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ABSTRACT: 

Hematopathology has entered a new era with the emergence of single cell and spatial omics technologies, which provide 

unprecedented resolution for investigating cellular heterogeneity, clonal evolution, and tissue organization. Conventional 

diagnostic approaches, including morphology, immunophenotyping, flow cytometry, and bulk molecular analysis, have 

substantially advanced the diagnosis of hematologic disorders but often fail to capture rare cell populations and complex 

microenvironmental interactions. Single cell transcriptomics, chromatin accessibility profiling, and multimodal omics enable 

comprehensive characterization of individual cells, while spatial omics preserves tissue architecture and reveals the spatial 

distribution of malignant and nonmalignant cell populations. Together, these technologies have expanded the understanding 

of disease biology in acute myeloid leukemia, myelodysplastic syndromes, lymphomas, and other hematologic malignancies 

by identifying novel cellular states, early progenitor abnormalities, mechanisms of treatment resistance, and biomarkers 

associated with disease progression and therapeutic response. Integration of single cell and spatial datasets has also provided 

detailed insights into bone marrow niche organization and tumor microenvironment dynamics. Although challenges related to 

cost, standardization, computational analysis, and clinical implementation remain, ongoing technological advances are 

expected to facilitate broader diagnostic applications. This review summarizes the principles of single cell and spatial omics, 

highlights major discoveries in hematologic malignancies, and discusses their potential to refine disease classification, improve 

prognostic assessment, and support precision diagnostics in hematopathology. 
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1. INTRODUCTION:  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ISSN: 3139-5309 (Online) 

 

 

 

 

 

 

 

 

 

https://nexusglobalresearch.com/journal/ngrjms/


 

  

75       

Sheikh F.  Ngr. Jr. Med. Sc. vol-2, issue-3 (Mar-2026) pp-74-84 

© 2026 Nexus Global Research Journal of Medical Sciences l Published by Nexus Global Research (An Academic Publisher) 

 

Hematopathology relies on the ability to interpret 

diverse cell populations. Conventional techniques, 

such as morphology, immunohistochemistry, flow 

cytometry, and bulk genomics, have provided major 

insights; however, each has limitations. Bulk 

sequencing masks the minority clones. Morphology 

can be subjective. Flow cytometry resolves 

immunophenotypes but not transcriptional 

programs. These gaps are particularly relevant in 

diseases such as acute myeloid leukemia [AML], 

myelodysplastic syndromes [MDS], and 

lymphomas, where heterogeneity drives relapse, 

resistance, and transformation [1]. 

 

The rise of single-cell technologies has 

provided a unique opportunity to dissect 

hematologic diseases at an unprecedented depth [2]. 

Single-cell RNA sequencing [scRNA-seq], single-

cell chromatin analysis, and multiomic profiling 

allow investigators to measure the genetic, 

transcriptional, and epigenetic states of thousands to 

millions of individual cells. Spatial transcriptomics 

and imaging mass cytometry then map these cellular 

states back into tissue context, revealing patterns of 

interaction that were previously hidden [3]. 

 

Hematopoietic tissues naturally lend 

themselves to single-cell profiling because they 

contain fluid, dissociable cell populations with rich 

lineage diversity. Within the last five years, single-

cell studies have redefined several core concepts in 

hematopathology. Investigators have identified early 

abnormal progenitor states in MDS, discovered 

drug-resistant stem like subclones in AML, mapped 

tumor microenvironments in lymphomas, and built 

detailed atlases of human bone marrow architecture 

[4]. 

 

This Chapter aims to provide an integrated 

narrative of how single-cell and spatial omics are 

reshaping hematopathology by introducing new 

diagnostic dimensions, revealing disease 

trajectories, and offering clinically relevant 

biomarkers. 

 

2. Principles of Single Cell Omics 

Single cell RNA sequencing 

Single-cell RNA sequencing has become 

the most widely used single-cell technique. This 

method involves capturing individual cells, reverse-

transcribing RNA, barcoding molecules, and 

sequencing the resulting libraries. High throughput 

droplet methods such as 10x Genomics Chromium 

are now standard because they process large 

numbers of cells at reasonable cost [5]. 

 

scRNA-seq resolves transcriptional 

programs that define lineage identity and activation 

states. In hematology, this has allowed mapping of 

progenitor hierarchies, characterization of rare 

leukemic stem cell compartments, and identification 

of inflammatory states that contribute to disease 

progression [6].

 

 

 
 

 

Single cell ATAC sequencing 

Single-cell ATAC-seq measures chromatin 

accessibility at single-cell resolution. It identifies 

regulatory regions, open chromatin sites, and 

transcription factor motifs. These datasets 

complement scRNA seq by revealing upstream 
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regulatory landscapes [7]. Many studies in MDS and 

AML show that chromatin changes precede 

transcriptional abnormalities, suggesting that 

regulatory shifts may represent early disease states 

[8]. 

 

Multiomic single cell approaches 

Several platforms combine more than one 

modality. CITE-seq links surface protein markers to 

transcriptomic profiles using DNA-barcoded 

antibodies. This bridges flow cytometry with single 

cell transcriptomics and is valuable when 

immunophenotyping is essential for classification 

[9]. Other methods combine ATAC data with RNA, 

methylation, or TCR/BCR sequencing data. 

Multiomic assays can distinguish clonal 

subpopulations and map lineage relationships in 

complex samples such as bone marrow [10].

 

 

 
 

Computational analysis 

Single-cell data require substantial 

computational processing. The typical steps include 

quality filtering, normalization, clustering, 

dimensionality reduction, and annotation. 

Pseudotime analysis reconstructs developmental 

trajectories, while RNA velocity predicts lineage 

direction [11]. Batch correction and integration 

frameworks have improved cross-sample 

comparisons. Despite this progress, computational 

complexity remains a barrier for diagnostic 

laboratories [12]. 

 

3. Principles of Spatial Omics 

Unlike single-cell assays that dissociate 

tissues, spatial omics preserves spatial relationships. 

This is critical in hematopathology because 

malignant and nonmalignant cells interact within 

structured microenvironments [13]. 

 

Spatial transcriptomics 

Spatial transcriptomics methods, such as 

the 10x Visium platform, place barcoded 

oligonucleotide arrays beneath tissue sections. The 

transcripts retain spatial information. Although 

resolution is limited by spot size, the method 

captures gene expression landscapes across tissue 

architecture[3]. High resolution techniques such as 

Slide seq and HDST extend this concept with finer 

bead grids[14] . 

 

Imaging mass cytometry 

Imaging mass cytometry uses metal 

isotope-labeled antibodies and laser ablation to 

quantify more than 40 markers at subcellular 

resolution. It is particularly useful in lymphomas 

because it simultaneously resolves tumor cells, 

immune cells, stromal populations, and their 

interactions [15]. 

 

Multiplex immunofluorescence 

Technologies such as CODEX and MIBI 

provide iterative staining cycles that generate high-

plex protein maps. These techniques retain 

morphological detail and permit cell neighborhood 

analysis [16]. 



 

  

77       

Sheikh F.  Ngr. Jr. Med. Sc. vol-2, issue-3 (Mar-2026) pp-74-84 

© 2026 Nexus Global Research Journal of Medical Sciences l Published by Nexus Global Research (An Academic Publisher) 

 

Integration with single cell data 

Spatial omics is often integrated with 

scRNA-seq spatial maps to guide the annotation of 

transcriptional clusters and identify which cell states 

occupy specific niches. This combined approach is 

essential for interpreting bone marrow biopsies 

where diverse lineages coexist [12].

 

 
 

A comparative summary of major single-

cell and spatial omics technologies, including their 

outputs, clinical applications, and limitations, is 

presented in Table 1.

 

   

Table 1. Comparison of Single Cell and Spatial Omics Technologies 

Technology Key Output Clinical Utility Limitation 

scRNA-seq Gene expression Identify subclones No spatial context 

scATAC-seq Chromatin state Early disease detection Complex analysis 

Spatial omics Tissue architecture Microenvironment analysis Lower resolution 

Multiomics Integrated data Precision diagnosis Expensive 

 

These technologies have enabled deeper 

insights into disease biology, particularly in myeloid 

malignancies, such as acute myeloid leukemia. 

 

4. Single Cell Discoveries in Myeloid Neoplasms 

The application of single cell and spatial 

omics technologies has provided critical insights 

into the biological complexity of hematologic 

malignancies Among these, myeloid neoplasms 

such as acute myeloid leukemia and 

myelodysplastic syndromes have been extensively 

studied due to their marked cellular heterogeneity 

and clinical variability [17] [18]. 

 

Heterogeneity in AML 

AML is a heterogeneous disease at the 

genetic and transcriptional levels. Early single-cell 

studies revealed that leukemic blasts contain 

multiple differentiation states that may coexist in 

individual patients. Van Galen and colleagues used 

scRNA seq to profile primary AML and reported at 

least six malignant transcriptional programs 

including stem like, progenitor like, and 

differentiated states that varied across patients. This 

work also showed that stem like transcriptional 

signatures were associated with inferior prognosis 

[19]. 

 

Subsequent studies have identified rare 

leukemic stem cell populations with unique 

regulatory features. These stem-like cells often 

persist after therapy and are likely to contribute to 

relapse. scRNA-seq has also been used to 

characterize the response to targeted therapy. For 

example, Duncan et al. studied FLT3 mutated AML 

treated with FLT3 inhibition and found that resistant 

subclones shifted into stem like or monocytic states 

depending on microenvironmental cues [20]. 

 

MRD detection and relapse prediction 

Single-cell approaches have revealed 

minimal residual disease at levels undetectable by 

flow cytometry. Granja et al. integrated scATAC-seq 

and scRNA-seq to show that chromatin states in 
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AML correlate with relapse risk and may precede 

transcriptional relapse signatures. These findings 

suggest that pre relapse regulatory programs might 

be used as biomarkers for early intervention [21]. 

 

AML microenvironment 

Spatial omics have shown that bone 

marrow niches influence acute myeloid leukemia 

[AML] progression. Kfoury et al. demonstrated that 

AML remodels stromal niches, reduces osteoblast 

populations, and alters cytokine gradients. Spatial 

transcriptomics confirm that leukemic blasts cluster 

near vascular niches rich in CXCL12 and other 

supportive factors [22].

 

 
 

5. Single Cell Insights in Myelodysplastic 

Syndromes 

Early abnormal progenitor states 

One of the most significant contributions of 

single-cell analysis to hematology is the discovery 

of abnormal progenitor populations in MDS. Pellin 

et al. mapped bone marrow progenitors in MDS and 

identified aberrant progenitor states that diverged 

from normal hematopoiesis. These states were 

enriched for inflammatory gene programs, 

suggesting that inflammation plays a key role in 

early disease stages [23]. 

 

Chromatin remodeling and lineage skewing 

scATAC-seq studies have shown that MDS 

progenitors possess distinct chromatin accessibility 

patterns that bias differentiation toward myeloid 

fates. These regulatory changes are partly driven by 

mutations in epigenetic regulators, such as TET2, 

ASXL1, and SRSF2. Importantly, epigenetic 

alterations often appear in hematopoietic stem cells 

long before clinical disease is evident [24]. 

 

Predicting transformation to AML 

Single-cell multiomic studies can predict 

the risk of transformation. Chen et al. demonstrated 

that emergent stem like clones with specific 

transcription factor programs preceded progression 

from MDS to AML. This may be clinically 

important for identifying high risk patients who 

require early therapeutic intervention[25].
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While myeloid neoplasms have provided 

key insights into clonal evolution, similar 

approaches have advanced our understanding of 

lymphoid malignancies. 

 

6. Applications in Lymphoid Neoplasms 

Tumor microenvironment in lymphomas 

Single-cell studies have transformed our 

understanding of the lymphoma microenvironment. 

In follicular lymphoma [FL], scRNA-seq has 

identified distinct T follicular helper cell subsets, 

exhausted cytotoxic cells, and suppressive 

macrophages that shape tumor behavior. Kotlov et 

al. analyzed FL across multiple cohorts and 

identified four microenvironmental archetypes with 

prognostic significance [26]. 

 

In diffuse large B-cell lymphoma 

[DLBCL], single-cell analysis reveals strong 

variations in immune infiltration. Some tumors 

exhibit immune-rich microenvironments, whereas 

others are immune-cold. These patterns correlate 

with response to immunotherapy [27]. 

 

Spatial mapping of lymphoma architecture 

Imaging mass cytometry has been 

particularly useful in lymphomas because these 

diseases exhibit a structured tissue architecture. 

Highly multiplexed protein maps reveal the 

arrangement of malignant B cells around stromal 

networks and immune zones. Schurch et al. used 

multiplexed imaging to map the cellular ecosystem 

of Hodgkin lymphoma and revealed that Reed 

Sternberg cells form clusters surrounded by specific 

T cell subsets [28]. 

 

Clonal diversity in T cell neoplasms 

T-cell lymphomas often exhibit complex 

clonal structures. Single-cell TCR sequencing 

uncovers multiple malignant clones and distinct 

differentiation states. These analyses highlight the 

need for revised diagnostic classification that 

accounts for transcriptional and clonal heterogeneity 

[29]
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7. Mapping the Bone Marrow Microenvironment 

Beyond intrinsic tumor heterogeneity, the 

bone marrow microenvironment plays a central role 

in regulating hematopoiesis and shaping malignancy 

evolution. Single-cell and spatial studies have 

refined our understanding of the marrow niches[30]. 

 

Normal hematopoietic architecture 

Baccin et al. generated a spatial and single 

cell atlas of human bone marrow, identifying 

stromal, endothelial, and immune cell subsets with 

region specific organization. HSCs localize near 

sinusoidal endothelium, while committed 

progenitors show distinct spatial gradients [4]. 

 

Remodeling during leukemia 

AML and MDS disrupt the 

microenvironmental circuits. Neoplastic cells alter 

cytokine production, remodel the extracellular 

matrix, and suppress normal hematopoiesis. Spatial 

transcriptomics demonstrates that leukemic clusters 

create micro niches with high metabolic activity and 

inflammatory cytokines [31]. 

 

Immune dysregulation 

Single-cell studies have shown increased 

inflammatory monocytes, exhausted NK cells, and 

dysfunctional T cells in MDS and AML. These 

changes may contribute to ineffective hematopoiesis 

and impaired immune surveillance [32]. 

 

8. Diagnostic Transformation 

Single-cell and spatial technologies have many 

potential diagnostic applications, although most are 

not yet routine. 

 

Refined disease classification 

Newly identified transcriptional states may 

eventually define the diagnostic subclasses. For 

example, stem-like AML programs may represent a 

biologically distinct group with specific therapeutic 

vulnerabilities. In MDS, aberrant progenitor 

signatures can identify early disease even when 

morphology is subtle [33]. 

 

Digital immunophenotyping 

CITE-seq and multiplex imaging bridge 

immunophenotyping with transcriptomic data. 

These methods can be used to refine ambiguous 

flow cytometry findings. In the long term, digital 

immunophenotyping may complement or replace 

some flow cytometry assays[34]. 

 

Tissue based spatial diagnostics 

Spatial transcriptomics and imaging mass 

cytometry can detect patterns that are difficult to 

observe using routine histology. For example, the 

spatial proximity of tumor cells to suppressive 

macrophages may predict the response to 

immunotherapy. The diagnostic implications of 

these technologies naturally extend to clinical 

applications, including biomarker development and 

therapeutic monitoring[35] . 

 

9. Clinical Translation 

Biomarker discovery 

Single-cell-derived markers may improve 

diagnosis and therapy selection. Predictive gene 

signatures for AML relapse have emerged. Spatial 

biomarkers such as immune neighborhood patterns, 

may inform lymphoma prognosis [36]. 

 

Treatment response 

scRNA-seq can track the real-time 

response of leukemia to therapy. These approaches 

reveal resistant subclones early, allowing for 

potential treatment adjustment. 

 

CAR T cell therapy 

Single-cell profiling of CAR T infusion 

products predicts response and toxicity. Pre-infusion 

signatures correlate with long-term remission in B 

cell malignancies. Spatial studies also show how 

CAR T cells infiltrate tumors and interact with 

resident immune cells[37]. 

 

Key disease-specific discoveries and their 

translational relevance derived from single-cell 

technologies across hematologic malignancies are 

summarized in Table 2.

 

Table 2. Key Discoveries Using Single Cell Technologies in Hematologic Malignancies 

Disease Discovery Clinical Impact 

AML Stem-like clones Predict relapse 

MDS Aberrant progenitors Early detection 

Lymphoma Immune niches Prognosis 

CAR-T therapy Cellular signatures Therapy response 

 

10. Integration with Artificial Intelligence 
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Artificial intelligence and machine learning 

are essential for large-scale omics integration. Deep 

learning tools help classify cell states, infer lineage 

relationships, and combine multi-omic data with 

digital pathology. Several groups have created 

computational frameworks that integrate 

morphology with scRNA seq and spatial maps, 

generating holistic diagnostic predictions [38]. 

 

Although promising, these AI tools need validation 

across diverse populations and real-world samples 

[39].

 

 
 

11. Limitations and Challenges 

Several obstacles prevent the widespread clinical 

use of single-cell and spatial omics. 

• The cost of sequencing and imaging platforms 

remains high. 

• Sample processing affects the cell viability 

and transcriptome profiles. 

• Batch effects introduce variability that 

complicates comparisons across centers. 

• Data scaling requires a specialized 

computational infrastructure. 

• Lack of regulatory pipelines for diagnostic 

purposes. 

• Interpretation complexity requires training, 

which most laboratories do not yet possess. 

 

Despite these challenges, continuous 

improvements in chemistry, automation, and 

informatics have accelerated progress in this field. 

 

12. Future Directions 

Several emerging directions may further transform 

hematopathology in the future. 

• 3D spatial transcriptomics will map the 

entire marrow niches in volumetric detail. 

• Real-time single-cell sequencing may 

enable point-of-care MRD monitoring. 

• Liquid biopsy single-cell analysis can detect 

circulating leukemic progenitors. 

• Integrated clinical platforms may combine 

morphological, flow cytometry, genomic, 

and spatial data into unified diagnostic 

reports. 

• Hematopoietic cell atlases serve as 

reference standards for disease 

classification. 

 

Over time, hematopathology may shift 

from descriptive categories to dynamic, state-based 

taxonomies informed by single-cell biology. 

 

13. Conclusion 

Single cell and spatial omics have opened a 

new era for hematopathology. These technologies 

reveal cellular states, clonal structures, and tissue 

architectures that are invisible to conventional tools. 

These studies provide insights into how malignant 

clones evolve and how the microenvironment 

shapes disease behavior. Although clinical 

translation is still limited, the trajectory is clear. In 

the coming decade, hematopathology will 

increasingly integrate multiomics data into 

diagnosis and treatment planning. This 

transformation promises greater precision and a 

deeper understanding of hematologic disease. The 

integration of these technologies into routine 

hematopathology practice will enable a transition 

toward precision, biology-driven, diagnostic 

frameworks.

 



 

  

82       

Sheikh F.  Ngr. Jr. Med. Sc. vol-2, issue-3 (Mar-2026) pp-74-84 

© 2026 Nexus Global Research Journal of Medical Sciences l Published by Nexus Global Research (An Academic Publisher) 

 

REFERENCES. 

1. van Galen P, Hovestadt V, Wadsworth MH, 

Hughes TK, Griffin GK, Battaglia S, et al. 

Single-Cell RNA-Seq Reveals AML 

Hierarchies Relevant to Disease Progression 

and Immunity. Cell. 2019 Mar 7;176[6]:1265-

1281.e24. doi:10.1016/j.cell.2019.01.031 

PubMed PMID: 30827681.  

2. Luecken MD, Theis FJ. Current best practices 

in single-cell RNA-seq analysis: a tutorial. 

Molecular Systems Biology 2019, 15:6. 2019 

Jun 19;15[6]:MSB188746-. 

doi:10.15252/MSB.20188746 PubMed PMID: 

31217225.  

3. Ståhl PL, Salmén F, Vickovic S, Lundmark A, 

Navarro JF, Magnusson J, et al. Visualization 

and analysis of gene expression in tissue 

sections using spatial transcriptomics. Science 

[1979]. 2016 Jul 1;353[6294]:78–82. 

doi:10.1126/science.aaf2403. 

4. Baccin C, Al-Sabah J, Velten L, et al. Combined 

single-cell and spatial transcriptomics reveal 

the molecular, cellular and spatial bone marrow 

niche organization. Nat Cell Biol. 

2020;22[1]:38–48. doi:10.1038/s41556-019-

0439-6.  

5. Zheng GXY, Terry JM, Belgrader P, Ryvkin P, 

Bent ZW, Wilson R, et al. Massively parallel 

digital transcriptional profiling of single cells. 

Nat Commun. 2017 Jan 16;8. 

doi:10.1038/NCOMMS14049 PubMed PMID: 

28091601.  

6. Nestorowa S, Hamey FK, Pijuan Sala B, 

Diamanti E, Shepherd M, Laurenti E, et al. 

Single-cell resolution map of mouse 

hematopoietic stem and progenitor cell 

differentiation. Blood. 2016 Aug 

25;128[8]:e20–31. doi:10.1182/BLOOD-2016-

05-716480 PubMed PMID: 27365425.  

7. Buenrostro JD, Giresi PG, Zaba LC, Chang HY, 

Greenleaf WJ. Transposition of native 

chromatin for fast and sensitive epigenomic 

profiling of open chromatin, DNA-binding 

proteins, and nucleosome position. Nat 

Methods. 2013 Dec;10[12]:1213–8. 

doi:10.1038/NMETH.2688 PubMed PMID: 

24097267.  

8. Corces MR, Buenrostro JD, Wu B, Greenside 

PG, Chan SM, Koenig JL, et al. Lineage-

specific and single-cell chromatin accessibility 

charts of human hematopoiesis and leukemia 

evolution. Nat Genet. 2016 Oct 1;48[10]:1193–

203. doi:10.1038/NG.3646 PubMed PMID: 

27526324.  

9. Stoeckius M, Hafemeister C, Stephenson W, 

Houck-Loomis B, Chattopadhyay PK, 

Swerdlow H, et al. Simultaneous epitope and 

transcriptome measurements in single cells. Nat 

Methods. 2017 Aug 31;14[9]:865–8. 

doi:10.1038/NMETH.4380 PubMed PMID: 

28759029.  

10. Ma S, Zhang B, LaFave LM, Earl AS, Chiang 

Z, Hu Y, et al. Chromatin Potential Identified by 

Shared Single-Cell Profiling of RNA and 

Chromatin. Cell. 2020 Nov 12;183[4]:1103-

1116.e20. doi:10.1016/j.cell.2020.09.056 

PubMed PMID: 33098772.  

11. La Manno G, Soldatov R, Zeisel A, Braun E, 

Hochgerner H, Petukhov V, et al. RNA velocity 

of single cells. Nature. 2018 Aug 

23;560[7719]:494–8. doi:10.1038/S41586-018-

0414-6 PubMed PMID: 30089906.  

12. Stuart T, Butler A, Hoffman P, Hafemeister C, 

Papalexi E, Mauck WM, et al. Comprehensive 

Integration of Single-Cell Data. Cell. 2019 Jun 

13;177[7]:1888-1902.e21. 

doi:10.1016/j.cell.2019.05.031 PubMed PMID: 

31178118.  

13. Longo SK, Guo MG, Ji AL, Khavari PA. 

Integrating single-cell and spatial 

transcriptomics to elucidate intercellular tissue 

dynamics. Nat Rev Genet. 2021;22[10]:627-

644. doi:10.1038/s41576-021-00370-8.  

14. Rodriques SG, Stickels RR, Goeva A, Martin 

CA, Murray E, Vanderburg CR, et al. Slide-seq: 

A scalable technology for measuring genome-

wide expression at a high spatial resolution. 

Science. 2019 Mar 29;363[6434]:1463–7. 

doi:10.1126/SCIENCE.AAW1219 PubMed 

PMID: 30923225.  

15. Giesen C, Wang HAO, Schapiro D, Zivanovic 

N, Jacobs A, Hattendorf B, et al. Highly 

multiplexed imaging of tumor tissues with 

subcellular resolution by mass cytometry. Nat 

Methods. 2014;11[4]:417–22. 

doi:10.1038/NMETH.2869 PubMed PMID: 

24584193.  

16. Goltsev Y, Samusik N, Kennedy-Darling J, 

Bhate S, Hale M, Vazquez G, et al. Deep 

Profiling of Mouse Splenic Architecture with 

CODEX Multiplexed Imaging. Cell. 2018 Aug 

9;174[4]:968-981.e15. 

doi:10.1016/j.cell.2018.07.010 PubMed PMID: 

30078711.  

17. Awada H, Visconte V. The Heterogeneous 

Complexity of Myeloid Neoplasm: Multi-Level 

Approaches to Study the Disease. Cancers 

[Basel]. 2023 Mar 1;15[5]:1449. 

doi:10.3390/CANCERS15051449 PubMed 

PMID: 36900241.  

18. Shlush LI, Mitchell A, Heisler L, Abelson S, Ng 

SWK, Trotman-Grant A, et al. Tracing the 



 

  

83       

Sheikh F.  Ngr. Jr. Med. Sc. vol-2, issue-3 (Mar-2026) pp-74-84 

© 2026 Nexus Global Research Journal of Medical Sciences l Published by Nexus Global Research (An Academic Publisher) 

origins of relapse in acute myeloid leukemia to 

stem cells. Nature 2017 547:7661. 2017 Jun 

28;547[7661]:104–8. doi:10.1038/ Nature. 

2017;547[7661]:104-108.  

19. Levine JH, Simonds EF, Bendall SC, et al. 

Data-driven phenotypic dissection of AML 

reveals progenitor-like cells that correlate with 

prognosis. Cell. 2015;162[1]:184–197.  

20. Yang C, Jin Y, Yin Y. Integration of single-cell 

transcriptome and chromatin accessibility and 

its application in tumor investigation. Life 

Medicine. 2024 Apr 1;3[2]. 

doi:10.1093/LIFEMEDI/LNAE015 PubMed 

PMID: 39872661.  

21. Granja JM, Klemm S, McGinnis LM, Kathiria 

AS, Mezger A, Corces MR, et al. Single-cell 

multiomic analysis identifies regulatory 

programs in mixed-phenotype acute leukemia. 

Nat Biotechnol. 2019;37[12]:1458-1465.Dec 

2;37[12]:1458–65. doi:10.1038/s41587-019-

0332-7 PubMed PMID: 31792411.  

22. Kfoury Y, Scadden DT. Mesenchymal cell 

contributions to the stem cell niche. Cell Stem 

Cell. 2015;16[3]:239–253. 

doi:10.1016/j.stem.2015.02.019.  

23. Pellin D, Loperfido M, Baricordi C, Wolock SL, 

Montepeloso A, Weinberg OK, et al. A 

comprehensive single-cell transcriptional 

landscape of human hematopoietic progenitors. 

Nature Communications 2019 10:1. 2019 Jun 

3;10[1]:2395-. doi:10.1038/s41467-019-10291-

0 PubMed PMID: 31160568.  

24. Corces MR, Granja JM, Shams S, Louie BH, 

Seoane JA, Zhou W, et al. The chromatin 

accessibility landscape of primary human 

cancers. Science. 2018 Oct 26;362[6413]. 

doi:10.1126/SCIENCE.AAV1898 PubMed 

PMID: 30361341.  

25. Mazzeo P, Penir SM, Shumilov E, Wolf S, 

Häupl B, Markus K, et al. Clonal evolution and 

apoptosis resistance in myelodysplastic 

neoplasms and acute myeloid leukemia under 

treatment: Insights from integrative 

longitudinal profiling. Leukemia. 2025 Dec 

1;39[12]:3026–36. doi:10.1038/S41375-025-

02756-7;TECHMETA PubMed PMID: 

40973765.  

26. Kotlov N, Bagaev A, Revuelta M V., Phillip JM, 

Cacciapuoti MT, Antysheva Z, et al. Clinical 

and biological subtypes of B-cell lymphoma 

revealed by microenvironmental signatures. 

Cancer Discov. 2021 Jun 1;11[6]:1468–89. 

doi:10.1158/2159-8290.CD-20-0839/333553/ 

PubMed PMID: 33541860.  

27. Ciavarella S, Vegliante MC, Fabbri M, De 

Summa S, Melle F, Motta G, et al. Dissection of 

the DLBCL microenvironment provides a gene 

expression-based predictor of survival 

applicable to formalin-fixed paraffin-embedded 

tissue. Annals of Oncology. 2018 Dec 

1;29[12]:2363–70. 

doi:10.1093/ANNONC/MDY450 PubMed 

PMID: 30307529.  

28. Schürch CM, Bhate SS, Barlow GL, Phillips 

DJ, Noti L, Zlobec I, et al. Coordinated Cellular 

Neighborhoods Orchestrate Antitumoral 

Immunity at the Invasive Front of Colorectal 

Cancer Cell. 2020 Sep 3;182[5]:1341-

1359.e19. doi:10.1016/j.cell.2020.07.005 

PubMed PMID: 32763154.  

29. Ysebaert L, Quillet-Mary A, Tosolini M, Pont F, 

Laurent C, Fournié JJ. Lymphoma 

Heterogeneity Revealed by Single-Cell 

Transcriptomics. Front Immunol. 2021 Feb 

26;12:597651. 

doi:10.3389/FIMMU.2021.597651/TEXT 

PubMed PMID: 33732232.  

30. Crane GM, Jeffery E, Morrison SJ. Adult 

hematopoietic stem cell niches. Nature Reviews 

Immunology 2017 17:9. 2017 Jun 

12;17[9]:573–90. doi:10.1038/nri.2017.53 

PubMed PMID: 28604734.  

31. Baccin C, Al-Sabah J, Velten L, Helbling PM, 

Grünschläger F, Hernández-Malmierca P, et al. 

Combined single-cell and spatial 

transcriptomics reveal the molecular, cellular 

and spatial bone marrow niche organization. 

Nature Cell Biology 2019 22:1. 2019 Dec 

23;22[1]:38–48. doi:10.1038/s41556-019-

0439-6 PubMed PMID: 31871321.  

32. Muddineni SSNA, Katz-Even C, Zipin-

Roitman A, Rasoulouniriana D, Singha Roy D, 

Aborgies R, et al. Mesenchymal stromal cells 

modulate survival and regeneration of human 

hematopoietic stem cells via PGE2/cAMP 

signaling. Cell Death Dis. 2026 Dec 

1;17[1]:307. doi:10.1038/S41419-026-08502-

W PubMed PMID: 41775691.  

33. Zhang X, Yang X, Ma L, Zhang Y, Wei J. 

Immune dysregulation and potential targeted 

therapy in myelodysplastic syndrome. Ther Adv 

Hematol. 2023 Jan 1;14:20406207231183330. 

doi:10.1177/20406207231183330 PubMed 

PMID: 37547364.  

34. Stoeckius M, Hafemeister C, Stephenson W, 

Houck-Loomis B, Chattopadhyay PK, 

Swerdlow H, et al. Simultaneous epitope and 

transcriptome measurement in single cells. Nat 

Methods. 2017;14[9]:865-868. 

doi:10.1038/nmeth.4380.  

35. Hao Y, Stuart T, Kowalski MH, Choudhary S, 

Hoffman P, Hartman A, et al. Dictionary 

learning for integrative, multimodal and 



 

  

84       

Sheikh F.  Ngr. Jr. Med. Sc. vol-2, issue-3 (Mar-2026) pp-74-84 

© 2026 Nexus Global Research Journal of Medical Sciences l Published by Nexus Global Research (An Academic Publisher) 

scalable single-cell analysis. Nat Biotechnol. 

2024;42:—. doi:10.1038/s41587-023-01767-y.  

36. Keren L, Bosse M, Marquez D, Angoshtari R, 

Jain S, Varma S, et al. A Structured Tumor-

Immune Microenvironment in Triple Negative 

Breast Cancer Revealed by Multiplexed Ion 

Beam Imaging. Cell. 2018 Sep 6;174[6]:1373-

1387.e19. doi:10.1016/j.cell.2018.08.039 

PubMed PMID: 30193111.  

37. Sheih A, Voillet V, Hanafi LA, DeBerg HA, 

Yajima M, Hawkins R, et al. Clonal kinetics and 

single-cell transcriptional profiling of CAR-T 

cells in patients undergoing CD19 CAR-T 

immunotherapy. Nat Commun. 2020;11[1]:219. 

doi:10.1038/s41467-019-13880-1.  

38. Hao Y, Hao S, Andersen-Nissen E, Mauck WM, 

Zheng S, Butler A, et al. Integrated analysis of 

multimodal single-cell data. Cell. 2021 Jun 

24;184[13]:3573-3587.e29. 

doi:10.1016/J.CELL.2021.04.048 PubMed 

PMID: 34062119.  

39. Eraslan G, Avsec Ž, Gagneur J, Theis FJ. Deep 

learning: new computational modelling 

techniques for genomics. Nature Reviews 

Genetics 2019 20:7. 2019 Apr 10;20[7]:389–

403. doi:10.1038/s41576-019-0122-6 PubMed 

PMID: 30971806.  

40. Topol EJ. High-performance medicine: the 

convergence of human and artificial 

intelligence. Nat Med. 2019 Jan 1;25[1]:44–56. 

doi:10.1038/S41591-018-0300-7 PubMed 

PMID: 30617339.

 

 

 


