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SUMMARY

Hematopoietic multipotent progenitors (MPPs) regulate blood cell production to meet the evolving demands 
of an organism. Adult human MPPs remain ill defined, whereas mouse MPPs are well characterized, with 
distinct immunophenotypes and lineage potencies. Using multi-omic single-cell analyses and functional as-

says, we identified distinct human MPPs within Lin− CD34+CD38dim/lo adult bone marrow with unique bio-

molecular and functional properties. These populations were prospectively isolated based on expression of 
CD69, CLL1, and CD2 in addition to classical markers like CD90 and CD45RA. We identified a CD69+ MPP 
with long-term engraftment and multilineage differentiation potential, a CLL1+ myeloid-biased MPP, and a 
CLL1− CD69− erythroid-biased MPP. We used this updated hematopoietic stem and progenitor cell 
(HSPC) profile to study human and mouse bone marrow cells and observe unique cell-type-specific homol-

ogy between species and cell-type-specific changes associated with human aging. By identifying and 
functionally characterizing adult MPP sub-populations, we provide a framework for future studies in 
hematopoiesis.

INTRODUCTION

Hematopoiesis is a complex process that generates differenti-

ated blood cells from a multipotent hematopoietic stem cell 

(HSC). 1 Maintaining hematopoiesis is critical for the needs of 

an organism through times of stress, infection, and illness. In hu-

mans, multipotent progenitors (MPPs) are important regulators 

of blood cell production and are key to maintaining appropriate 

cell output throughout life. The definition of human MPPs lacks 

clarity, which limits our understanding of human hematopoiesis. 

Historically, blood cells have been defined through prospective 

isolation using fluorescence-activated cell sorting (FACS) and 

functional evaluation using in vitro and in vivo assays. 2,3 These 

studies have led to the hierarchical description of hematopoiesis 

containing HSCs at the apex capable of long-term self-renewal 

and multilineage differentiation potential. 2,4–7 Historically, 

HSCs have been described as long-term HSCs (LT-HSCs) and

short-term HSCs (ST-HSCs) based on differential ability for mul-

tipotent engraftment upon serial transplantations. The HSC can 

generate increasingly abundant hematopoietic stem and pro-

genitor cells (HSPCs) and, ultimately, terminally differentiated 

blood cells. This hierarchical model has been revised 

frequently 8 ; however, it is believed that HSCs give rise to 

MPPs and lymphoid-primed MPPs (LMPPs), which have 

decreasing self-renewal capacity but persistent lymphoid and 

myeloid potential. 5,6,9 MPPs and LMPPs differentiate into 

increasingly lineage-restricted oligopotent and unipotent pro-

genitors. Several oligopotent progenitor (OPP) sub-populations 

have been described, including common myeloid progenitors 

(CMPs), megakaryocyte-erythroid progenitors (MEPs), granulo-

cyte-monocyte progenitors (GMPs), and common lymphoid pro-

genitors (CLPs, or B cell natural killer [NK] cell progeni-

tors). 5,6,8,10–12 The immunophenotypic and functional 

heterogeneities within OPPs have been re-evaluated, leading
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to a better understanding of the underlying cellular content of 

these sub-populations. 6,13

Importantly, adult human MPPs are functionally and molecu-

larly heterogeneous within purified sub-populations using cur-

rent FACS methods, and they have not been significantly refined 

based on their immunophenotypic profiles. 5,13–16 This reflects 

how little is known about human MPPs, especially when 

compared to the mouse. Murine hematopoiesis contains distinct 

MPP subsets, 17,18 which undergo functional changes with stress 

and aging. Specifically, four murine MPPs, MPP1–4, have been 

identified: MPP1 is considered a metabolically active HSC sub-

set, 19 MPP2 and MPP3 are considered myeloid-biased 

MPPs, 19 and MPP4 is considered a lymphoid-biased MPP. 20 

Similar immunophenotyping studies in humans are limited and 

often involve cord blood (CB), 5,13,21 which can be functionally 

different than adult bone marrow (BM). 13,22–25 Further, studies 

in both humans and mice suggest that early progenitors, defined 

by traditional immunophenotypes, are lineage primed and, 

therefore, question the existence of immunophenotypically 

defined OPPs like the CMP. 13,15

Although it has been important to use immunophenotypes to 

purify and study HSPCs, this approach has led to the idea that 

hematopoiesis progresses through a stepwise process. 2 Recent 

studies re-evaluating hematopoiesis using single-cell methods 

challenge this view, as they present primitive hematopoiesis as 

a more gradual and continuous process. 7,8,14,26 These observa-

tions are important but are not radical, as surface marker expres-

sion is continuous, and discrete bins of expression are not al-

ways present. Regardless, the hierarchical resolution of mouse 

hematopoiesis using surface markers, particularly the MPP 

compartment, is finer than in humans and has led to significant 

advances in our understanding of hematopoiesis. The need re-

mains to resolve primitive human MPPs into distinct, immuno-

phenotypically defined, functionally distinct sub-populations to 

prospectively isolate and study these cells.

Analysis of single-cell RNA sequencing (scRNA-seq) data from 

FACS-isolated murine HSCs and MPPs suggests that these cells 

also exist in a continuum, despite being immunophenotypically 

distinct. 15,27 It is therefore important to not only adapt prior 

methods from the study of mouse hematopoiesis to human 

HSPCs but also to consider a multi-modal framework to improve 

our ability to both compartmentalize and study hematopoiesis 

and associated blood disorders. 28,29 Although multiple scRNA-

seq studies on healthy human hematopoiesis have been pub-

lished over the past several years, 6,14,30–37 only a few have 

incorporated multiple analytes like concurrent scRNA-seq and 

surface marker expression analysis using antibody-derived 

tags (ADTs; scADT-seq). 31,35,37,38 Importantly, the functional 

evaluation of adult MPP sub-populations observed in these 

studies has been limited.

Here, we present a systematic approach for analyzing multi-

omic single-cell data from adult human BM and provide a frame-

work for rigorously evaluating the HSPC compartment of adult 

hematopoiesis using computational methods and functional as-

says (Figure S1). As a result, we observe greater phenotypic het-

erogeneity within CD34+ cells in adult BM compared to CB and 

define 4 functionally distinct progenitors based on the expres-

sion of CD90, CD69, and CLL1 within the lineage-negative

(Lin − )CD34+CD38dim/loCD45RA− CD2− compartment. Using 

complementary in vitro and in vivo assays, we observe that

(1) the Lin− CD34+CD38dim/loCD90− CD45RA− CLL1− CD69+ 

adult BM population contains a human MPP with long-term 

engraftment capacity and 7 lineage differentiation potentials,

(2) the Lin− CD34+CD38dimCD90− CD45RA− CLL1− CD69− 

population contains an erythroid-biased human MPP, and (3) 

the Lin− CD34+CD38dimCD90− CD45RA− CLL1+ population 

contains a myeloid-biased MPP. Both the myeloid- and 

erythroid-biased MPPs have significantly decreased engraft-

ment potential in vivo. We also observe 3 distinct OPPs within 

the Lin− CD34+CD38dim/loCD45RA+ adult BM population with 

differential CD2, CD69, and CLL1 surface marker expression: 

CD2+ LMPPs with both myeloid and lymphoid potencies, 

CD2− CLL1− LMPPs with high lymphoid potency, and 

CD2− CLL1+ GMPs with minimal lymphoid potency. Integrated 

single-cell assay for transposase-accessible chromatin using 

sequencing (scATAC-seq) analysis revealed distinct patterns of 

chromatin accessibility among the HSPCs. Using the updated 

HSPC profile as a reference, we also performed a cross-species 

analysis, which allowed us to identify similar cell states between 

mouse and human HSPCs. Finally, we performed a large-scale 

(n = 42,480 cells) computational analysis across 20 human do-

nors (ages 0–75) and observed cell-type-specific transcriptional 

changes associated with aging, and we evaluated those 

changes in common blood cancers. Our work provides addi-

tional insights into adult human HSPC biology with implications 

for future multi-omic studies.

RESULTS

Clustering and computational purification of human 

adult HSPC populations

To investigate human adult HSPC populations, we conducted 

concurrent scRNA-seq and scADT-seq on 10,297 cells isolated 

from 3 normal adult human BM donors (Figure S1). Prior scRNA-

seq studies suggest that early HSPC sub-populations in adult 

BM are difficult to sub-cluster. 14 However, the inclusion of sin-

gle-cell ADT information allowed us to not only remove poor-

quality cells that persisted despite standard quality control 

(QC) methods (Figures S2A and S2B) but also to improve subse-

quent clustering and integration. As an exploratory analysis of 

the dataset, we first estimated the number of clusters within ca-

nonical HSPC sub-populations 5 using both gene and surface 

marker expression. Single cells from 3 donors (Table S1) were 

computationally isolated using ADT counts and conventional 

markers used in FACS-based gating (Table S2). 30 The number 

of sub-clusters for each computationally purified sub-population 

was estimated using the Gap statistic 39 on integrated features 

from concurrent gene expression and ADT data (Figures S2E 

and S2F). We observed stable sub-clustering within the CD34 

+CD38dim/lo sub-population, 5 which motivated the subsequent 

unsupervised sub-clustering analysis.

We evaluated two clustering methods, the Louvain algorithm 40 

and non-negative matrix factorization (NMF), 41 and observed 

that NMF-based clustering generated more sub-clusters within 

the HSPC compartment. We therefore performed NMF, which 

revealed several candidate sub-clustering levels based on the
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Figure 1. Candidate HSPC sub-populations were identified using NMF and express unique immunophenotypes

(A) Schematic of single-cell analysis workflow.

(B) Uniform manifold approximation and projection (UMAP) projection of the reference single-cell dataset (reference 1) and final cell counts for each cluster.

(legend continued on next page)

Cell Reports 44, 116236, September 23, 2025 3

Article
ll

OPEN ACCESS



cophenetic index (Figure S2G). 41,42 To identify the optimal level 

of sub-clusters, we first split the data into a training and a test da-

taset (STAR Methods) and generated a signature matrix using 

the training dataset for deconvolution with CIBERSORTx. 43 

The test dataset was then over-clustered (k = 18; Figure S2H), 

and transcriptionally similar clusters were collapsed to optimize 

the deconvolution performance with CIBERSORTx in pseudo-

bulk samples. This semi-supervised approach resulted in 15 

high-quality clusters. We subsequently evaluated the strength 

of our sub-clustering approach by performing intra-dataset 

cell-annotation transfer (Figure S2I). This reference profile 

(semi-supervised NMF 15) performed similarly to, if not better 

than, alternative clustering approaches and published annota-

tions 31,32,35 based on bulk and cluster-specific F1 scores while 

maintaining stable clustering parameters (Figures S2J and 

S2K). Our clustering approach allowed HSPC sub-population 

discrimination, whereas published annotations and the unsuper-

vised Louvain approach generally combined these cells into a 

single cluster (Figures S2L–S2P).

The preliminary cluster annotations were derived based on the 

differential expression of marker genes and proteins (Figures 

1B–1D; Table S3). We identified 4 clusters within the canonical 

MPP gate—MPP1, MPP2, MPP3, and a basophil (Ba), eosinophil 

(Eo), and mast cell (Mc) progenitor (ProBEM)—and 4 clusters 

within the canonical LMPP gate: LMPP1, LMPP2, ProgB, and 

LMPP3. To evaluate cluster validity, we quantified donor integra-

tion using Seurat’s canonical correlation analysis (CCA), scGen, 

and Scanorama (Figures S3A–S3D). The CCA method was supe-

rior to other methods as measured by the local inverse Simp-

son’s index (Figures S3E and S3F). 44–47

After creating this HSPC reference, we derived a sorting strat-

egy for these HSPCs by iteratively calculating differentially ex-

pressed ADTs for each cluster (Figure 1E; Table S2). We then 

evaluated if immunophenotypically defined HSPCs exist in early 

transcriptional cell states. To address this question, we per-

formed an iterative trajectory analysis using dynverse 48 and 

partition-based graph abstraction 49 (PAGA; Figure S3G). Cells 

were first computationally purified using the updated sorting 

strategy and labeled based on their immunophenotype. When 

evaluating HSPCs only, we see an enrichment of HSCs, 

MPP1s, and LMPP1s in milestone 1 (Figure S3H; Table S6). To 

further evaluate MPP development, we performed a subsequent 

analysis on HSCs and MPPs (MPP1-2, myeloid-primed MPP 

[MMPP], and LMPP1). We see that HSCs and MPPs reside in 

earlier milestones, whereas erythroid-primed MPPs (EMPPs), 

MMPPs, and LMPP1s track concordantly down developmental 

milestones (Figures S3I and S3J). When looking only at immuno-

phenotypically defined cells based on ADT expression, we see 

expected patterns of enrichment within sequential milestones 

based on the known developmental hierarchy of hematopoiesis. 

Further, the differential ADTs that were informative for isolating 

HSPCs were also identified as important milestone-defining 

ADTs (Table S6). However, immunophenotypically defined

HSCs and MPPs exist across multiple milestones, which sug-

gests that they occupy a transcriptional continuum, and the up-

dated sorting strategy can enrich for cells that reside in early 

transcriptional states (Figures S3K and S3L). Further, computa-

tional purification using the updated sorting strategy produced 

greater target population enrichment and lower population diver-

sity compared to the traditional sorting strategy (Figures S4A and 

S4B). Improvements in purity were higher within the traditional 

MPP sub-population (Figure S4C). From the analysis, we identi-

fied CD69, CLL1, and CD2 as important antigens for purifying 

HSPCs, in addition to conventional markers CD34, CD38, 

CD45RA, and CD90.

We also observed a candidate B cell progenitor, ProgB, in the 

canonical LMPP population, based on both gene and surface 

markers (Figures 1E, S7A, and S7B; Table S3). Prior work sug-

gests that CD117, CD10, and CD19 are important markers for 

discriminating B cell progenitors, 50 so we evaluated ProgB cells 

for CD117, CD10, and CD19 expression (Figure S4D) and sub-

annotated them based on CD10 expression (Figure 1B). The ma-

jority of ProgB cells express low levels of CD117 and CD19 and 

do not express CD10 (ProgB_CD10− ), and only a rare popula-

tion of ProgB cells express CD10 (ProgB_CD10+). Both CD19 

and CD10 expressions were lower in ProgB cells than in lympho-

cytes. We also observed that CD2 expression marked a candi-

date LMPP, LMPP2, which expresses cytotoxic genes at higher 

levels compared to other CD34+ HSPCs (Figure S4E). The com-

plete immunophenotypes are reported in Table S2. Lineage-

defining marker expression compared to all cell types, including 

lymphocytes, and cell cycle scores is presented in Figures S4D– 

S4F. As expected, HSCs exhibit low S and G2M scores, whereas 

the remaining HSPCs upregulate both S and G2M signatures, 

suggesting cell cycle entry at variable levels. Overall, our obser-

vations support a semi-supervised approach, i.e., unsupervised 

NMF clustering followed by manual curation with CIBERSORTx, 

for identifying cell types in our data.

An updated flow cytometry-based sorting strategy for 

purifying and studying primitive HSPCs

As a primary goal of this study is to understand the functional 

characteristics of the MPP and LMPP sub-populations, we de-

signed a FACS strategy (Figure S5) using the computationally 

derived immunophenotypes (Table S2; STAR Methods). We 

used this sorting strategy to evaluate the proportion of each 

cell type within the Lin− CD34+CD38dim/lo sub-population 

across 24 adult BM and 4 CB donors (Figure 2A) to compare 

the cellular composition between different donor sources. We 

observed an increase in MPP3s/ProBEMs and LMPP3s and a 

decrease in MPP2s in adult BM compared to CB. The greater de-

gree of heterogeneity in adult BM is partly marked by the expres-

sion of CLL1 in CD34+CD38dim/lo cells compared to CB 

(Figure S2D). Prior work has demonstrated the utility of CD110, 

CD71, and CD49f in identifying HSC and MPP subsets in 

CB. 13,51 We therefore evaluated the expression of these markers

(C) Heatmap showing average ADT expression for each cluster.

(D) Heatmap showing average gene expression for top features in each cluster.

(E) A schematic illustrating an updated sorting strategy for purifying HSPC sub-populations.

Clusters are coded by color on the top of the heatmap (C and D) and in the ADT plots (E) using the legend in (B).
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among the HSPCs and observed greater CD71-expressing cells 

and fewer CD110-expressing cells in MPP2s compared to 

HSCs, MPP1s, and MPP3s (Figures 2B–2E). Most HSCs and 

MPP1s expressed higher CD110 compared to MPP2 and 

MPP3s. There was no significant difference between the fre-

quency of CD49f-expressing cells within HSCs and MPP cell 

types in either adult BM or CB (Figure 2F).

Although candidate HSPCs were rare in adult BM, we were 

able to purify these sub-populations using the updated sorting 

strategy for the subsequent assays (Table S7). In single-cell 

methylcellulose-based colony-forming unit (CFU) assays, 

HSCs, MPP1s, and MPP2s had both myeloid and erythroid clo-

nogenic potential, whereas MPP3s, LMPP2s, and LMPP3s had 

only granulocyte and monocyte potential (Figure 2G). MPP2s 

demonstrated the highest clonogenic output, whereas LMPP1s 

did not expand in this assay. To evaluate megakaryocyte pro-

duction, we assayed purified HSPCs in vitro in a serum-free 

liquid culture system. After 7 days of culture, MPP1s produced 

the greatest relative percentage of CD41a+CD61+ megakaryo-

cyte progenitors (Figure 2H). HSCs and MPP2s produced mini-

mal CD41a+CD61+ megakaryocyte progenitors, whereas 

MPP3s, LMPP1s, and LMPP3s did not produce megakaryocyte 

progenitors.

HSPC populations were subsequently evaluated for long-term 

engraftment in NOD/SCID/IL2Rγ − /− (NSG) mice (Table S8). Puri-

fied HSCs and candidate MPPs were injected intrafemorally, and 

human chimerism was measured between 17 and 18 weeks. 52 

HSCs and MPP1s were able to produce long-term engraftment 

compared to MPP2s and MPP3s/ProBEMs (Figure 2I). In all en-

grafted mice, we observed the presence of immunophenotypi-

cally defined HSCs, MPP1s, MPP2s, and MPP3s/ProBEMs 

and both CD33+ and CD19+ cells within the human CD45 

+HLA+ sub-population.

To characterize lineage potencies across all HSPCs, we per-

formed a series of in vitro assays. Combined lymphoid and 

myeloid differentiation potential was assessed in liquid culture 

on OP9 cells with SCF, G-CSF, FLT3L, interleukin (IL)-2, DuP-

697, and IL-15. 6 Purified HSPCs were cultured for 3 weeks, 

and aggregate cellular output was quantified in Figures 2J and 

2K. All cell types produced hCD45+CD14+ monocyte-macro-

phages (Ms) and CD15+ neutrophil-granulocytes (Gs), with a 

noticeable burst of Gs at 14 days. LMPP1-2 cells produced the

greatest amount of hCD45+CD14− CD15− SSAlowCD56+ NK 

cells, whereas HSCs, MPP1s, MPP2s, and MPP3s/ProBEMs 

produced moderate to minimal NK cells. LMPP1 cells also pro-

duced the greatest amount of hCD45+CD14− CD15− SSA-

lowCD19+ B cells, whereas HSCs, MPP1s, and MPP2s demon-

strated moderate to minimal B cell production.

T cell potency was assessed using an in vitro liquid culture sys-

tem with OP9 stromal cells expressing human notch receptor 

ligand DL4 (OP9-hDL4). 53 Purified HSPCs were cultured with cy-

tokines SCF, FLT3L, and IL-7 for 21–28 days. 6 HSCs, MPP1s, 

MPP2s, LMPP1s, and LMPP2s produced moderate hCD45 

+SSAlowCD7+CD5+CD3+ cells, with a few samples producing 

minimal CD4+, CD8+, or CD4+CD8+ double-positive (DP) cells 

(Figure 2L). MPP3s produced very few immunophenotypic 

T cells, and LMPP3s produced no immunophenotypic T cells. 

LMPP1 cells generated the greatest total cellular production af-

ter 21–28 days in culture (Figure 2M). BEM production was deter-

mined using an in vitro serum-free culture system. HSPCs were 

expanded and evaluated for BEM production after 7 days. 

MPP3s produced the greatest relative BEM production, followed 

by MPP1s and MPP2s (Figure 2N).

Both HSCs and MPP1s demonstrated long-term engraftment 

and 7 lineage differentiation potentials. MPP1s demonstrated 

greater megakaryocyte differentiation potential, MPP2s demon-

strated greater erythroid potential, and MPP3s/ProBEMs 

demonstrated greater BEM potential compared to other 

HSPCs in vitro. Although LMPP1s had the greatest lymphoid po-

tential in vitro, all HSPCs evaluated in our assays, except for 

LMPP3s, contain a degree of lymphoid potency. Based on these 

results, MPP1 was annotated as an MPP, MPP2 was annotated 

as an EMPP, MPP3 was annotated as a MMPP, and LMPP3 was 

annotated as a GMP (Figure 2O).

An updated model of adult human hematopoiesis

An updated model of adult hematopoiesis based on our compu-

tational and functional analyses is presented in Figure 3. Each 

HSPC’s differentiation potential is designated by arrows, with 

the thickness corresponding to the strength of the lineage po-

tency. Annotations and arrows that were not directly studied in 

our functional assays are marked with dashed lines and were 

incorporated into the model based on our computational anal-

ysis and prior observations. The canonical CD90+ HSC can be

Figure 2. Computationally identified HSPCs can be purified using flow cytometry and exhibit distinct functional properties

(A) HSPC frequencies across 24 adult bone marrow and 4 cord blood donors.

(B–E) Cells within each respective gate were evaluated for CD71 and CD110 expression, and relative frequencies are displayed.

(F) CD49f expression of cells within each respective gate.

(G) Single-cell methylcellulose colony-forming unit (CFU) assay of clonogenic output and lineage differentiation potencies of adult HSPCs.

(H) Proportions of CD41a+CD61+ megakaryocyte progenitors produced after 7-day in vitro expansion of each adult HSPC.

(I) Human to mouse chimerism 17–18 weeks post-primary transplantation of purified HSPCs. Chimerism >0.1% was considered positive for long-term 

engraftment.

(J and K) Monocyte and granulocyte (J) and B and NK cell (K) output after 7–21 days of expansion in liquid culture with OP9 cells and SGF15 media.

(L) T cell output after 21–28 days of expansion in liquid culture with OP9-hDL4 cells and SF7 media. CD7+CD5+CD3+ cells were split based on CD4 and CD8 

expression, and the remaining cells did not express CD3.

(M) T cell production after 21–28 days of expansion. The size of each circle correlates with hCD45+/SSAlo cell production normalized to 100 cells seeded.

(N) Ba, Eo, and Mc output after 7 days of expansion with SCF, IL-3, or IL-5.

(O) Summary of engraftment and lineage differentiation potencies for all HSPCs.

DN, double negative; DP, double positive. Pooled data are represented as mean ± SEM. Statistical significance was tested using a t test or ANOVA with multiple 

comparison adjustments. *Adjusted p < 0.05.
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further purified by removing CD2+ and CLL1+ cells. The 4 clus-

ters within the canonical CD90− CD45RA− MPP gate can be pu-

rified using CD69 and CLL1 and show distinct functional proper-

ties. The canonical CD90− CD45RA+ LMPPs contain 4 

additional clusters that can be purified using CD2, CLL1, 

and CD69.

A mixed-model classifier improves cell annotation 

transfer across scRNA-seq datasets

After identifying functionally and molecularly distinct HSPCs, we 

tested if we could identify these populations in external scRNA-

seq datasets. An important requirement for this analysis is accu-

rate cell annotation transfer. To identify the optimal cell classifier, 

we adapted a prior method 54 to incorporate both model- and 

cell-type-specific metrics (Figure S6). The optimal cell-type-spe-

cific method was incorporated into the final classifier, i.e., a 

mixed-model classifier, and was evaluated further using an in-

ter-dataset analysis (Figure S6E). We evaluated the performance 

of the mixed-model classifier on 14 external scRNA-seq data-

sets. 31,32,35,36,55–64 The model performed well on both adult 

and pediatric BM cells (Figure S7A); however, the performance 

was significantly reduced when annotating mobilized peripheral 

blood (mPB) and CB (Figure S7B). This would suggest that mPB 

and CB HSPCs have more distinct cell states compared to adult 

and pediatric HSPCs. We also evaluated model performance by 

comparing our reference annotation assignments to the original 

cell annotations in 6 datasets containing this information and

found good concordance (Figure S7C). Our annotation assign-

ments allowed for further deconvolution of progenitor cell states 

in the external data. Heatmaps illustrating marker gene expres-

sion for our reference dataset and the integrated external data-

sets are presented in Figure S7D. The optimized mixed-model 

classifier was used for the subsequent analysis of external 

human and mouse scRNA-seq data.

HSPC states can be isolated in a second cohort of adult 

donors

To evaluate the validity of the updated HSPC reference, we pro-

filed a second cohort of adult donors (n = 3, reference 2) using 

the same workflow (Figure S1D). After implementing our updated 

QC methods, we recovered 2,405 high-quality HSPCs. Using the 

mixed-model classifier, we were able to identify similar cell 

states (Figure S8A) with high confidence as measured by the 

F1 score using the inter-dataset approach (Figure S8B). Using 

these labels, we observed similar clustering metrics compared 

to reference 1 (Figures S8C and S8D). We then computationally 

purified and annotated cells in references 1 and 2 using ADT in-

formation and the updated sorting strategy (Figure 1E) and 

compared average gene expression across datasets. Analogous 

cell populations in each reference showed highly correlated 

average gene expression (Figures S8E–S8G), which supports 

the reproducibility of our observations.

Cells from reference 2 were profiled using an expanded ADT 

panel (Table S5), which included previously validated HSC and

Figure 3. Updated model of adult hematopoiesis

A flow chart illustrating an updated framework for organizing the adult hematopoietic hierarchy. Arrows depict differentiation potencies with relative thickness 

highlighting the strength of that potency. Dashed lines designate cell populations and differentiation trajectories that have been previously described or were 

evaluated computationally in the current study. The updated model highlights the heterogeneity within the canonical MPP and LMPP populations in adult bone 

marrow. We propose that within the canonical Lin− CD34+CD38dim/loCD90− CD45RA− MPP sub-population, the MPP resides in CLL1− CD69+ cells, and CLL1 

+ cells are myeloid biased, whereas CLL1− CD69− cells are erythroid biased. Within the canonical Lin− CD34+CD38dim/loCD90− CD45RA+ LMPP population, 

we propose that CD2− CLL1− LMPP1s have the strongest lymphoid potency, CD2+ LMPP2s have both lymphoid and myeloid potency with high expression of 

cytotoxic genes, and CD2− CLL1+ cells are primarily GMPs.
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MPP markers like CD49f and CD52. 13,16,51 We therefore evalu-

ated CD52 and CD49f expression in the MPP sub-gate and 

observed poor discrimination of cells using these markers 

(Figures S9A–S9C). Separating cells based on CD69 expression 

produced a significantly more homogenous population 

compared to CD49f and CD52 (Figure S9D). The MPPs were 

also gated based on CD52 or CD49f expression with respect 

to CD69 (Figures S9E and S9F) to determine if those markers 

could produce transcriptionally distinct sub-populations. Rather, 

we observed that CD69+ MPPs separated based on CD52 and 

CD49f expression remained transcriptionally similar, suggesting 

the limited utility of these markers to identify additional MPP sub-

populations (Figures S9G and S9H).

MPP populations are associated with unique changes in 

TF networks

Transcription factors (TFs) modulate specific gene regulatory 

networks (GRNs), which are critical for determining cell identity, 

function, and lineage commitment. 15,30,65,66 Studies evaluating 

TF GRNs in hematopoiesis suggest that specific cell fate deci-

sions are regulated by circuits involving several TFs rather than 

the sequential expression of individual factors. 67,68 These obser-

vations may be particularly relevant for HSPCs, which can be 

regulated by small variations in several unique TFs. 66,68 We 

therefore evaluated if HSPC states could be characterized by in-

dividual TFs or a combination of factors. Motif analyses have 

been useful for evaluating differential GRNs and cell states 30 ; 

however, TF families often share similar DNA-binding motifs, 

which confounds the analysis. To address these questions and 

the associated limitations, we used our updated HSPC reference 

to analyze published combined scATAC-seq and single-nucleus 

RNA-seq (snRNA-seq) data (ATAC-RNA) from healthy adult 

BMMCs and a curated motif reference. 69–71 ATAC-RNA cells 

were integrated with scRNA-seq cells using snRNA-seq data 

with cytosolic gene expression (scRNA-seq) (Figures 4A and 

4B), which enabled cross-platform cell annotation transfer and 

gene expression integration of ATAC-RNA cells. The expression 

of key genes from the gene integration matrix (GIM) for the anno-

tated ATAC-RNA cells are compared to their expected expres-

sion from the reference gene expression matrix (GEM) (Figures 

4A and 4B). Averaged normalized counts per cluster for these 

differentially expressed genes were highly correlated between 

the two gene expression matrices (Figure 4C).

The integrated dataset was used to evaluate correlated motif 

accessibility with TF gene expression (putative regulators). Given 

the underlying noise associated with cross-platform cell annota-

tion transfer and gene expression inference, we identified puta-

tive regulators that also varied significantly across differentiation 

trajectories based on our functional studies (differential regula-

tors) to identify TFs that were most likely to influence HSPC 

GRNs (Figure 4D). As the cell types observed from these studies 

reside in canonical HSCs and MPPs (HSCs, MPPs, EMPPs, 

MMPPs/LMPP1s, and ProBEMs), we focused the TF GRN anal-

ysis on these HSPCs. Representative footprint plots for impor-

tant TFs identified using the differential regulator approach are 

provided in Figure 4E, and a summary of the results is illustrated 

in Figure 4F. We observe that MEIS1 and LYL1 motifs are more 

accessible in HSCs compared to MPPs and MMPPs/LMPP1s 

(Figure 4E). We also see that TF accessibility for primitive 

HSCs/MPPs is lower than that of more differentiated progeni-

tors, i.e., TAL1 in EMPPs (Figure 4E). We also evaluated whether 

the functional capacity of the HSPCs associates with known line-

age-defining TF GRNs. Motif accessibility for key TFs, including 

GATA1, SPI1, and IRF8, shows expected variations among 

HSPCs (Figure S10A) based on the lineage potencies observed 

from our functional studies (Figure 2), which is further supported 

by the observed GRNs for key marker genes like HBB, CCR3, 

TBX21, ITGAM, ITGA2B, FCER1A, IL7R, and CCR2 (Figure 

S10B). Therefore, the integrated analysis supports the observed 

functional potencies and suggests that a network of lineage-

defining TFs gains activity in primitive progenitors based on 

chromatin accessibility associated with specific cell states.

An iterative integration of single-cell gene expression 

can identify homologous cell states between mouse and 

human HSPCs

Research in murine hematopoiesis has identified immunopheno-

typically distinct HSPCs with unique functional characteris-

tics. 17,18 These include sub-populations of murine HSCs, i.e., 

CD45+EPCR+CD48− CD150+ (ESLAM) HSCs, LT-HSCs, ST-

HSCs, 72,73 and MPPs with varying lineage potencies, i.e., 

MPP2-4 17 and MPP Ly I/II. 29 Because our analysis provided ev-

idence that lineage-biased MPPs exist in humans as well, we 

next attempted to identify their homologous cell states in murine 

BM to support future studies in hematopoiesis. To perform this 

analysis, we evaluated two single-cell datasets with concurrent 

single-cell mRNA and surface marker quantification in young 

adult (2–3 months) 73 and adult (8–10 months) mice BM. 29 These 

data contained HSC and MPP annotations, which allowed for a 

cell-type-specific cross-species analysis with our reference hu-

man HSPC profiles (Figure S11). We first performed a gene or-

tholog-to-ortholog conversion of the mouse data and quantified 

murine expression patterns of gene signatures associated with 

human cells (Figure S12A). Gene signatures were calculated

Figure 4. Adult HSPCs express distinct changes in chromatin accessibility

(A) UMAP of scRNA-seq reference and heatmap of top differentially expressed genes.

(B) UMAP of scATAC-seq cells labeled based on integration with scRNA-seq data and heatmap of the differentially expressed genes within the gene integration 

matrix.

(C) Correlation between averaged normalized counts per cluster for top differentially expressed features in the GIM (scATAC-seq dataset) and GEM (scRNA-seq 

reference dataset).

(D) Putative and differential regulators between designated HSPCs. Positive values are up in the first cell type indicated in the title.

(E) Footprints for representative differential regulators.

(F) Summary of key differential regulators that define each specific HSPC. Each box contains significant regulators compared to the labeled HSPC. Entries in bold 

are present in multiple comparisons.

GIM, gene integration matrix; GEM, gene expression matrix.
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per murine cell based on upregulated gene expression programs 

associated with differentiated human blood cells. 74–76 Although 

we observed the expected patterns of gene expression changes 

across murine cells, the differences in the primitive HSPC popu-

lations were gradual. We then annotated the murine cells using 

our mixed-model classifier (Figure S12B). In young adult mice, 

LT- and ST-HSCs were annotated as human HSCs; however, 

the ESLAM HSC and MPP2-3 annotations were more heteroge-

neous. Murine MPP4s appear to resemble human LMPP1s, mu-

rine MPP2s were mostly labeled as human MPPs and LMPP1s, 

and murine MPP3s were mostly labeled as LMPP1s. In adult 

mice, there was also a strong one-to-one association between 

HSCs. Murine granulocyte and monocyte progenitors 

(pGM_Mys) and CLPs were predominantly labeled as GMPs 

and LMPPs, respectively; however, the assignments for the re-

maining cell types were more inconsistent (Figure S12B).

To improve our ability to identify homologous cell states, we 

subsequently performed an iterative integration of the murine 

and human data (Figure S11). We integrated each murine data-

set with the human reference using CCA and identified 

conserved features between mouse and human HSPCs 

(Figure S13A; Table S11). The data were then re-integrated using 

only conserved features and sub-clustered to achieve a similar 

number of clusters to cell types present in the original murine da-

taset (Figure S13B). The final clusters, L1 and L2, were annotated 

based on marker genes and their resemblance to the human 

HSPC states (Figure 5A). For comparison, a separate projection 

displays the integrated cells based on the original species-spe-

cific annotation (Figure 5B).

We then performed a co-occurrence analysis within each clus-

ter (L1 and L2) to determine homologous cell states. This anal-

ysis is illustrated in Figure 5C, which displays the proportion (col-

umn comparison) of human HSPCs that co-occur in the same 

integrated clusters (L1 and L2) as murine HPSCs (row compari-

son). We evaluated human HSPCs based on our updated sorting 

strategy (‘‘updated’’) and the classical sorting strategy (‘‘orig-

inal’’). 5,30 In young adult mice, we again saw homology between 

HSCs and moderate homology between EMPP and MEP, ProgB 

and MPP4, and GMP states. In adult mice, we also saw homol-

ogy between HSC states and between human GMPs and mouse 

pGM_My cells (Figure 5C). There was moderate homology be-

tween ProgBs, LMPP2s, and MPP LyI/II cells. To determine 

conserved gene expression programs in hematopoiesis, we per-

formed another milestone-based trajectory analysis. This anal-

ysis identified similar differentiation trajectories between species 

(Figures 6A–6H). For each cross-species analysis between 

young adult and adult mice, we identified key differentiation no-

des comprising a heterogeneous population of MPPs and OPPs. 

The most dynamic features within these nodes that were also 

conserved across species and age were determined (Table 

S11) and are illustrated in Figure 6I. From this analysis, we 

observe that TFs like GATA1, GATA2, and PBX1 and surface

markers like CD34, FLT3, and CD74 are conserved dynamic fea-

tures between mouse and human hematopoiesis. A summary of 

homologous cell states based on L1 and L2 clustering is illus-

trated in Figure 6J, and their differentially expressed genes are 

provided in Table S11. These observations indicate that while 

there are differences between HSPC populations in mouse and 

human hematopoiesis, L1 and L2 clustering can assist in identi-

fying homologous states between species.

HSPCs undergo cell-type-specific changes in gene 

expression during aging

The long-term goal for updating the HSPC classification frame-

work is to advance the study of human health and disease. Aging 

is a risk factor for numerous diseases and is characterized by 

multiple biological hallmarks. 77 In hematopoiesis, the relative 

contribution of these individual hallmarks to aging is unclear, 

as is the interconnection between these processes and the asso-

ciated cell type. We hypothesized that by performing a cell-type-

specific analysis of human aging, we could overlay a cell-specific 

context to derangements observed in aging. To address this hy-

pothesis, we evaluated whether the updated HSPC reference 

can be used to identify gene signatures associated with human 

aging (Figure 7A). Unlike in mice, we cannot prospectively study 

aging human HSPCs. However, with the emergence of 

numerous scRNA-seq datasets, we can indirectly evaluate aging 

with greater resolution using primary human data. To perform 

this analysis, we first identified six single-cell datasets from hu-

man BM with age and cell-type annotations. 32,35,36,55,56,59 

Each dataset was labeled using the mixed-model classifier, 

and after integration, we obtained 42,480 cells with high-quality 

annotations across 20 donors aged 0–75 (Figure 7B).

Cells were sub-sampled from the integrated dataset based on 

their annotations to perform a cell-type-specific analysis. We 

also sub-sampled a similar number of cells across the entire da-

taset to resemble a comparable bulk sample (‘‘bulk’’). The final 

cell-type-specific metrics are provided in Table S12. We first 

performed a weighted Spearman correlation comparing gene 

expression within each cell type to both increasing age (aging) 

and decreasing age (youth) to identify important genes associ-

ated with aging and youth. These genes were then evaluated 

for important biological processes using an enrichment analysis 

(Figure 7C). A cell-type-specific approach identified more signif-

icant terms compared to a similar analysis across all cell types 

(bulk; Figures 7C and 7D). In aging HSCs, we observe enrich-

ment in terms associated with antigen processing and presenta-

tion, DNA damage and repair response, and RNA processing 

and splicing (Figure S14). In aging MPPs, we see enrichment in 

terms involved in TP53 signal transduction, RNA processing, 

and RNA splicing. In differentiated progenitors, including 

LMPP1s and GMPs, we observe enrichment in terms associated 

with inflammation, RNA processing, RNA splicing, DNA damage 

response and repair, and cell cycle. We were unable to identify

Figure 5. Human MPPs and OPPs exist in homologous states with corresponding murine HSPCs

(A and B) UMAPs of integrated human and mouse cells colored based on (A) updated cluster labels L1 and L2 of integrated cells and (B) original cell annotations 

for the mouse and human cells.

(C) Human and mouse HSPC co-occurrence plots. Each row is colored based on integrated cluster assignments L1 and L2 (see A), and each entry is colored 

based on the proportion (column comparison) of the original cluster within the updated cluster assignments.
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terms associated with young age when analyzing all cell types 

together (bulk; Figure 7C); however, by using a cell-type-specific 

approach, we observe several cell-type-specific enrichments in 

terms associated with cell cycle, RNA biology, metabolism, and 

proteostasis (Figure S14). To further investigate the specific 

mechanisms within these broader categories, we focused on 

two pathways, RNA processing and splicing and DNA damage 

repair and processing, as they were enriched in multiple cell 

types. We curated gene signatures associated with each pro-

cess (Table S13) 78–86 and calculated cell-type-specific modules 

based on these signatures. From this analysis, we observe that 

elderly HSCs and MPPs show a significant decrease in critical 

processes involved in DNA and mRNA biology, which may 

contribute to aging-related dysfunction (Figures 7E–7G).

Identifying important features that can predict individual cell age 

can be a useful tool for studying aging cells in single-cell datasets. 

To identify simpler cell-type-specific gene signatures compared 

to the correlation analysis, we performed recursive feature elimi-

nation (RFE) using random forest (RF) regression on a training da-

taset comprising 50% of the cells. The cell-type-specific 

approach identified simpler signatures that improved age predic-

tions in the test dataset based on root-mean-square error (RMSE) 

and coefficient of determination (R 2 ) (Figures 7D and 7H).

We then evaluated whether HSPCs in blood cancers, including 

acute myeloid leukemia (AML) and pediatric acute lymphoblastic 

leukemia (ALL), express an aging phenotype. Published single-

cell datasets from patients with AML 32 and pediatric ALL 87 

were labeled using our mixed-model classifier. Cell types based 

on our annotations were sub-sampled and integrated with their 

healthy counterparts (Figure 7B). We calculated cell-type-spe-

cific aging modules using the optimal features derived from our 

RFE analysis and compared them to healthy cells (Figure 7I). In 

both AML and pediatric ALL, which are aggressive myeloid 

and lymphoid blood cancers, LMPP1s expressed a higher 

LMPP1 aging score. There were too few ALL HSCs and GMPs 

for this analysis; however, HSC and GMP aging scores were 

not increased in AML. Prior work has shown that leukemia 

stem cell populations in AML reside in LMPP populations, as 

determined by their immunophenotype, and may express similar 

gene expression patterns. 9 Our results suggest that these cells 

may also express a more aged phenotype, which is unrelated 

to their chronological age (Table S12). Overall, these results sup-

port a cell-type-specific analysis for identifying gene expression 

programs that are relevant in human aging and cancer.

DISCUSSION

In this study, we built a framework for characterizing adult human 

MPPs using multi-omic single-cell data from normal human BM 

and computationally identifying HSPC cell states with distinct

immunophenotypes (Figure 1), gene expression (Table S6), and 

chromatin accessibility (Figure 4). These cells were prospectively 

isolated using flow cytometry and demonstrated unique func-

tional properties (Figure 2O). We show that within the classical 

MPP pool, only CLL1− CD69+ cells are capable of long-term 

engraftment and 7 lineage differentiation potentials, whereas 

CLL1− CD69− and CLL1+ cells are erythroid-primed and 

myeloid-primed MPPs, respectively, with highly diminished 

engraftment capacity. Within the classical LMPP sub-popula-

tion, we show that CD2− CLL1− cells demonstrate high 

lymphoid potency, CD2+ cells produce both lymphoid and 

myeloid cells, and CLL1+ cells contain primarily GMPs. Mega-

karyocyte production is restricted primarily to MPPs, erythrocyte 

production is enriched in EMPPs, lymphoid potency is greatest 

in LMPPs, and all evaluated HSPCs can produce granulocytes 

and monocytes (Figure 2O). It is worth noting that while the 

sub-populations purified by the updated sorting strategy 

(Figures 1B and S5) did enrich for the target cluster of interest, 

the final gates were not homogenous. This suggests that 

HSPCs exist in a gradient of cell states, and our sorting strategy 

primarily enriches for cells with certain characteristics rather 

than purifying for a homogenous population (Figure S3). This is 

an inherent limitation, as the continuous nature of hematopoiesis 

is often not captured in discrete populations purified using FACS 

methods, which is common in both mouse and human studies 

involving HSPCs. 13,17,51,73

Despite the limitations of our study, the updated annotation 

and functional characterization of human HSPCs allowed us to 

build a valuable reference for evaluating external human and 

mouse data, which led to several key observations. Importantly, 

cell-type-specific approaches improved cell annotation transfer 

(Figures S6 and S7), which facilitated the subsequent analysis of 

external single-cell datasets. We see that the cell states derived 

from our reference dataset are present in several external data-

sets and are analogous to available external dataset annotations 

(Figure S7). Of note, our ability to label cells in CB and mPB was 

highly diminished, which again highlights the underlying molec-

ular differences between different hematopoietic tissues. Ulti-

mately, our approach provides increased resolution for identi-

fying HSPC states compared to published annotations. 

Historically, human MPP populations have been less charac-

terized compared to murine MPPs. This has led to difficulties 

in appropriately inferring the human relevance of observations 

made in mice. Such difficulties are in part due to mouse studies 

being performed predominantly in a single genetic strain, i.e., 

C57BL/6, whereas human studies include genetically distinct 

individuals. Regardless, our work provides insights into the het-

erogeneity within the human MPP sub-populations, and our 

cross-species analysis with murine HSPCs identifies homolo-

gous cell states between mice and humans. We see that murine

Figure 6. Milestone analysis of integrated human and mouse hematopoiesis shows conserved gene expression programs across species

(A–H) UMAPs and cell-type prevalence of young adult mouse (A and B), adult mouse (E and F), and human (C, D, G, and H) cells categorized based on inferred 

developmental milestones.

(I) The expression of important features associated key differentiation nodes (outlined in black in B, D, F, and H) are illustrated in heatmaps for both cross-species 

comparisons.

(J) Two cell-type cluster references were derived based on homologous states between humans and young adult (L1) and older adult mice (L2).

SM, surface marker; TF, transcription factor.
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HSCs and more differentiated progenitors show a stronger one-

to-one concordance with their analogous human states 

compared to the MPPs and OPPs (Figures 5 and 6). Although 

these observations highlight the underlying complexity and het-

erogeneity within both mouse and human MPPs, they also pro-

vide a framework for connecting murine and human cell states, 

which is important since murine immunophenotypes may 

change significantly based on mouse age and genetic strain. 18

Finally, we demonstrate the utility of our reference profile 

and mixed-model classifier for studying human disease by 

performing a meta-analysis across 42,480 human HSPCs aged 

0–75. Using a cell-type-specific approach, we were able to 

nominate important biological processes in human aging and 

identified cell-type-specific associations for these derange-

ments (Figure 7). Additionally, our approach allowed us to iden-

tify cell-type-specific aging scores that revealed interesting ob-

servations between the aging phenotype and blood cancers 

(Figure 7I), as AML and ALL LMPP1s, rather than HSCs, express 

a significantly higher aging score compared to healthy donors, 

even in pediatric cases where the average age of the donor 

was 5.2 years. We summarized the observations from this study 

into an updated model of adult hematopoiesis (Figure 3), which 

highlights the heterogeneity within the human MPP and OPP 

sub-populations and their associated functional capacities. 

Overall, our findings and methodologies provide important in-

sights into adult MPP heterogeneity and a valuable resource 

for future research in hematopoiesis.

Limitations of the study

This study provides significant advancements in our understand-

ing of adult human hematopoiesis, as we observe that cell states 

determined primarily by gene expression can be enriched within 

immunophenotypically defined sub-populations. It was there-

fore possible to use these surface markers to purify cells, 

although heterogeneous, to study their functional characteris-

tics. However, our analysis was limited by the scarcity of primary 

adult human tissue and the diminished engraftment potential of 

adult BM compared to CB. 22–25,57,88 In fact, adult BM cells 

have not been reported to reliably produce multilineage engraft-

ment over serial transplantations in immunodeficient mice. 

Moreover, we had to evaluate populations of cells, rather than 

single cells, for our functional assays. This, of course, impairs 

our ability to definitively determine if our purified cells exist as 

a homogenous population or as a collection of cells with various 

functional capabilities, even though this approach is consistent

with historical advancements and refinements in HSPC immuno-

phenotyping. Further, we were unable to show human cell 

engraftment in secondary transplants for either HSCs or 

CLL1− CD69+ MPPs. Therefore, we did not relabel the MPPs 

as HSCs since positive multilineage engraftment over serial 

transplantations is required to define HSCs. Regardless of these 

limitations, we were able to observe significant differences 

among the purified cells, which will be informative when 

designing and implementing translational research in human he-

matopoiesis. Future work will need to address the shortcomings 

inherent in our functional assays and continue to use comple-

mentary cell sources, i.e., CB and mPB, and murine models. 

Although the reference profile provides an important framework 

for studying hematopoiesis, our computational analyses only 

nominate potential relevant biological processes. Future work 

will need to expand on these observations with the necessary 

mechanistic and functional correlates.
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79. Le Hir, H., Sauliè re, J., and Wang, Z. (2016). The exon junction complex 

as a node of post-transcriptional networks. Nat. Rev. Mol. Cell Biol. 

17, 41–54.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

CD3 BD Biosciences Cat#555341; RRID: AB_395747

CD4 BD Biosciences Cat#555348; RRID: AB_395753

CD7 BD Biosciences Cat#555362; RRID: AB_395765

CD8 BD Biosciences Cat#555368; RRID: AB_395771

CD11b BD Biosciences Cat#555389; RRID: AB_395790

CD14 BD Biosciences Cat#340585; RRID: AB_400065

CD16 BD Biosciences Cat#555408; RRID: AB_395808

CD19 BD Biosciences Cat#555414; RRID: AB_395814

CD20 BD Biosciences Cat#555624; RRID: AB_395990

CD56 BD Biosciences Cat#555517; RRID: AB_395907

GPA (CD235a) BD Biosciences Cat#559944, RRID: AB_397387

CD38 BD Biosciences Cat#355790; RRID: AB_399969

CD90 Biolegend Cat#328108; RRID: AB_893429

CD123 Biolegend Cat#306006; RRID: AB_314580

CD34 BD Biosciences Cat#340667; RRID: AB_400531)

CD10 Biolegend Cat#312212; RRID: AB_2146550

CD45RA Biolegend Cat#304134; RRID: AB_2563814

CD45 BD Biosciences Cat#560367; RRID: AB_1645573

Anti-mouse CD45.1 eBioscience Cat#11-0453-85; RRID: AB_465059

Anti-mouse TER-119 eBioscience Cat#47-5921-82; RRID: AB_1548786

CD33 BD Biosciences Cat#555450; RRID: AB_395843

CD19 BD Biosciences Cat#340667; RRID: AB_400531

HLA-ABC BD Biosciences Cat#568004; RRID: AB_2916810

CD49f BD Biosciences Cat#563271; RRID: AB_2738110

CD110 Biolegend Cat#393807; RRID: AB_2750424

CD71 Biolegend Cat#334109; RRID: AB_2563116

CD41a BD Biosciences Cat#559777; RRID: AB_398671

CD61 BD Biosciences Cat#561912; RRID: AB_10892635

CD56 Biolegend Cat#362533; RRID: AB_2565632

CD45 BD Biosciences Cat#560367; RRID: AB_1645573

CD3 BD Biosciences Cat#566518; RRID: AB_2744378

CD4 BD Biosciences Cat#347327; RRID: AB_400283

CD5 eBioscience Cat#25-0059-42; RRID: AB_1582282

CD7 BD Biosciences Cat#555362; RRID: AB_395765

CD8 Biolegend Cat#344713; RRID: AB_2044005

CD34 Biolegend Cat#343510; RRID: AB_1877153

CD56 Biolegend Cat#362533; RRID: AB_2565632

CD45 BD Biosciences Cat#560367; RRID: AB_1645573

CD15 BD Biosciences Cat#551376; RRID: AB_398501

CD14 BD Biosciences Cat#564054; RRID: AB_2687593

CD19 Biolegend Cat#363034; RRID: AB_2616936

CD34 Biolegend Cat#343510; RRID: AB_1877153

CD193 BD Biosciences Cat#561746; RRID: AB_10896970
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Continued
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CD117 BD Biosciences Cat#563859; RRID: AB_2738453

FCER1 eBioscience Cat#48-5899-42; RRID: AB_2574088

CD34 BD Biosciences Cat#745070; RRID: AB_2742689

CD45RA Biolegend Cat#304134; RRID: AB_2563814

CD66b Biolegend Cat#305125; RRID: AB_2750183

CD14 BD Biosciences Cat#564054; RRID: AB_2687593

CD10 AbSeq Oligo AHS0051 BD Biosciences Cat# 940045; RRID: AB_2875936

CD117 AbSeq Oligo AHS0064 BD Biosciences Cat# 940051; RRID: AB_2875942

CD11b AbSeq Oligo AHS0005 BD Biosciences Cat# 940008; RRID: AB_2875899

CD123 AbSeq Oligo AHS0020 BD Biosciences Cat# 940020; RRID: AB_2875911

CD14 AbSeq Oligo AHS0037 BD Biosciences Cat# 940005; RRID: AB_2875896

CD16 AbSeq Oligo AHS0053 BD Biosciences Cat# 940006; RRID: AB_2875897

CD184 AbSeq Oligo AHS0060 BD Biosciences Cat# 940056; RRID: AB_2875947

CD19 AbSeq Oligo AHS0030 BD Biosciences Cat# 940004; RRID: AB_2875895

CD196 AbSeq Oligo AHS0034 BD Biosciences Cat# 940033; RRID: AB_2875924

CD2 AbSeq Oligo AHS0029 BD Biosciences Cat# 940046; RRID: AB_2875937

CD20 AbSeq Oligo AHS0008 BD Biosciences Cat# 940016; RRID: AB_2875907

CD235a_b AbSeq Oligo AHS0048 BD Biosciences Cat# 940040; RRID: AB_2875931

CD24 AbSeq Oligo AHS0042 BD Biosciences Cat# 940028; RRID: AB_2875919

CD244 AbSeq Oligo AHS0131 BD Biosciences Cat# 940362; RRID: AB_2876232

CD25 AbSeq Oligo AHS0026 BD Biosciences Cat# 940009; RRID: AB_2875900

CD3 AbSeq Oligo AHS0033 BD Biosciences Cat# 940000; RRID: AB_2875891

CD32 AbSeq Oligo AHS0073 BD Biosciences Cat# 940069; RRID: AB_2875960

CD33 AbSeq Oligo AHS0044 BD Biosciences Cat# 940031; RRID: AB_2875922

CD34 AbSeq Oligo AHS0061 BD Biosciences Cat# 940021; RRID: AB_2875912

CD38 AbSeq Oligo AHS0022 BD Biosciences Cat# 940013; RRID: AB_2875904

CD4 AbSeq Oligo AHS0032 BD Biosciences Cat# 940001; RRID: AB_2875892

CD44 AbSeq Oligo AHS0054 BD Biosciences Cat# 940039; RRID: AB_2875930

CD45 AbSeq Oligo AHS0040 BD Biosciences Cat# 940002; RRID: AB_2875893

CD45RA AbSeq Oligo AHS0009 BD Biosciences Cat# 940011; RRID: AB_2875902

CD56 AbSeq Oligo AHS0019 BD Biosciences Cat# 940007; RRID: AB_2875898

CD69 AbSeq Oligo AHS0010 BD Biosciences Cat# 940019; RRID: AB_2875910

CD7 AbSeq Oligo AHS0043 BD Biosciences Cat# 940029; RRID: AB_2875920

CD8 AbSeq Oligo AHS0027 BD Biosciences Cat# 940003; RRID: AB_2875894

CD86 AbSeq Oligo AHS0057 BD Biosciences Cat# 940025; RRID: AB_2875916

CD9 AbSeq Oligo AHS0082 BD Biosciences Cat# 940078; RRID: AB_2875969

CD90 AbSeq Oligo AHS0045 BD Biosciences Cat# 940032; RRID: AB_2875923

CD93 AbSeq Oligo AHS0124 BD Biosciences Cat# 940215; RRID: AB_2876097

CD99 AbSeq Oligo AHS0123 BD Biosciences Cat# 940214; RRID: AB_2876096

CLL1 AbSeq Oligo AHS0097 BD Biosciences Cat# 940212; RRID: AB_2876094

Tim3 AbSeq Oligo AHS0016 BD Biosciences Cat# 940066; RRID: AB_2875957

Critical commercial assays

BD Rhapsody Cartridge reagent kit BD Biosciences Cat# 633731

Deposited data

Human BMMC scRNA-seq and scADT-seq This paper GEO: GSE262440

Software and algorithms

Seurat R package (v3.5.1 and v4.4.0) Butler et al. 89 ; Stuart et al. 90 https://cran.r-project.org/web/

packages/Seurat/index.html
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ArchR (v1.0.2) Granja et al. 70 https://github.com/GreenleafLab/ArchR

CIBERSORTx (v1.0) Newman et al. 43 https://cibersortx.stanford.edu/

Workflow for benchmarking 

scRNA-seq annotation tools

Abdelaal et al. 54 https://github.com/tabdelaal/scRNA-

seq_Benchmark/tree/snakemake_and_docker

BD Rhapsody TM WTA Analysis Pipeline (v1.2) www.sevenbridges.com

STAR (v2.7.3a) Dobin et al. 91 https://github.com/alexdobin/STAR

NMF R package (v0.20.0) Gaujoux and Seoighe. 42 https://cran.r-project.org/web/

packages/NMF/index.html

factoextra R package (v1.0.7) https://cran.r-project.org/web/

packages/factoextra/index.html

ape R package (v5.4.1) https://cran.r-project.org/web/

packages/ape/index.html

caret R package (v6.0) Kuhn et al. 92 https://cran.r-project.org/web/

packages/caret/index.html

DoubletFinder R package (v2.0) Mcginnnis et al. 93 https://github.com/chris-mcginnis-

ucsf/DoubletFinder

SoupX R package (v1.6.2) Young et al. 94 https://cran.r-project.org/web/

packages/SoupX/index.html

mixtools R package (v2.0.0) Benaglia et al. 95 https://cran.r-project.org/web/

packages/mixtools/index.html

vegan R package (v2.6.4) https://cran.r-project.org/web/

packages/vegan/index.html

biomaRt https://cran.r-project.org/web/

packages/biomartr/index.html

clusterProfiler (v4.10.0) Wu et al. 96 https://guangchuangyu.github.io/

software/clusterProfiler/

LISI (v1.0) Korsunsky et al. 46 https://github.com/immunogenomics/LISI

bluster (v1.14.0) Lun A et al. 97 https://www.bioconductor.org/packages/

release/bioc/html/bluster.html

R (v3.5.1) R Cran https://cran.r-project.org/

Scanorama (v1.7.4) Hie et al. 47 https://github.com/brianhie/scanorama

Prism (v7) GraphPad Software, Inc. N/A

FlowJo N/A

Other

Resource website for this work This paper https://github.com/ediriwas/adult-human-hspc

Healthy scRNA-seq Ainciburu et al. 36 GEO: GSE180298

Healthy scRNA-seq Bunis et al. 55 GEO: GSE158490

Healthy scRNA-seq Dussiau et al. 63 GEO: GSE169426

Healthy scRNA-seq and ATAC-seq Granja et al. 31 GEO: GSE139369

Healthy scRNA-seq Griffin et al. 56 GEO: GSE227690

Healthy scRNA-seq Kaufmann et al. 64 GEO: GSE148884

Healthy scRNA-seq Mende et al. 57 GEO: GSE190067

Healthy scRNA-seq Oetjen et al. 58 GEO: GSE120221

Healthy scRNA-seq Roy et al. 59 GEO: GSE155259

Healthy scRNA-seq Thongon et al. 60 GEO: GSE169709

Healthy scRNA-seq Triana et al. 35 EGA: EGAS00001005593

Healthy and AML scRNA-seq Van Galen et al. 32 GEO: GSE116256

Healthy scRNA-seq Vanuytsel et al. 61 GEO: GSE160251

Healthy scRNA-seq Zheng et al. 98 GEO: GSE97104

Healthy snRNA-seq and scATAC-seq Luecken et al. 69 GEO: GSE194122

ALL scRNA-seq Caron et al. 87 GEO: GSE132509

(Continued on next page)

22 Cell Reports 44, 116236, September 23, 2025

Article
ll

OPEN ACCESS

https://github.com/GreenleafLab/ArchR
https://cibersortx.stanford.edu/
https://github.com/tabdelaal/scRNAseq_Benchmark/tree/snakemake_and_docker
https://github.com/tabdelaal/scRNAseq_Benchmark/tree/snakemake_and_docker
http://www.sevenbridges.com/
https://github.com/alexdobin/STAR
https://cran.r-project.org/web/packages/NMF/index.html
https://cran.r-project.org/web/packages/NMF/index.html
https://cran.r-project.org/web/packages/factoextra/index.html
https://cran.r-project.org/web/packages/factoextra/index.html
https://cran.r-project.org/web/packages/ape/index.html
https://cran.r-project.org/web/packages/ape/index.html
https://cran.r-project.org/web/packages/caret/index.html
https://cran.r-project.org/web/packages/caret/index.html
https://github.com/chris-mcginnis-ucsf/DoubletFinder
https://github.com/chris-mcginnis-ucsf/DoubletFinder
https://cran.r-project.org/web/packages/SoupX/index.html
https://cran.r-project.org/web/packages/SoupX/index.html
https://cran.r-project.org/web/packages/mixtools/index.html
https://cran.r-project.org/web/packages/mixtools/index.html
https://cran.r-project.org/web/packages/vegan/index.html
https://cran.r-project.org/web/packages/vegan/index.html
https://cran.r-project.org/web/packages/biomartr/index.html
https://cran.r-project.org/web/packages/biomartr/index.html
https://guangchuangyu.github.io/software/clusterProfiler/
https://guangchuangyu.github.io/software/clusterProfiler/
https://github.com/immunogenomics/LISI
https://www.bioconductor.org/packages/release/bioc/html/bluster.html
https://www.bioconductor.org/packages/release/bioc/html/bluster.html
https://cran.r-project.org/
https://github.com/brianhie/scanorama
https://github.com/ediriwas/adult-human-hspc


EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Description of healthy adult donors

Bone marrow mononuclear cells were obtained from healthy donors with informed consent and compliance with relevant ethical reg-

ulations (AllCells and STEMCELL Technologies). All healthy cells used in this study were cryopreserved and subsequently thawed by 

the dropwise addition of IMDM (GIBCO, cat. no. 12440-061) containing 20% fetal bovine serum (FBS; Sigma, cat. no. F1051). Char-

acteristics of each donor, including age and sex, are available in Table S1.

Animal care

All mouse experiments were conducted in accordance with a protocol approved by the Institutional Animal Care and Use Committee 

(Stanford Administrative Panel on Laboratory Animal Care #22264) and in adherence with the U.S. National Institutes of Health’s 

Guide for the Cand Use of Laboratory Animals. A mixture of male and female NOD/SCID/IL2Rγ− /− (NSG) mice was used and details 

on age are available in Table S8.

METHOD DETAILS

A multi-modal framework for studying adult human HSPCs

To identify immunophenotypically distinct sub-populations within adult human HSPCs, 68,707 BM mononuclear cells from 6 donors 

(Figure 2; Table S1) were profiled using concurrent scRNA-seq and scADT-seq (Figure S1; Table S2). We performed strict quality 

control to identify high quality cells, and lymphocytes were subsequently removed to specifically study the HSPC and erythro-

myeloid compartment (Figures S1A and S1B). The subsequent workflow implements 4 key objectives: 1) computational purification 

of high quality HSPC and myeloid cell clusters, 2) subsequent FACS based purification, functional evaluation, and annotation of newly 

identified HSPCs, 3) molecular characterization of HSPCs using multi-dataset integration, 4) cross-species evaluation of human and 

murine HSPC homology, and 5) large-scale meta-analysis of these HSPCs in aging and cancer.

Single cell captures for whole transcriptome and surface marker quantification

Cryopreserved adult bone marrow cells were thawed and stained with annexin V (Thermo Fisher Scientific) per protocol for 15 min. 

Cells were resuspended with DAPI and annexin V/DAPI negative cells were sorted for subsequent ADT staining and single cell cap-

ture per established protocols (BD Rhapsody). The BD Rhapsody workflow is a nanowell based single cell capture system with es-

tablished protocols for generating single cell whole transcription and ADT cDNA libraries. Briefly, an ADT cocktail (1uL per ADT) was 

prepared in a total of 100 μL of buffer. Cells were first washed and then labeled with the ADT cocktail for 30 min at 4C, washed 3 times, 

resuspended in sample buffer (BD Rhapsody Cartridge reagent kit), and captured with the BD Rhapsody multi-omic single cell sys-

tem using the manufacturer’s instructions. 99 ADT and whole transcriptome libraries were generated per manufacture’s protocol, 

evaluated by qubit and bioanalyzer, pooled and sequenced using NextSeq500 or Illumina Novaseq S2 (Illumina). Sequencing depth 

was determined based on manufacturer’s recommendations.

Sample processing, integration, and quality control

Single cell datasets are inherently noisy, as multiplets and pre-apoptotic cells can significantly confound downstream analysis. 100,101 

Further, non-specific ADT binding mediated by not only antibody cross-reactivity and poor input cell quality but also complex bio-

logical interactions 100–102 can further complicate analysis of multimodal single cell datasets. Therefore, we applied stringent quality 

control that incorporates the basic Seurat workflow for multimodal data processing and integration, 89,90 ambient RNA and ADT 

removal, 94,103 doublet discrimination using DoubletFinder, 93 and elimination of cells expressing mutually exclusive lineage markers 

(Figure S1).

Fastq files generated from the BD Rhapsody workflow were processed on Seven Bridges (https://www.sevenbridges.com) using 

the standard analysis pipeline (BD Rhapsody WTA Analysis Pipeline). The unique molecular identifier (UMI) count matrices were im-

ported into R (v3.6.2) and processed using Seurat (v3.5.1 and v4.4.0). 89 Each domain, i.e., mRNA and ADT counts, was normalized 

using log-normalization or centered using log ratio normalization (CLR) respectively. A third concatenated dataset was created by 

merging normalized counts for specific down-stream analyses. Poor quality cells were removed based on total RNA content and 

percent mitochondrial content using the top 1% expression level. Doublet discrimination was first performed using DoubletFinder 

with standard metrics. 93 Doublets were removed and gene and surface marker expression were corrected for ambient noise using 

SoupX. 94 DoubletFinder was used to filter doublets rather than a maximum RNA content filter due to the inherent variability of RNA

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER
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content and celltype. 104 Mutually exclusive lineage markers (Table S2) were subsequently used to remove potential heterotypic dou-

blets, and poor-quality cells resulting from non-specific ADT binding. 101 These strict filtering thresholds removed approximately 20% 

of cells rather than the expected 8–9% based on loading metrics (Table S4). Of note, removing cells based on doublet discrimination 

would have removed only 7% of cells. We also see that cells removed based on conflicting lineage marker expression had signifi-

cantly higher ambient ADT signal (rho) as measured by SoupX, despite having similar mitochondrial and RNA content 

(Figure S2B). The filtered cells were subsequently integrated by sample using canonical correlation analysis (CCA) and the resulting 

integrated matrix containing the top 5000 mRNA and ADT features was used for downstream computational analyses. For compar-

ison, cells were also integrated using Scanorama 47 and scGen with standard parameters and labeled with cell cycle status as rec-

ommended by the developers. 44 Integration metrics were determined using the compute_lisi function from the LISI R package. 46

Clustering and diversity analysis

Cells were computationally purified using standard and updated HSPC gating strategies (Table S2) with the CellSelector function in 

Seurat. If needed, gating thresholds were determined by modeling the expression of each ADT using mixture models (k = 2–3) and the 

expectation maximation algorithm with mixtools. 95 The gap statistic was calculated using the integrated matrix described above 

within designated sub-population using the factoextra R package (nstart = 25, 100 iterations, d.power = 2, Tibs2001SEmax, and 

K-means clustering). 39 Sub-population purity was assessed using the shannon diversity index and the vegan R package. 105 Cluster 

metrics were determined the neighborPurity and approxSilhouette function from the bluster R package. 97

NMF and Louvain clustering

Louvain clustering was performed using Seurat and the resolution was adjusted to achieve target cluster number. Clustering using 

the non-negative matrix factorization (NMF) approach was performed as previously described 41 using the NMF R package. 42 Briefly, 

the top 2000 variable features (31 ADTs; Table S2) were identified using the normalized count matrix from the integrated assay con-

taining both mRNA and ADT expression. After nonnegative transformation, the NMF algorithm was performed for k = 2–20 clusters. 

Optimal cluster number was estimated using the cophenetic index. Initially, the data was over-clustered and annotated using marker 

features, and clusters with low numbers (n < 10) were removed. We used CIBERSORTx 43 to identify similar clusters by first splitting 

the data into a test and training set (1:2 split), and a signature matrix was created using the training dataset. As we increased the 

resolution parameter for Louvain clustering, we observed more sub-clusters within the differentiated myeloid and erythroid compart-

ment rather than the HSPC compartment which limited its utility. Artificial bulk transcriptomes were created using the test dataset by 

subsetting cells based on their cluster label, converting counts to transcripts per million (TPM), and summing counts across all cells. 

We deconvolved these artificial bulk transcriptomes using the signature matrix, and poor performing clusters were collapsed with the 

closest mislabeled cluster. Cluster stability was assessed using silhouette scores and cluster purity. The resulting set of clusters were 

evaluated for established lineage or cell defining marker expression and sub-annotated accordingly (higher resolution immunophe-

notype; Table S2). With Seurat, differentially expressed genes and surface markers were determined using the FindAllMarkers and 

the MAST test, and cell cycle scores were calculated using the CellCycleScoring function.

Trajectory analysis

Trajectories were determined using a milestone based analysis with PAGA (partition-based graph abstraction method 49 ) and dyno 48 

using established methods. Milestones were ordered based on cell annotations, and differential features associated with each mile-

stone were determined using FindAllMarkers and the MAST test in Seurat.

Surface marker identification

We performed an iterative differential surface marker analysis to identify a specific immunophenotype for each newly identified HSPC 

sub-population. HSCs, MPP1-3s, LMPP1-2s, GMPs, and ProBEMs were isolated from the original dataset. Differential ADTs were 

first determined across all cell populations. Differential markers were evaluated manually, and cells were computationally purified 

based on informative markers and then re-evaluated for differential markers (Table S2). Candidate features were subsequently eval-

uated using FACS to identify markers with sufficient dynamic range to efficiently purify each sub-population (data not shown). Due to 

sort complexity and low cell numbers, MPP3s and ProBEMs were purified as one population. Additionally, CD19 was included as a 

lineage marker, thereby excluding ProgB cells in these assays.

Fluorescence-activated cell sorting

Thawed cells were washed with FACS buffer (PBS, 2% FBS, 2 mM EDTA) and stained with antibodies for 30 min on ice in 50 μL total 

volume. Cells were then stained with Zombie Red for viability assessment for 5 min and subsequently washed prior to analysis. All cell 

sorting steps were confirmed using post-sort purity analyses. The antibodies used for respective assays are provided in Table S4. 

Flow cytometry was performed on a FACSAria II (Becton Dickinson). Gates were drawn by internal positive and negative controls 

using healthy cells and validated by back-gating on marker positive events. For CD69, gating was further evaluated using fluores-

cence minus one gating (Figure S5). Positive gates for CD49f expression were based on peak expression for the HSCs from a partic-

ular donor, and the same gate was used for other samples from the same donor. This allowed us to quantify relative CD49f expression 

compared an internal control. Gates drawn for all other markers were consistent across all samples (Figure S5).

24 Cell Reports 44, 116236, September 23, 2025

Article
ll

OPEN ACCESS



Single cell colony formation assay

Single HSPCs were sorted into 96 well plates containing 120 μL of Methocult H4034 methylcellulose media (STEMCELL Technolo-

gies). Cells were allowed to differentiate for 12 days and colonies were morphologically assessed. The ratio of colonies per total cells 

seeded is presented for each celltype.

Megakaryocyte expansion assay

Purified HSPCs were plated in 96 well plates containing megakaryocyte differentiation medium (StemSpan SFEM II with human low-

density lipoproteins (STEMCELL Technologies) and Megakaryocyte Expansion Supplement (STEMCELL Technologies)). Megakar-

yocyte production was assessed at 7 days by staining cells for CD41a and CD61 expression. Megakaryocyte number was 

normalized to live cells and 1000 cells seeded.

Xenotransplantation assays

Purified HSPCs were transplanted into the right femur of sub-lethally irradiated NSG mice (6–8 weeks, male and female, 200 rad 2-

24 h pre-transplant). 52 Mice were harvested at 17–18 weeks by crushing the pelvis and bilateral femurs and tibias. Cells were filtered 

and stained using the engraftment panel (Table S2) to assess both engraftment and lineage. Human to mouse chimerism was calcu-

lated based on hCD45+HLA-ABC+ cells relative to mouse CD45+mTer119-cells. Chimerism >0.1% was considered positive for long 

term engraftment.

OP9 and OP9-hDL4 maintenance

OP9 and OP9-hDL4 cells were gifted from the Bendall Lab at Stanford University. Cells were cultured in fresh OP9 media (MEMα 
(Gibco12561056), 15% FBS, 1% L-glutamine, and 1% Penicillin-Streptomycin (Gibco)). Cells were split 1:4 or 1:5 after reaching 

90% confluency.

OP9 co-culture lymphoid-myeloid cell differentiation assay

OP9 cells were seeded in a 96 well plate (2500 cells/well) in 37C, 5% CO2 incubation. Twenty-four hours after plating, purified HSPCs 

were added to each well and expanded with 20 ng/mL SCF, 10 ng/mL FLT3L, 10 ng/mL G-CSF, 10 ng/mL IL-2 (all from Peprotech, 

London, UK), 10 ng/mL IL-15 (STEMCELL Technologies), and 0.2 μM DUP697 (Cayman Chemicals) in OP9 media (SGF15 media). 

Cells were dissociated and transferred to new plates with fresh OP9 cells and SGF15 media weekly. Cells were analyzed by flow 

cytometry at weeks 1, 2 and 3. Lineage output was assessed by staining cells for CD45, CD34, CD15, CD14, CD19, and CD56 ac-

cording to immunophenotypes described in Table S2. Cell output was normalized to hCD45 content for lineage output quantification 

and both hCD45 content and cells seeded for production quantification.

OP9-hDL4 co-culture T cell differentiation assay

OP9-hDL4 cells were seeded in a 96 well plate (2500 cells/well) in 37C, 5% CO2 incubation. Twenty-four hours after plating, purified 

HSPCs were added to each well and expanded with 10 ng/mL SCF, 5 ng/mL FLT3L and 5 ng/mL IL-7 (Peprotech, London, UK) in OP9 

media (SF7 media). Cells were dissociated and transferred to new plates with fresh OP9-hDL4 cells and SF7 media weekly. Cells 

were analyzed by flow cytometry at weeks 3 and 4. Lineage output was assessed by staining cells for CD45, CD34, CD7, CD5, 

CD3, CD4, and CD8 according to immunophenotypes described in Table S2. Cell output was normalized to hCD45 content for line-

age output quantification and both hCD45 content and cells seeded for production quantification.

Basophil, eosinophil and mast cell expansion assay

Purified HSPCs were plated in 96 well plates containing fresh differentiation media (IMEM (Gibco A1048901) and 1% Penicillin-

Streptomycin (Gibco)). Cells were expanded with either 20 ng/mL SCF and 20 ng/mL IL3 (mast cell differentiation media), 20 ng/ 

mL IL3 (basophil differentiation media), or 20 ng/mL IL3 and 20 ng/mL IL5 (eosinophil differentiation media). Cytokines (Peprotech, 

London, UK) were replenished every other day, and output was analyzed on day 7 by flow cytometry using CD34, CD45RA, CD14, 

CD117, CD193, and CD66b and immunophenotypes described in Table S2.

Integrated single cell ATAC sequencing analysis

The scRNA-seq data was integrated with published scATAC-seq and snRNA-seq data from adult donors with Analysis of Regulatory 

Chromatin in R (ArchR) using the developers’ recommendations unless otherwise stated. 69,70 The integrated gene expression and 

chromatin accessibility analysis was performed using a non-redundant, multi-model motif reference database curated by Vierstra 

et al. 71 The integrated approach allowed us to discriminate between specific TFs within TF families, and the curated motif reference 

provided information across multiple models while retaining TF binding information. Briefly, arrow files were generated using pub-

lished read fragment data, low quality cells and doublets were removed, a tile matrix was created, and dimensional reduction 

was performed using latent semantic indexing. The addGeneIntegrationMatrix function was used to perform an unconstrained inte-

gration with the snRNA assay and Latent Semantic Indexing using both the tile matrix and snRNA assay. Pseudobulk replicates were 

constructed using the addGroupCoverages function, peak calling was performed using the addReproduciblePeakSet, and a peak 

matrix was created using addPeakMatrix. Differentially opened peaks were determined using addMarkerFeatures, motif annotations

Cell Reports 44, 116236, September 23, 2025 25

Article
ll

OPEN ACCESS



were added using the addMotifAnnotations function and the Vierstra database, deviations were calculated using addDeviationMatrix 

and getGroupSE, and footprints were identified using getFootprints. Correlated gene expression using the gene integration matrix 

and motif deviations were calculated using the correlateMatrices function to identify putative regulators. Trajectories were added 

using the addTrajectory function and motif deviations and gene expression were correlated across pseudotime to identify differential 

regulators (Table S9).

Deriving a mixed model classifier for cell label transfer

Gene expression counts from each respective dataset (Table S12) were processed and integrated as described above. Code pro-

vided by Abdelaal et al. 54 was adapted to evaluate classifiers based on several models: CHETAH, 106 scID, 107 RF, 108 singleR, 109 sin-

gleCellNet, 110 scmapcell, 111 SVM (linear kernel with and without rejection), 112 and scPred (MDA, NNet, avNNet, GLM, SVM with 

radial kernel). 113 The intra-dataset analysis was performed as described by the authors using 10-fold CV, and default parameters 

for each classifier. Classifier performance was evaluated using the 15-cell type annotation (Figure 1B) and two metrics: F1 scores, 

which measures model accuracy, and cell annotation recovery (labeled), which quantifies the proportion of cells with confident cell 

annotation assignments. We first performed an intra-dataset analysis (Figure S6A) where we split our reference dataset into a test and 

training set and evaluated each model using 10-fold cross validation. We evaluated 13 established classifiers (Figures S6B and 

S6C) 54 using this approach, and found that high performing classifiers used support vector machines (SVMs), generalized linear 

models (GLMs), averaged neural networks (avNNets), or mixture discriminate analysis (MDA). We then evaluated the performance 

of each classifier for each cell type using the scPred R package 54 which revealed that classifier performance was also dependent 

on cell type (Figure S6D). The top models were identified based on F1 scores, and proportion of cells labeled and evaluated using 

a celltype specific approach with scPred with default parameters. Top performing models by celltype was used for the final 

mixed-model classifier. For the inter-dataset analysis, we first held out 10% of the data, and the remaining 90% of data was used 

to train the model. We trained our mixed model classifier using the training dataset which was used to assign labels on the external 

dataset, i.e., the query dataset. We then used the labeled query dataset to retrain the mixed-model classifier which then assigned 

labels onto the left-out test dataset from our reference. This approach allowed us to indirectly evaluate the performance of the model 

since the test dataset contains the true cell labels. This modified 10-fold CV approach was used to evaluate classifier performance. 

For final cell label assignments, we used the entire reference dataset and a probability threshold of 0.75 rather than the default of 0.5 

to label the query dataset, and unassigned cells were removed from the subsequent analysis.

Cross-species analysis

A cross-species analysis was performed using the human reference (i.e., Ref. 1) and young adult 73 and adult mouse cells. 29 Gene 

aliases were relabeled using gene ortholog-to-ortholog conversions in R with biomaRt 114 and murine single cell count matrices 

were subset to contain only conserved orthologs. 89 Non-HSPCs were removed in the mouse data to ensure that comparable cell 

states were being evaluated in the downstream analysis. Count tables were processed in Seurat as described above. Cell type spe-

cific gene expression signatures were determined using the AddModuleScore function in Seurat. Signatures were derived from pub-

lished studies 74–76 and provided in Table S14. Murine cells were labeled using the mixed model classifier, and the data were clustered 

using the Louvain algorithm. Conserved features were identified using the FindConservedMarkers function in Seurat, and murine and 

human cells were integrated using only conserved markers with Seurat CCA. Co-occurrence heatmaps were generated for each in-

tegrated dataset, and average gene expression per cluster was determined using the AverageExpression function in Seurat to 

perform a gene expression correlation analysis. Trajectory analysis was performed using dyno and PAGA as previously described 

using conserved genes. A separate analysis was performed for human and mouse cells within each cross-species comparison, 

i.e., young adult and adult mice. Milestones were ordered based on known differentiation nodes, and HSC clusters were labeled 

as the root node. Important features associated with bifurcation nodes were determined using the calculate_branching_point_fea-

ture_importance function in dyno. Important features that were conserved between species are summarized in Table S11.

Aging analysis

Datasets with both age and celltype annotations were included in this analysis (Table S12) and processed as described above. Sam-

ples were categorized based on age. Each dataset was labeled using the mixed model classifier using the reference profile annota-

tion described in Figure 1B. Cells were subset by celltype and integrated as described above. To identify important genes associated 

with aging, gene expression was correlated with age using a spearman correlation weighted by cells per age (Table S9). Important 

genes were selected based on significance (adjusted p-value <0.05 based on the Benjaminid-Hochberg procedure) < 0.05. GO term 

and Pathway (Reactome) over representation analysis using these important genes were performed using clusterProfiler in R. 96 

Based on the results from the over representation analysis, gene signatures were derived to further assess these biological processes 

(Table S13) and evaluated in specific cell subsets using AddModuleScore. To derive celltype specific aging signatures, data were 

split into test and training sets (1:1 split) and recursive feature elimination (RFE) was performed using caret with linear models, bagged 

trees, and RF regression models on the training dataset. Informative features based on RFE was used to predict age in the test data-

set and root mean squared error (RMSE) and correlation (R2) was calculated. The RF method demonstrated the best performance 

when predicting age in the test dataset and was therefore used to derive the final aging signatures. To study aging signatures in
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human blood cancers, external datasets (Table S12) were processed as described above and module scores based on informative 

features from the RFE analysis (Table S13) using the AddModuleScore function in Seurat.

QUANTIFICATION AND STATISTICAL ANALYSIS

Details of statistical tests performed can be found in figure legends or materials and methods. For significance testing, a t test (2-

tailed distribution and two-sample equal variance) with Mann-Whitney multiple comparison adjustment was used for comparing 2 

conditions or a one or two-way ANOVA with Tukey’s multiple comparison adjustment when comparing >2 conditions unless other-

wise stated. Results with adjusted p-values <0.05 were considered significant. All statistical analyses were performed in R or 

GraphPad Prism.
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