (Supplementary Data 4). After the preprocessing steps, each
cluster was assigned to the cell type corresponding to the largest
fraction of cells within the cluster. This approach ensures that the
assignment reflects the predominant cell type composition within
each cluster. Annotation performance was compared against five
automatic annotation tools, ScType40, SCINA19, clustifyR12, scCATCH41,
scSorter17. The Cell Marker Accordion was run using max_n_marker set
to 30 and specifying the tissue of the dataset. All other tools were run
using their default parameters (Supplementary Data 5). scType and
scCATCH have in-built genemarker databases, which were used to run
the tools. SCINA, clustifyR and scSorter require a user-provided set of
marker genes in input: positive markers from the Cell Marker Accor-
diondatabasewereused in thebenchmark. To avoid running failures, a
maximumof 100marker genes for each cell typewas set for SCINA. For
each tool, the annotation performance is measured as the average
percentage similarity between the predicted cell type and the ground
truth for each cluster. Percentage similarity between cell types is
determined using the Cell Ontology tree and ranges from 0 to 100,
where 0 represents themaximumpossible distance, and 100 indicates
a perfect match. This similarity was computed using the get_sim_grid
function from the ontologySimilarity R package (version 2.7). Running
time was also tested on the Zheng et al.42 dataset. To provide an
unbiased comparison, we considered the same list of marker genes as
input for all methods and ran the tools on the same machine three
times. Thebenchmarkwas conductedon a serverwith: CPU: 2x Intel(R)
Xeon(R) Gold 5318Y CPU @ 2.10GHz; RAM: 1536 GB DDR4. The tests
were run on Ubuntu 22.10 with R v4.4.2. All tools were configured to
use 4 threads. Running for over 3 h without completion, scSorter was
labeled with “Timeout” and excluded from further benchmarks.

To validate the Cell Marker Accordion on the annotation of
disease-critical cells, we took advantage of two published single-cell
datasets24,25 of glioblastoma and lung adenocarcinoma patients sam-
ples. In the glioblastoma dataset, tumor cell clusters were identified
based on the expression of a gene list provided by the original authors,
which included markers such as SOX2, OLIG1, GFAP, and S100B. We
identified clusters 1, 4, 5, 7, 10, 11, 12, 20, 21 as tumor cells

(Supplementary Fig. 7) and used them as ground truth. The lung
adenocarcinoma dataset was already annotated with malignant cell
types, which were used as ground truth. Annotation performances
were calculated as the percentages of correctly identified aberrant
cells and the corresponding F1 scores, based on precision and recall.
The Cell Marker Accordion performances and running times were
compared against SCEVAN64 and CopyKAT65, run with default para-
meters (Supplementary Data 5).

MDS single-cell dataset
Human primary cells were obtained with patients’ written consent
after approval by the Yale University Human Investigation Committee.
Bone marrow samples from MDS patients (Supplementary Data 6)
were processed as also reported in Biancon et al.88. Primary mono-
nuclear cells from MDS patients were thawed in a 37 °C water bath.
Once thawed, cells were spun down at 500 × g for 5min and resus-
pended in 10ml of FACS buffer (PBS,0.5% BSA, 2mMEDTA). Cellswere
counted and spun down again at 300 × g for 10min. Cells were stained
with Pacific Blue anti-human CD34 (BioLegend, Cat# 343512; 1:100) for
CD34+ blast isolation and 7-AAD (STEMCELL Technologies, Cat#
75001; 1:100) for viability evaluation in 500μl FACS buffer and incu-
bated at 4 °C for 30min. One million unstained cells were reserved as
controls for each patient sample. Next, cells were washed with 10ml
FACS, spun down at 300 × g for 10min at 4 °C, and resuspended in
200μl FACS buffer per million cells. The cell suspension was pipetted
through a 70μm filter into a 5ml tube for sorting by the Yale Flow
Cytometry facility on the FACSAria instrument (BD Biosciences). Spe-
cifically, a gating strategy to isolate viable (7−AADneg) MDS blasts
(CD34pos) was applied. Sorted cells were subsequently processed for
scRNA-seq library preparation by the Yale Center for Genome Analysis
using Chromium Next GEM Single Cell 5’ kit v2 (10x Genomics).

Single-cell expression counts were derived from raw FASTQ files
using the 10x Genomics Cell Ranger pipeline v7.1.0 with default para-
meters and the GRCh38 (2020-A) reference genome. A total of 64,915
cells with an average of 71,828 reads and 3476 genes were obtained.
Variant detection at position 21:43104346-43104346 (U2AF1 S34F) was
performed using FreeBayes v1.2.0 (https://github.com/freebayes/
freebayes). Variant annotation was performed using VarTrix v1.1.19
(https://github.com/10XGenomics/vartrix). To ensure the removal of
empty droplets and potential doublets, cells with less than 200
expressed genes andmore than 6000were filtered out.Moreover, cells
with 20% mitochondrial‐derived counts were removed, resulting in a
total of 62,496 high-quality cells for downstream analysis. Data were
first log-normalized, and the most 2000 highly variable features were
identified. Scaling was then performed on all genes. Linear dimension-
ality reduction through Principal Component Analysis (PCA) was per-
formed on scaled data and scRNA-seq cells were clustered based on a
shared nearest neighbor graph (obtained with the FindNeighbors
function) employing the FindClusters functionwith the default Louvain
algorithm for community detection, with 0.5 resolution. For cluster
visualization, Uniform Manifold Approximation and Projection for
Dimensionality Reduction (UMAP) was employed. The IntegrateLayers
function was used to align cells across multiple samples by correcting
batch effects while preserving biological variability, using the RPCA
integration method (k.weight = 70). Clustering was performed on the
integrated data, and cells with similar gene expression profiles were
grouped into distinct clusters. A resolution of 0.4was set, resulting in 13
clusters. Cell type annotation was performed using the Cell Marker
Accordion, with bonemarrow selected as tissue. Parameters were set to
max_n_marker = 30, log2FC_threshold = 1, and allow_unknown= FALSE.

Analysis of published single-cell data
Single-cell datasets were analyzed employing a standard pre-
processing pipeline for single-cell RNA-seq data, using Seurat (ver-
sion 5.0.3) in the R environment (version 4.2.3). Data were first log-
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normalized (for ADT data, centered log ratio (CLR) was applied) and
the most highly variable features were identified and scaled. Linear
dimensionality reduction through Principal Component Analysis
(PCA), was performed on scaled data and scRNA-seq cells were clus-
tered based on a shared nearest neighbor graph (obtained with the
FindNeighbors function) employing the FindClusters functionwith the
default Louvain algorithm for community detection. For cluster
visualization Uniform Manifold Approximation and Projection for
Dimensionality Reduction (UMAP)wasemployed. In caseof scRNA-seq
datasets integration, the IntegrateLayers function was used to align
cells across multiple samples by correcting batch effects while pre-
serving biological variability, using the RPCA integration method.
Specific parameters for the analysis of each dataset can be found in the
Supplementary Data 4.

Analysis of published spatial data
TheMERFISHmouse brain dataset was analyzed employing a standard
pre-processing pipeline for imaging-based spatial dataset, using Seurat
(version 5.0.3) in the R environment (version 4.2.3). Data were first
normalized with SCT-transform. Linear dimensionality reduction
through Principal Component Analysis (PCA), was performed on
transformed data and cells were clustered based on a shared nearest
neighbor graph (obtained with the FindNeighbors function) employ-
ing the FindClusters function with the default Louvain algorithm for
community detection. For cluster visualization, Uniform Manifold
Approximation and Projection for Dimensionality Reduction (UMAP)
was employed. The mouse coronal brain section with ID “Zhuang-
ABCA-1.080” was selected based on the highest number of barcodes
(37,068). Spatial mapping of cells was performed using NIfTI images,
aligning the spatial coordinates of the cells to the Allen CCF 2020 with
a voxel spacing of 0.01mm. Specific parameters for this analysis canbe
found in the Supplementary Data 4.

Statistics and reproducibility
This study utilized data from previously published sources, with details
on study design available in the original publications referenced in
SupplementaryData 4. The statistical analyses conducted are outlined in
the “Methods” section and in figure captions, and the results are repro-
ducible by following the described procedures. For theMDS dataset, we
included inour cohort eightpatients,fivepatientswithout splicing factor
mutations, and three patients with the U2AF1 S34F mutation. No data
exclusions. To assure reproducibility, at least three patient samples per
condition were analyzed. Blinding is not relevant in this study based on
single-cell transcriptome profiling of U2AF1-mut vs wildtype patients.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The Cell Marker Accordion gene marker database is available as an
Excel file (Supplementary Data 8). Additionally, it is available in the
GitHub repository of the Cell Marker Accordion Shiny web app
(https://github.com/TebaldiLab/shiny_cellmarkeraccordion). The
curated Cell Marker Accordion database can also be downloaded from
the online Shiny web app (https://rdds.it/CellMarkerAccordion/) by
clicking the “Download”button in the sidebar. TheGitHub repositories
for both the Shiny web app and the R package (https://github.com/
TebaldiLab/cellmarkeraccordion) contain instructions on accessing
and downloading the Cell Marker Accordion database.

The Cell Marker Accordion database can be easily explored or cus-
tomized using the Shiny web app (https://rdds.it/CellMarkerAccordion/),
which allows to: a) search and download lists of marker genes associated
with input cell types across different tissues in health and disease; b)
search and download lists of cell types associated with input marker

genes across different tissues in health and disease; c) integrate custom
set ofmarker genes with the Cell Marker Accordion database; d) perform
cell typemarker enrichment analysis across tissues in health and disease.
Additionally, users can also browse hierarchies of cell types following the
Cell Ontology structure in order to obtain the desired level of specificity
in the markers and rank and select marker genes by their evidence
consistency and specificity scores.

Demoexamples are provided forguidance. All resulting tables can
be easily explored and downloaded. A tutorial to the web app’s func-
tionalities, along with instructions for local installation, is available on
the GitHub page of the Shiny app: https://github.com/TebaldiLab/
shiny_cellmarkeraccordion. Count matrices of patient samples gener-
ated by CellRanger v7.1.0, along with U2AF1 S34F mutation informa-
tion from VarTrix v1.1.19, are available in Zenodo (https://doi.org/10.
5281/zenodo.15241428). Due to privacy regulations, raw sequencing
files from patients are available upon request. All publicly available
scRNA-seq and spatial datasets used in this study are listed in Sup-
plementary Data 4, and the corresponding Seurat objects are depos-
ited in Zenodo (https://doi.org/10.5281/zenodo.15241428). Source data
are provided as a Source Data file.

Code availability
The Cell Marker Accordion R package, with code, tutorial and doc-
umentation, is available at https://github.com/TebaldiLab/
cellmarkeraccordion under MIT license, and in Zenodo (https://doi.org/
10.5281/zenodo.15403792)89. To run theCellMarkerAccordion Shiny app
locally, the code is available at https://github.com/TebaldiLab/shiny_
cellmarkeraccordion under MIT license and in Zenodo (https://doi.org/
10.5281/zenodo.15412280)90.
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