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Abstract:  

Relapse- and continuous complete remission (CCR)-associated pediatric acute myeloid leukemia 

(AML) patient bone marrows collected at the time of diagnosis (Dx), end of induction (EOI) and 

relapse were analyzed by single cell RNA sequencing. A novel AML blasts-associated 7-genes 

signature (CLEC11A, PRAME, AZU1, NREP, ARMH1, C1QBP, TRH) displayed a strong 

correlation with blast percentages and overall survival in the TARGET AML dataset (HR=2.3; P-

value=.007). Distinct clusters of AML-blasts at Dx were observed for relapse- and CCR-

associated samples with differential expression of genes associated with survival. Relapse-

associated samples demonstrated enrichment of exhausted T cells and M2 macrophages as 

opposed to inflammatory M1 macrophages in CCR-associated samples at Dx. EOI treatment 

resistant blast cells overexpressed fatty acid oxidation, tumor growth and stemness genes. Also, 

a relapse-associated EOI samples T cells subset showed downregulation of MHC Class I and 

regulatory genes. Altogether, this study deeply characterizes pediatric AML relapse-/CCR-

associated tumor microenvironment transcriptome landscape. 

 

  



   

 

   

 

Introduction 

Acute myeloid leukemia (AML) accounts for about 20% of childhood leukemia(1). Improvements 

in outcomes for children with AML, attributed to intensification of frontline therapy, hematopoietic 

stem cell transplant (HSCT), and better supportive care, have not kept pace with those for children 

with acute lymphoblastic leukemia (ALL). The prognosis and treatment of pediatric AML remain 

challenging because of disease heterogeneity, high relapse rates, and therapy associated toxicity 

(2). It is important to identify novel risk stratification strategies that can be used to guide better 

therapy and improve outcomes for pediatric AML patients.   

AML relapse can result from minimal residual disease (MRD) not detected/recognized by current 

diagnostic techniques including bulk gene expression analysis and imaging. The Therapeutically 

Applicable Research to Generate Effective Treatments (TARGET) AML initiative and large-scale 

genetic profiling studies have revealed that AML is a molecularly diverse disease having various 

gene mutations, insertions, and fusions associated with poor prognosis(3). Molecular 

characterization of the tumor microenvironment (TME) along with identification of 

biomarkers/targets that distinguish AML blasts cells (AML blasts) from non-malignant cells (non-

AML cells) are critical for defining relapse-associated cell clusters and/or changes in the 

transcriptional landscape. The cellular composition of the TME and the transcriptional states 

thereof may contribute to and be affected by the leukemic process at the time of diagnosis (Dx) 

and the presence of residual blast cells at the end of induction (EOI) chemotherapy. Therefore, 

comparative analysis between Dx and EOI samples as well as a separate analysis of Dx and EOI 

samples is critical for characterizing the role of TME determinants in AML relapse/continuous 

complete remission (CCR).   

We evaluated TME using single cell RNA sequencing (scRNA-seq) to identify relapse- and CCR-

associated cells, gene alterations, and pathways at Dx, EOI, and relapse (Rel). Integrated scRNA-

Seq analysis of paired Dx and EOI samples identified a 7-gene signature that distinguished AML 

blasts from non-transformed cells. Dx associated AML blasts demonstrated specific 

transcriptomic differences associated with relapse or CCR. Furthermore, distinct baseline 

characteristics of innate and adaptive immune cells at the time of diagnosis were associated with 

either CCR (monocyte/macrophage enrichment) or relapse (exhausted T cell enrichment). This 

study identified cell types associated with AML relapse/CCR and incidental novel genes and 

pathways, thus opens up avenues for the development of novel diagnostic and therapeutic targets 

in pediatric AML.   

  



   

 

   

 

Results 

Clinical samples and study design  

Frozen samples obtained from the Children’s Healthcare of Atlanta Pediatric Biorepository were 

viably thawed and processed using 10X genomics platform for single cell profiling. The cohort of 

samples was made up of genetically and morphologically diverse cases of AML (Table S1A). A 

total of 23 bone marrow (BM) samples were processed from 15 patients (nine with CCR and six 

with relapse). Of the 23 BM samples, 14 were collected at Dx, five were collected at EOI, and four 

were collected at relapse (Figure S1, Table S1B).   

Single cell analysis identified heterogeneous patient specific AML blasts  

ScRNA-seq analysis of four paired Dx and EOI samples (three from patients with relapse and one 

from a patient with CCR) was carried out. After preprocessing, alignment, and quality control steps 

including removal of low-quality reads and cells, the remaining 19,350 cells were analyzed using 

unsupervised and supervised approaches. The unsupervised analysis on preprocessed and 

normalized scRNA-seq data using Uniform Manifold Approximation and Projection (UMAP) 

approach (4) identified 14 single cell clusters (Fig. 1A). Ten of these clusters were manually 

annotated based on the expression of well-established gene markers as differentiated immune 

and stromal cells (Fig. 1B). The remaining clusters enriched with undifferentiated cells were 

putatively considered as blast cell clusters and annotated based on top cluster specific 

overexpressed genes (Fig. 1B, Figure S2). The differentiated immune cells included T cells 

(CD3D+, IL32+), B cells (CD19+, CD79A+, MS4A1+), monocytes (CD14+; mono), macrophages 

(CD68+; macro), monocytes/macrophages (CD14+, CD68+; Mono/mac), plasmacytoid dendritic 

cells (GZMB+, IL3RA+, IRF8+; pDC), and neutrophils (CD63+) (Fig. 1B). The four undifferentiated 

blast cells exhibited overexpression of canonical blasts associated marker genes (MPO+, CD33+, 

CD34+) and/or multiple lineage genes (CD3+, CD19+, ELANE+, etc.) (Fig. 1B, Figure S2). Three 

of the four blast cell clusters, i.e., MPO+, AZU+, and CD38+ blasts, were sample specific as they 

were enriched with cells from individual patients (Fig. 1C) indicating significant heterogeneity 

among the blast cells. Additionally, the split UMAP analysis showed that these three canonical 

blast cell clusters were over-represented in the Dx samples compared to EOI samples (Fig. 1D). 

Also, these three Dx enriched blast cell clusters depicted high expression of well-established AML 

blast cells associated genes, namely, MPO and CD34 (Fig. 1E). In summary, scRNA-Seq data 

distinguished heterogeneous AML blast cells as well as immune cells in the Dx TME samples.  

Identification of AML blasts progenitor signature  

The supervised comparison of Dx enriched AML blast cell clusters and EOI enriched non-blast 

cell clusters (Fig 1D), based on the Wilcoxon rank test, identified a set of 232 significantly 

differentially expressed genes (DEGs) (adjusted P-value<0.01 and log FC > 1.2). To further refine 

the gene list, we performed external validation analysis using the TARGET AML bulk 

transcriptome data (3) that contains Dx BM samples with different proportions of blast cells and 

EOI BM samples. The TARGET AML Dx samples were partitioned into 3 bins based on the extent 

of disease burden (>60%, 30-60%, <30% blast cells) to determine the expression patterns of the 

identified 232 blast-related genes. 44 genes were significantly overexpressed in high blasts 

samples (>60%) compared to EOI samples as well as high blasts samples compared to low blast 

(<30%) samples (FC >1.75 and P-value <0.05) (Figure S3, Table S2). We further evaluated the 

expression patterns of these 44 genes in the blast cell clusters in scRNA-Seq data (Fig 1F, Table 

S3).  Of the 44 genes, 20 genes depicted pattern of specific overexpression in the blast cell 



   

 

   

 

clusters suggesting the existence of a common progenitor AML blast cell signature cross 

heterogeneous blast cells (Table S4).  A heatmap depicting the expression pattern for these 20 

blast specific genes in TARGET AML data is shown in Fig. 2A. The blast cells overexpressed 

genes include genes related to anti-apoptosis (PRAME, MSLN, CITED4), growth factor for 

progenitor hematopoietic cells (CLEC11A), cell proliferation (CAPRIN1), and PPARα-induced 

proliferation and tumor growth (FABP5) (Fig. 2A). Feature-plot of two of the identified blast 

associated genes (NREP and CLEC11) depict uniform expression in the heterogenous blast 

clusters (Fig. 2B) that is equivalent to or better than some of the genes used clinically for 

identifying AML blasts (CD34, MPO, CD33, and CD56/NCAM1) (Fig. 1E, Figure S4).  The blast 

associated genes expression exhibited correlation with the blasts percentages in the AML BM 

samples (Fig. 2C). Also, majority of the blast associated genes exhibited significant association 

with overall survival (OS) in the TARGET AML data set (Table S5, Fig. 2D) indicating their 

possible involvement in AML progression.  

To verify blast cells characterization using our 20-gene signature, we also looked at blast cell 

clusters in longitudinal samples (Dx, EOI, Rel) from two patients with negative MRD at EOI. The 

analysis revealed significantly fewer blast cells in the EOI samples as compared to Dx and Rel 

samples; the split UMAP (Fig. 2E) and bar plot (Fig. 2F) shows the two immature blast cell 

clusters (MPO+ and AZU1+) that predominate in Dx and Rel samples are minimally represented 

in EOI samples. To generate a more concise AML blast specific signature and evaluate 

performance in discriminating AML blast cells from other cells, we implemented supervised 

machine learning approach, support vector machine (SVM), and calculated its performance using 

cross-validation. SVM is a powerful supervised machine learning technique for identifying 

multigene biomarker panels from complex datasets (5, 6). The analysis identified a set of 7 genes 

(CLEC11A, PRAME, AZU1, NREP, ARMH1, C1QBP, TRH) that discriminated AML associated 

blast cells from non-AML cells with an AUC of 0.968 (Fig. 2G, Table S6). Several of these genes, 

including CLEC11A  (7), PRAME  (8), and AZU1 (9) have been previously associated with AML. 

The analysis also identified a unique gene, ARMH1/C1orf228, that codes for a yet 

uncharacterized protein and has not been previously reported to be associated with pediatric or 

adult AML. NREP is also known to affect cell development (10), while PRAME may alter metabolic 

and immune pathways (11). This unique set of genes overexpressed in AML blasts are therefore 

associated with a myriad of cell functions that promote tumor growth and spread. The module 

score based on 7-gene signatures effectively distinguished AML blast cells from non-AML cells 

as only MPO+ and AZU+ blasts clusters had positive module scores (Figure S5). The clinical 

significance of this 7-gene signature was tested by evaluating correlation with survival in the 

TARGET AML data. Patients having high expression of the selected 7 genes had a significant 

correlation with poor survival (HR=2.3 and Log Rank P-value=.007) compared to patients with 

low expression of these genes (Fig. 2H, Table S7A).  

 

Comparative analysis of Dx relapse- and CCR-associated samples  

We performed a comparative analysis of 14 bone marrow samples collected at Dx, of which 6 

later relapsed (1D - 6D) and 8 remained in CCR (7D - 14D) (Figure S1, Table S1). After quality 

control, processing, and normalization, 28,181 cells clustered into 15 distinct clusters (Figure 

S6A). Based on the 7-gene blast signature module score, 14,166 cells were classified as AML 

blast cells and the remaining 14,015 cells were classified as non-AML cell clusters (Figure S6B). 

The UMAP projection depicted that CCR-associated clusters 1,3,4,6,8,10,14 and relapse-



   

 

   

 

associated clusters 0,2,5,7,9,11,12,13 clustered separately, suggesting differential transcriptome 

makeup of the 2 sets of blast cells (Fig. 3A). Also, we observed patient specific clusters indicative 

of inter-patient variation in the blast cells profiles (Fig. 3B). Differential expression analysis of 

select relapse-associated samples enriched clusters (0,2,7,13) and CCR-associated samples 

enriched clusters (1,3,4) revealed significant transcriptome differences (Fig. 3C). The CCR-

associated clusters exhibited high expression of genes including MPO, IFITM3, TRH, PRTN3, 

HLA-DPM1, and NPM1 while relapse-associated clusters expressed high levels of genes 

including CRIP1, FLNA, and RFLNB/FAM101B (Fig. 3C). Survival analysis using the 

SurvivalGeneie tool TARGET AML dataset indicated that genes like FLNA (cytoskeleton 

component, signaling scaffold and Pol1 transcription regulator) and RFLNB/FAM101B (formation 

of cartilaginous skeletal elements) overexpressed in relapse-associated cell clusters were 

significantly associated with poor OS (Fig. 3D, supplementary table 5C). On the other hand, 

genes overexpressed in the CCR-associated clusters such as MPO (microbicidal activity of 

neutrophils) and TRH (controls the secretion of thyroid-stimulating hormone) were significantly 

associated with better OS (Log Rank P value=0.001, 0.000396 for MPO, TRH respectively, Table 

S7B, Fig. 3D). Additionally, higher expression of RFLNB/FAM101B genes showed a significant 

correlation with shorter EFS while lower expression was associated with intermediate EFS (Figure 

S7A). The interactive string network analysis based on known and predicted protein-protein 

interactions (13) identified FLNA as a key interactant of RFLNB/FAM101B. Another identified 

interactant of RFLNB/FAM101B was WDFY4, which plays a critical role in the regulation of 

classical dendritic cells (cDC1) mediated cross-presentation of viral and tumor antigens (14) 

(Figure S7B). The Kaplan-Meier plots showed a significant correlation of high expression of 

combined RFLNB/FAM101B and WDFY4 genes with poor OS (Log Rank P-value=0.017) and 

shorter EFS (Log Rank P-value=0.00094) (Figure S7C, D; Table S7A). Furthermore, pathways 

analysis on relapse-associated blast cells differentially expressed genes depicted significant 

activation (P-value <0.01) of multiple pathways including “RhoGDI signaling”, “eNOS signaling”, 

“Androgen Signaling”, and “Protein Kinase A signaling” (Fig. 3E). These relapse-associated blast 

cells also depicted significant inhibition of pathways related to JAK/STAT signaling, HIF1-α, 

Interferon, and neuroinflammation signaling (Fig. 3E). Further upstream regulator-based systems 

biology analysis identified activation of a highly connected cohesive network of cell growth and 

proliferation related master regulators (e.g., MTA1, NKX2.3, TCF3) in relapse-associated blasts 

(Fig. 3F). The analysis also depicted significant inhibition of multiple immune and metabolism 

related key molecules including HIF1A, IRF7, STAT1 (Figure S7E) in relapse-associated samples 

enriched AML blast cells.  

Dx relapse-associated non-AML clusters depicted enrichment of exhausted T cells and 

diminution of M1 macrophages  

Next, we performed focused analysis on the TME non-AML cells in the 14 Dx samples 

(Fig. 4A). Clusters were annotated based on the expression of specific gene markers (Fig. 4B).  

CCR-associated clusters had a higher representation of monocyte/macrophages (CD14+, CD16+) 

while relapse-associated clusters depicted a higher proportion of T cells (CD3+) (Fig. 4C). These 

results suggest differences in the type of immune cells populating the TME at the time of Dx in 

those who go on to achieve CCR as compared to those who eventually suffered relapse.  

To understand if a particular subtype of T cells is associated with AML relapse/CCR, we 

sub-clustered Dx T cells (cluster 0, Fig. 4A) using Monocle package (15) which revealed 11 

distinct subclusters of T cells (Fig. 5A). Most of the patients showed separate subclusters for 



   

 

   

 

naïve and activated T cells (Fig. 5B, Figure S8A). While naïve T cell (CCR7+, LEF1+, TCF7+) sub-

clusters 2, 4 and 7 are CD8+, sub-clusters 1 and 3 were CD4+ clusters (Figure S8A, B).  Clusters 

5, 6, 9, 10, and 11 were activated T cell clusters expressing CCL5, KLRB1, KLRD1, GZMH, CD69, 

and CD44 (Fig. 5B). The unequal distribution of CCR- and relapse- associated samples in 

different clusters in the T cell subset is suggestive of relapse- and CCR-associated transcriptome 

variations in T cell sub-populations (Fig. 5B). Comparative analysis between relapse- and CCR- 

associated samples revealed that the former had a significantly higher percentage of T cells (Fig. 

5C). Also, T cell exhaustion estimation based on ssGSEA score(16, 17) revealed significantly 

higher exhaustion of T cells (P value<0.0001) in relapse-associated samples compared to CCR-

associated samples (Fig. 5D). The relapse enriched clusters (sub-clusters 5 and 6) depicted over-

expression of T cell exhaustion marker genes including HAVCR2, LAG3, PDCD1, NFATC1, 

TIGIT, and TOX (Figure S8B).  The relapse-associated samples dominant clusters 1 and 11 

depicted overexpression of CD69, a type II glycoprotein that is known to regulate inflammation 

and exhaustion of tissue resident T cells and promoting tumor growth/relapse (18). On the other 

hand, significantly more naïve T cells (CCR7, LEF1, TCF7) were observed in the CCR-associated 

T cell subsets (Fig 5D).  Further GSEA (16, 17) analysis depicted higher proportion of cells with 

T regulatory signature in the patients with relapse as compared to patients with CCR, hinting 

toward immunosuppression in patients that eventually had a relapse (Fig 5E). Comparative 

analysis of relapse-associated sub-clusters 3,5, and 6 and CCR-associated sub-clusters 7,8, and 

10 identified significant differentially expressed genes (DEGs) (Fig 5F). Relapse-associated sub-

clusters showed enhanced expression of genes associated with effector T cells (CCL5, NKG7, 

GNLY, GZMA, GZMK, NFATC1), ubiquitin gene; UBC associated with cell differentiation and 

certain immune cell functions (19), inflammation associated and mitogen inducible gene, DUSP2 

(20). On the other hand,  CCR-associated clusters showed higher expression of naïve T cell 

marker genes (LEF1, TCF7, CCR7, SELL), microtubule associated gene; RPL41 (21),  scaffold 

protein gene; ABLIM1 (Fig. 5F), The pathway analysis of relapse-associated upregulated DEGs 

revealed upregulation of multiple immune regulatory pathways including Th1 pathway, calcium 

induced T lymphocyte apoptosis, and to a lesser extent, upregulation of T cell exhaustion pathway 

with downregulation of PD-1 and PD-L1 cancer immunotherapy pathways (Fig. 5G).  These 

results suggest that T cells at Dx exhibit relapse- and CCR-associated specific enrichment of T 

cell subtypes that may play a role in the outcome in AML.  

Inflammatory monocytes/macrophages enriched in CCR-associated samples   

Focused analysis of Dx non-AML cells identified three monocyte/macrophage cell clusters with 

differential enrichment of samples from those with CCR compared to those with relapse (Fig. 6A). 

Clusters 1 and 2 were enriched with CCR-associated Dx samples while cluster 7 was almost 

exclusively comprised of relapse-associated Dx samples (Fig. 6A, Figure S9A). Cells in cluster 7 

overexpressed many of the 20-gene signature genes including PRAME, CITED4, CLEC11A, 

KCNE5, and MFSD10, unlike clusters 1 and 2, indicating the immaturity of these cells (Figure 

S9B). Cluster 7 also demonstrated expression of multiple immature marker genes including 

MEIS1, MSI1, PROM1, and EGFL7 (Figure S9C). Further DEGs analysis between CCR- and 

relapse-associated samples enriched monocytes/macrophages revealed upregulation of S100A 

inflammatory genes family and protease inhibitors, TIMP1 and CST3 in the CCR-associated 

samples enriched clusters (Fig. 6B). The analysis for canonical M1 and M2 macrophage markers 

revealed that CCR-associated clusters depicted overexpression of M1 macrophage markers (IL6, 

CD86, TNF, IL1B, FCGR2A, CSTA, S100A8, S100A9, S100A12, TYROBP, FCN1), while the 

relapse-associated cell cluster 7 mostly depicted overexpression of M2 macrophage markers 



   

 

   

 

(MRC1, ARG1, MMP9) (Fig. 6C). Further upstream regulator analysis of DEGs from the CCR-

associated samples enriched clusters revealed activation of multiple M1 macrophage polarization 

related key regulators including FOS, TREM1, CD44, and IL1B along with activation of the 

inflammatory response associated NFkβ2 (Fig. 6D). The analysis also depicted the 

downregulation of key regulators related to M2 macrophage suppression including SAMHD1, 

HOXA9, and SATB1 (Fig 6D) CCR-associated samples enriched clusters.  SAMHD1 has been 

shown to play a critical role in inhibiting innate immunity through inhibition of NF-kβ and interferon 

pathways (22). Further evaluation of gene expression levels for key regulators FOS, TREM1, and 

NFKBI depicted high expression in CCR-associated samples while CAT and SAMHD1 were 

higher in the relapse-associated samples (Fig. 6E). To summarize, Dx CCR-associated samples 

are enriched with inflammatory M1 macrophages, whereas relapse-associated samples depicted 

enrichment of immature monocyte population of cells exhibiting mixed M1/M2 lineage markers.  

Characterization of treatment-resistant residual cell population at EOI 

Sc-RNA-Seq analysis of EOI samples from patients with relapse (n=3) and CCR (n=2) generated 

15,070 single cell profiles. The analysis identified 13 distinct cell clusters based on trancriptome 

profile (Fig. 7A) that were annotated based on enrichment of 20 blast overexpressed genes 

(Figure S10A) and expression of canonical cell specific marker genes (Fig. 7B). The module 

score-based classification using the 7-gene blast signature identified enrichment of blast cells in 

four clusters with a cut-off value of scaled ssGSEA score set at >0.25 (Fig. 7C). To identify 

residual blast cells, we performed an integrated analysis of single cell data obtained at the time 

of Dx and EOI.  The analysis assisted in identifying blast cells present before (Dx) and after 

treatment (EOI), namely clusters 4, 6, and 8 (Figure S10B). Analysis showed persistence of few 

treatment-resistant blast cells (~6% of the blast cells present in Dx) in EOI samples (Figure S10B). 

These AML blasts overexpressed multiple AML blast genes validating AML blast characteristics 

for these cells (Figure S10C).  

To further determine the transcriptome landscape of treatment-resistant residual tumor cells, we 

performed comparative gene analysis of treatment-responsive (only detected in Dx samples) and 

treatment-resistant (detected in both Dx and EOI samples) cells (Fig. 7D). The treatment resistant 

blast cells depicted overexpression of multiple genes associated with tumor growth and poor 

outcome including HOPX, SELENOP/SEPP1, and FAM30A/C1orf110. Survival analysis on these 

treatment-resistant residual tumor cells overexpressed genes in the TARGET AML dataset 

showed significant association with poor OS as well as lower EFS (Figure S11, Table S8). 

Additionally, multiple genes (MPO, KCNE5, MSLN, and TRH) that are significantly upregulated in 

treatment responsive blast cells are associated with better OS in AML (Fig. 3D, 7D, Figure S11). 

Further pathways analysis of the DEGs depicted significant upregulation of pathways related to 

muscle contraction, fatty acid omega oxidation, PPARα network in the treatment resistant cells 

(Fig. 7E, Table S9).  Survival analysis based on treatment resistant cells upregulated pathways 

(e.g., fatty acid omega oxidation and PPARα network) in the TARGET AML dataset showed 

significant association with poor survival indicating their role in disease progression (Table S10). 

Additionally, upstream regulator analysis on DEGs in treatment-resistant cells depicted activation 

of multiple key regulators associated with epithelial–mesenchymal transitions including SOX4, 

STAT3, and TGFβ1 (Fig. 7F).    

To summarize, treatment-resistant blasts identified in this preliminary analysis may contribute to 

relapse by differential regulation of genes and pathways associated with modulation of TME, 

leading to poor OS and lower EFS in AML patients.  



   

 

   

 

Relapse-associated EOI samples depicted enrichment of T cells and diminution of 

monocytes/macrophages  

EOI samples showed a much larger proportion of non-AML immune cells since therapeutic 

intervention (chemotherapy) results in the killing of tumor cells. To further characterize EOI single 

cell landscape, the focused analysis on non-AML cells was performed after removing residual 

blast cell clusters discussed in the previous section. The split UMAP of CCR- and relapse-

associated samples revealed the altered distribution of the transcriptionally distinct canonical 

immune cells (T cells, NK cells, and macrophages/monocytes) (Fig. 8A). Analysis of relapse- and 

CCR-associated non-AML clusters at EOI revealed a similar pattern to that seen at Dx, that is 

higher enrichment of T cells in relapse-associated samples and a higher proportion of monocytes 

and macrophages in the CCR-associated samples enriched clusters (Fig. 8B, C). Further M1 and 

M2 macrophage enrichment analysis revealed a highly significant (p<0.001) inflammatory M1 

macrophages predominance in CCR-associated EOI samples and significant (p<0.05) M2 

macrophages enrichment in relapse-associated EOI samples (Fig. 8D). The T cells formed three 

distinct clusters i.e., naïve T cell-1, naïve T cell-2, and NKT cells clusters (Fig. 8A, Figure S12A). 

Naïve T cells-2 cluster depicted significantly (P value<0.05) higher enrichment in the relapse-

associated EOI samples (Figure S12B). The comparative analysis of the two naïve T cell clusters 

depicted that relapse-enriched naïve T cell-2 has lower expression of MHC class I genes including 

HLA-A and HLA-B (Figure S12C). Pathway analysis of naïve T cell-2 depicted downregulation of 

pathways related to Th1, Th2, calcium-induced T cell apoptosis, CD28 signaling in T helper cells, 

and integrin pathways (Fig. 8E).  

Discussion 

ScRNA-Seq has revolutionized cancer research and is especially pertinent for AML research due 

to the tumor and microenvironment heterogeneity.  We analyzed a heterogeneous group of AML 

samples; AML with identified mutations, AML associated with myelodysplasia, AML showing 

minimal differentiation, and AML NOS (Table S1). Our analysis indicated that AML blast cells are 

significantly heterogeneous and patient specific (Fig 3A). Despite the heterogeneity, supervised 

analysis on blast cells using a machine learning approach identified a unique 7-gene blast 

progenitor signature that is overexpressed in the heterogeneous AML blast populations studied. 

The expression of signature genes depicted a significant correlation with the percentage of blast 

cells in external TARGET AML datasets demonstrating specific expression in AML blast cells. 

The 7-gene signature included genes coding for growth factors (CLEC11A), myeloid 

differentiation factor (AZU1), cell development (NREP), and transcription factors (PRAME). TRH 

has been shown to have high expression in AML (24) while the function associated with 

ARMH1/C1orf228 is not known yet. The functional variability of the 7-gene signature capable of 

distinguishing AML blasts from non-AML cells is suggestive of multiple synergistic pathways being 

modulated in these AML blast cells. Significant association of the 7-gene signature 

overexpression with poor OS can be attributed to the regulation of a myriad of cell functions that 

promote tumor growth, proliferation, and migration. Analysis of longitudinal samples (Dx, EOI, 

and Rel) showed that blast cells identified at Dx reduced significantly at EOI and reappear in Rel 

samples. The blast cells in the Rel samples display significant similarity with Dx blast cells 

indicating that expansion of certain therapy resistant rare Dx blast cells clones that might be 

responsible for disease relapse.    

ScRNA-Seq data analysis revealed distinct gene expression profiles at Dx of blasts from patients 

that are destined to relapse vs. remain in CCR. The blast cells of relapse-associated samples 



   

 

   

 

even at the time of disease diagnosis depicted upregulation of multiple genes related to 

cytoskeleton formation (FLNA, RFLNB/FAM101B) associated with poor clinical outcome (Table 

S7B). Cytoskeleton proteins affect various tumor cell characteristics like cell survival because of 

drug resistance, invasiveness, and metastasis (25). Also, actin cytoskeleton remodeling can 

change physical and functional interactions at the immunological synapse (26). Microtubule 

targeting or disrupting agents have been tested for a variety of therapy resistant cancers (27). 

One such drug, Combretastatin A4-phosphate (CA4P) targets VCAM1, vascular cell adhesion 

molecule 1, expression and resulted in AML cell line apoptosis (27). RFLNB belongs to the refilin 

family, short lived F-actin regulators, that control cell fate specification and differentiation (28). 

RFLNB promoter binds transcription factor PKNOX1/PREP1 that regulates embryonic 

development and determines cell fate (29). RFLNB and PKNOX1 are also known to modulate 

responsiveness to TGFβ and promote epithelial mesenchymal transition (30). RFLNB targets 

FLNA to organize a perinuclear network and stabilize nuclear shape (31). FLNA is known to 

interact with integrin, ITGB7 that interacts with VCAM1 (32).  Therefore, overexpression of FLNA, 

RFLNB in blasts cells may modulate the cell structure and subsequent interactions with immune 

cells. These changes influence cell junction organization, cell motility and activate nuclear 

transcription programs that may contribute to AML relapse. The genes overexpressed in the 

relapse-associated blasts cells were found to correlate with upregulation of multiple pathways 

including RhoGDI, eNOS, and protein kinase A signaling. Rho GDP-dissociation inhibitor 

(RhoGDI) pathway activation has been shown to enhance progression chemoresistant cancer 

cell lines and animal models (33). Studies also show that endothelial NOS (eNOS) can affect 

tumor processes such as resistance, angiogenesis, invasion, and metastasis. An increase in 

eNOS expression is found to have associations with poor relapse-free and overall survival as well 

(34). In contrast, Dx blasts from samples with CCR showed significant upregulation of genes like 

MPO and TRH that are associated with better survival outcomes. Previously TRH has been 

shown to be upregulated in t(8;21) AML subtype and high expression is associated with better 

clinical outcomes (35). TRH has been implicated to have a role in the immune system (36), but 

its role in AML blasts is not clear. MPO is the key enzyme of myeloid lineage commitment and 

associated with a favorable prognosis in AML (37).  This differential expression of genes identified 

in relapse- and CCR-associated blasts and subsequent differential regulation of pathways and 

upstream key transcriptional regulators may contribute to differences in hematopoietic niches that 

result in AML relapse/CCR.  

Additionally, investigation of paired Dx and EOI samples led to the identification and 

characterization of therapy resistant residual blast cells. The therapy resistant blast cells depicted 

overexpression of multiple genes associated with tumor growth (SELENOP), metabolism, and 

stemness (HOPX, FAM30A). The higher expression of HOPX is associated with higher platelet 

counts, lower white blood cell counts, lower lactate dehydrogenase levels, lower complete 

remission rates, and poor overall survival (38). SELENOP encodes for a selenoprotein that 

mediates microenvironmental changes that influence tumor growth and prognosis across multiple 

solid tumors such as prostate and breast cancers (39). Similarly, the FAM30A gene has been 

recently shown to be associated with leukemia stemness and high-risk pediatric AML (40).  The 

pathways analysis of treatment resistant blast cells showed upregulation of multiple pathways 

including fatty acid oxidation, and PPARα network. Fatty acid oxidation has been linked to 

enrichment and survival of leukemic stem cells resulting in disease progression and relapse. 

Furthermore, the resistance of AML to conventional and metabolically oriented therapies (i.e., 

Venetoclax) has also shown an association with upregulation of fatty acid oxidation in the 



   

 

   

 

leukemic stem cells (LSCs) (41, 42). Therefore our preliminary data support targeting fatty acid 

metabolism in AML LSCs for achieving CCR though more validation is required.   

AML is mainly characterized by enrichment of immature myeloblasts, but  immune cells play an 

integral role in the disease progression and outcome (43). Mature myeloid lineage cells have been 

implicated in altering T cell phenotypes and generating a immunosuppressive microenvironment 

in AML (44, 45).  Additionally, dysregulation of crosstalk between tumor and stromal cells has 

been shown as key toward tumor proliferation or suppression. To explore the impact of TME at 

the baseline, we performed focused analysis on immune cells collected at Dx from patients with 

CCR and relapse outcomes. Overall, T cells were more abundant in relapse-associated samples 

while monocyte/ macrophages were enriched in samples with CCR (Fig. 4). CCR-associated 

samples depicted naïve T cells enrichment compared to relapse-associated samples, which may 

contribute to effective resolution of the blast cells leading to remission. Samples from those with 

relapse with enriched exhausted T cells will have an immunosuppressive TME resulting in less 

effective blast cells clearance.  Also, pathway analysis showed enhanced Th1 pathways and 

costimulatory ICOS/ICOS-L T helper pathway indicative of a more inflammatory T-cell pattern in 

samples from those with relapse. ICOSL expression in the AML cells has been shown to result in 

ICOS+ Tregs expansion that promotes immune evasion as well as IL-10 secreted by ICOS+ Tregs 

support AML cells proliferation (46). Further analysis of samples collected at EOI suggested a 

shared pattern in immune cells enrichment at EOI and Dx; there were more T cells in samples 

that relapse later and higher monocyte/macrophages in samples with sustained remission. The 

transcriptionally distinct naïve T cell clusters enriched in samples from those with relapse (T cell-

2) may be influenced by the type of blasts present in these samples. 

The analysis of innate immune cells depicted enrichment of inflammatory M1 macrophages in Dx 

and EOI samples with CCR compared to samples with relapse, indicates that initial activation of 

these adaptive immune cells may contribute to remission. Leukemia associated macrophages 

(LAM) have been associated with survival and drug resistance of AML cells (47). It has been 

shown that targeting IRF7/SAPK/JNK pathway can promote M1 characteristics in LAM resulting 

in prolonged survival of leukemic mice. Conversely, relapsed EOI samples had more tolerant M2 

macrophages that may not clear up the remaining blast cells that drive disease relapse. These 

findings indicate a potential role of innate immune cells in achieving deep and sustained remission 

and possible exploration for therapeutic intervention.  

Conclusions  

Common transcriptome and pathways present in the highly heterogenous AML sub-types enabled 

the usage of novel 7-gene signature for identifying AML blast cells in the current study. At the 

same time, distinct differences were identified in AML associated blasts as well as non-AML cells 

that distinguished samples with relapse from samples with CCR. We uncovered the presence of 

patient specific blasts at Dx, treatment-resistant blasts at EOI, and the presence/activation of 

different arms of the immune system (monocyte/macrophage and T cells) in samples from those 

with relapse and those with CCR at both Dx and EOI. The identification of upregulation of novel 

genes like ARMH1 in AML blasts is important for diagnostic and therapeutic purposes. Using 

scRNA-Seq we were able to identify unique gene signatures, characterize AML associated blasts 

and delineate immune cells make-up in the TME of children with different AML outcomes.    

 

 



   

 

   

 

Material and Methods 

Clinical Samples 

Samples were obtained as part of a precision medicine study of Aflac Cancer and Blood disorder 

center that was approved by the Emory institutional review board. Bone marrow core biopsies 

were obtained at the initial presentation of AML (Dx), at the time of therapy remission; the end of 

induction (EOI), and at the time of relapse (Rel) as part of routine hematopathology evaluation. 

The study was performed on 15 patients, out of which 9 patients remain in continuous clinical 

remission, and 6 patients relapsed. To study the sequential changes in single cell landscape, we 

paired samples from two patients collected at Dx, EOI, and Rel. The single cell analysis at Dx 

involved 14 patients: six with relapse and eight with CCR. For EOI the analysis was performed on 

five patients’ samples: three with relapse and two with CCR.  

Single Cell RNA Sequencing and analysis (Details in Supplementary Methods) 

We performed scRNA-Seq on viably revived bone marrow samples using the 10X Chromium 3’V3 

and 5’V1 reagent kits and sequencing was performed using the massively parallel sequencing on 

the Novaseq S4 platform. Raw scRNA-Seq data was demultiplexed, aligned to the human 

reference genome (hg38), and processed for single cell gene counting using the Cell Ranger 

Software from 10X Genomics Inc. The single cell count data was normalized using the 

SCTransform function in Seurat v3.0 Bioconductor package (48) that uses regularized negative 

binomial models for normalizing sparse single cell data. The normalized expression profiles of the 

samples were merged, and batch corrected (if required) based on shared embedding using 

harmony Bioconductor package (49).   Further quality control, pre-processing, unsupervised and 

supervised analysis on the data was performed using various R and Bioconductor packages.  In 

an unbiased approach, cell types and subtypes signatures were generated by comparing the 

expression profile of target cell type with the rest of the cells using the non-parametric Wilcoxon 

rank test (P-value <.01) and fold change >1.2.  

   

To determine the cell specific gene dysregulations that are associated with relapse and CCR, we 

performed comparative analysis of the transcriptome profile of each cell type between relapsed 

and CCR groups. The comparative analysis of normalized data was performed using the non-

parametric Wilcoxon rank model, based on raw P values and absolute fold change. Genes were 

considered significantly differentially expressed if P values were < 0.05 and FC >1.5.  

Pathway and Systems Biology Analysis 

To precisely characterize the AML blast cells and understand the molecular mechanism of 

disease progression, we performed pathways enrichment and systems biology analysis (See 

details in supplementary methods).  

 

Gene Set Enrichment Analysis 

 



   

 

   

 

To determine the enrichment of pre-determined gene sets, such as 7-gene signature and 

canonical pathways from the molecular signature database(16), we performed single sample 

gene set enrichment analysis (ssGSEA)(16) using escape package from the Bioconductor library. 

SsGSEA enrichment score represents the degree to which the genes in a particular gene set are 

coordinately up- or down-regulated within a cell cluster, which could serve as an indicator of gene 

set activity. To interrogate the unique pathways/gene sets that are differentially enriched in one 

cell type vs. other, we performed statistical analysis using student t-test or LIMMA (51) to select 

significantly differentially enriched gene sets. Pathways/Gene sets with an adjusted P-value <0.01 

were considered statistically significant.  

 

Validation of scRNA-Seq blast enriched genes on external pediatric AML dataset 

The preliminary comparative analysis of AML Dx specific clusters identified a long list of AML 

enriched genes that are overexpressed in AML blast cells. To reduce the false positives and 

identify robust AML blast associated genes, we evaluated their pattern on the external pediatric 

AML dataset from TARGET initiative. The study contains bulk RNA sequencing data generated 

from bone marrow samples of >300 AML subjects that include infants (<3 years old), children (3-

14 years old), and adolescents/ young adults (AYA; 15-39 years old). The raw TARGET dataset 

was normalized using VOOM algorithm (52). To explore the expression pattern of single cell 

profiling identified AML blast associated genes in TARGET AML dataset, we binned the Dx 

datasets into different groups - based on percentages of blast cells (>60%, 60%-30%, <30%s). 

We hypothesized that genes that are specifically expressed by blast cells will depict a progressive 

downregulation pattern from high to low blast and EOI samples. The significance of progressive 

downregulation from high to low blast/EOI groups was determined using unpaired Student t-test 

(P-value). Genes with fold change >0.7 (High blast vs EOI) and P value <0.05 were considered 

significantly associated with blast cells. All analysis was performed using different Bioconductor 

Packages and R language including LIMMA, and gplots (53).    

Survival analysis of AML blast genes 

To determine the association of blast genes with clinical outcomes in AML, we performed the 

survival analysis on the TARGET-AML dataset. For gene-level analysis, we used the median (50th 

percentile) cut-off or an optimal cut point (cutp) estimated based on martingale residuals (54) 

using the ‘survMisc’ package in Bioconductor/R to separate the patients into high and low gene 

expression groups. For combined analysis, we used the non-parametric method, single sample 

gene set enrichment analysis (ssGSEA) as implemented in the GSVA package (55) to obtain a 

gene-set enrichment score. Overall Survival (OS) or Event-Free Survival (EFS) statistical analysis 

was performed using the ‘survival’ R package (See details in supplementary methods).  

Generation of AML blast associated 7-gene signature using Support Vector Machine  

To identify the key genes associated with AML blast we developed classifiers using the support 

vector machine technique(5, 6). The classifiers assist in identifying the genes that are most 

important for identifying the pediatric AML blast cells. Each classifier was developed based on 

the selected set of 20 genes that are overexpressed in blast cells at single cell level as well as in 

the bulk TARGET dataset. Classifiers were trained using normalized and preprocessed single cell 



   

 

   

 

data. For example, classifier for discriminating between blast and non-blast cells was trained 

based on input matrix of 20 gene expression from AML blast and non-AML cells.  The 

performance of these classifiers in the training dataset were evaluated using Out of bag (OOB) 

cross-validation. The performance of classifiers was measured using threshold-independent 

receiver operating characteristic (ROC) analysis. The analysis assisted in identifying a minimal 

set of genes that can distinguish blast cells from other cells with high Area Under Curve (AUC) 

from ROC analysis.  

  



   

 

   

 

Figure Legends:  

Fig. 1: Single cell transcriptional profiling identifies three heterogenous putative AML blast 

cell clusters by comparative profiling of paired Diagnostics (Dx) and End of Induction (EOI) 

bone marrow samples. A. UMAP embedding of the paired Dx and EOI samples consisting of 

19,350 high quality single cells portioned into 14 clusters. These clusters are colored based on 

canonical cell types gene markers (Fig. 1B) that include T cell (CD3D+, IL32+), B cells (CD19+, 

CD79A+, MS4A1+), monocyte (CD14+), macrophages (CD68+), macrophage/monocyte (CD14+, 

CD68+), plasmacytoid dendritic cells-pDC (GZMB+, IL3RA+, IRF8+), and neutrophils (CD63+). The 

blast cells were annotated based on expression of top overexpressed gene. B. Dot plot showing 

expression of different cell type specific marker genes that were used to annotate the cell types 

(Red: high, Yellow: Mid, Cyan: low). C. Relative proportion of cells of different samples in each 

cell type cluster. Most of the blast cell clusters are made up of cells from 1-2 patient samples 

indicating AML blast heterogeneity. On the other hand, most of the immune cell clusters contain 

cells from multiple patient samples. D. Split UMAP showing the putative undifferentiated blast 

cells that are significantly over-represented in Dx samples (Dx enriched) and reduced in the EOI 

samples. E. Expression of clinically validated blast cell markers (MPO and CD34) across single 

cell clusters. Clusters with positive expression of marker genes are lassoed. CD34 expression is 

highly heterogenous. F. Heatmap of selected set of 44 genes showing significant overexpression 

(Fold Change >1.2, Adjusted P value <.01) in Dx Enriched blast cells in comparison of other 

differentiated cell types. Relative gene expression is shown in pseudo color, where green 

represents downregulation, and red represents upregulation.   

 

Fig. 2: Development of blast progenitor signature from heterogenous AML blast cells. A. 

Heatmap of 20 genes that depicts significant overexpression in the TARGET AML samples with 

high blast enrichment (>60%) as compared to low blast (<30%) and EOI samples.  B. Feature 

plot of selected genes (CLEC11A, NREP) from 20 gene signature showing uniform 

overexpression in the heterogenous blast clusters. C. Representative expression profiles and D. 

survival correlations of select genes (CLEC11A, NREP) showing a progressive downregulation 

pattern from high blast enrichment to low blast and EOI TARGET AML samples. The significance 

of the enrichment was calculated using Wilcox Rank t-test (*p-value < 0.05, ** p-value < 0.01, *** 

p-value < 0.001).  The higher expression of these CLEC11A (HR=1.9, 95% CI: 1.1-3.4, P=0.03) 

and NREP (HR=1.9, 95% CI: 1.2-3.1, P=0.007) is associated with poor survival. E. UMAP plot 

depicting the blast cells identification based on the newly identified 20-gene overexpressed in 

blast cells (lassoed) of the longitudinal samples (DX, EOI, REL) from two patients. F. Bar plot 

showing fraction of cell types in DX, EOI and Rel samples. G. Receiver operative Curve (ROC) 

depicting performance of Support Vector Machine (SVM) approach based 7 genes signature 

(CLEC11A, PRAME, AZU1, NREP, ARMH1, C1QBP, TRH) to discriminated AML blast cells from 

other cells. H. Survival analysis depicted that patient with higher gene set enrichment score based 

on identified 7 genes exhibited poorer overall survival (HR=2.3, 95% CI=1.2-4.3, P=0.0073) in the 

TARGET AML cohort. The low and high patient groups were formed based on the optimal cut-

point (Supplementary table S5). 

Fig. 3: AML blast cells from samples that had relapse depicted differences in transcriptome 

profile in comparison to samples that had CCR. A. Split UMAP plot of Dx AML blast cells of 

relapse- and CCR-associated samples. Blast cells formed 15 clusters based on transcriptome 

profile and were labeled manually based on top genes. B. Stacked bar plots showing the 



   

 

   

 

proportion of cells from each patient in different clusters (Red: Relapse-associated, Blue: CCR-

associated). C. Heatmap of top differentially expressed genes between relapse-associated 

(clusters 0, 2, 7, 13) and CCR-associated (clusters 1, 3, 4) samples clusters. D. Kaplan Meier 

plots of genes in AML blasts enriched in relapse-associated samples, such as FLNA and 

RFLNB/FAM101B, were associated with poorer overall survival in TARGET AML dataset. Similar 

analysis on genes (MPO, TRH) with increased expression in the CCR-associated clusters 

depicted significantly better overall survival.  E. Pathways that significantly (P value <.01) 

activated (Z score >1.5) /inhibited (Z score <-1.5) in samples with relapse vs. samples with CCR. 

F. Upstream regulatory molecules significantly activated (orange) in the relapse- vs. CCR-

associated samples.  

Fig. 4: Immune microenvironment analysis of samples collected at the time of diagnosis. 

A. Split UMAP plot of bone marrow microenvironment cells based on relapse- and CCR-

associated status of samples. B. Expression based dot plot of canonical cell specific markers 

used for the annotation of lymphoid, myeloid, and erythroid lineages. C. Stacked bar plots 

showing the proportion of cells from each patient in the different clusters (Red: Relapse, Blue: 

Remission).  

Fig. 5: Relapse-associated samples at diagnosis depicted enrichment of T cells with 

enhanced expression of exhaustion markers. A. t-distributed Stochastic Neighbor Embedding 

(t-SNE) plot depicting 15 sub-clusters of T-lymphocytes. The sub-clusters were annotated based 

on the canonical cell type markers: Naïve T cells (CCR7+, LEF1+, TCF7+), CD4+ effector T cells 

(CD4+, CCR6+, CXCR6+, CCL5+), CD8+ cytotoxic T cells (CD8A+, CD8B+, GZMB+, GNLY+, PRF1+) 

and exhausted T cells (HAVCR2+, LAG3+, PDCD1+, NFATC1+, TIGIT+, TOX+). B. Stacked bar 

plots showing cluster wise proportion of cells from each patient (Red: Relapse, Blue: CCR). C. 

Proportion of T cells in relapse and CCR patients. * P-value <.05 D. Overall enrichment of Naïve 

and Exhausted T cell signatures across relapse and CCR samples based on ssGSEA score. E. 

Enrichment of Cytotoxic, IFNg- and Regulatory- T cells in the CCR and relapse predominant sub-

clusters. **** P-value <.0001 F. Heatmap of top differentially expressed genes identified by 

comparing the CCR and relapse dominant T cell sub-clusters G. Pathways that are significantly 

activated (Z-score >1.5) and inhibited (Z-score <-1.5) in the relapse T cells associated genes.  

Pathways achieved P value <.01 based on Fisher’s Exact test.  

Fig. 6: CCR-associated samples at diagnosis depicted enrichment of inflammatory 
monocytes/macrophages. A. UMAP plot depicting lassoed monocytes/macrophages 
clusters in Dx samples. Cluster 1 and 2 are enriched with cells from CCR patient samples 
whereas cluster 7 is enriched with cells from relapse samples.  B. Heatmap of top DEGs 
from comparison of relapse- (cluster 7) and CCR- associated dominant (clusters 1, 2) 
clusters. C. Dot plot of key markers to characterize monocyte and macrophages 
subtypes. D. Upstream regulatory molecules significantly inhibited (blue) and activated 
(red) in the CCR-associated samples enriched monocytes/macrophages clusters in 
comparison to relapse-associated cluster. E. Split violin plots showing gene expression 
levels of specific regulators in CCR- (clusters 1, 2) and relapse-associated (cluster 7) 
samples. 
 

Fig. 7: scRNA-Seq analysis of EOI samples identified treatment resistant blast cells with 

distinct transcriptome landscape. A. UMAP plot with 13 clusters based on transcriptome 

profile, showing various cell types in EOI samples.   B. Bar plot of 7-genes signature identifies 



   

 

   

 

clusters 6 and 9 as blast-dominant cell clusters, along with clusters 10 and 11. C. Dot plot of 

canonical markers used for cluster annotation. D. Heatmap of top markers that are significantly 

differently expressed between treatment-resistant (residual at EOI) and treatment-responsive 

(only at Dx cells) E. Violin plots of pathways significantly enriched in treatment-resistant blast 

cells compared to treatment-responsive. F. Regulators that are significantly activated (orange 

color) and inhibited (blue color) in treatment-resistant blast cells compared to treatment-

responsive blast cells. 

Fig. 8: EOI Non-AML cells analysis exhibits different patterns in samples from those with 

relapse and those with CCR. (A) UMAP plot of annotated non-AML cell clusters split based on 

relapse and CCR status. (B) Bar plot showing the proportion of cell types in relapse and CCR 

samples at time of therapy induced induction. Y-axis represents fraction of each cell type. (C) Bar 

plot showing sample/patient representation (Y-axis) in major cell types (X-axis). (D) Bar plot of 

scaled ssGSEA scores and scatter plot of module scores of mono/mac cells from those with 

relapse and those with CCR show that M1 markers are significantly more enriched in those with 

CCR (p<0.001) and M2 markers are more enriched in those with relapse (p<0.05). (E) Bar plot of 

significantly different pathways in T-cell 2 cluster (relapsed-enriched) compared to T-cell 1 cluster. 
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Figures

Figure 1

Single cell transcriptional pro�ling identi�es three heterogenous putative AML blast cell clusters by
comparative pro�ling of paired Diagnostics (Dx) and End of Induction (EOI) bone marrow samples. A.
UMAP embedding of the paired Dx and EOI samples consisting of 19,350 high quality single cells
portioned into 14 clusters. These clusters are colored based on canonical cell types gene markers (Fig.
1B) that include T cell (CD3D+, IL32+), B cells (CD19+, CD79A+, MS4A1+), monocyte (CD14+),
macrophages (CD68+), macrophage/monocyte (CD14+, CD68+), plasmacytoid dendritic cells-pDC



(GZMB+, IL3RA+, IRF8+), and neutrophils (CD63+). The blast cells were annotated based on expression of
top overexpressed gene. B. Dot plot showing expression of different cell type speci�c marker genes that
were used to annotate the cell types (Red: high, Yellow: Mid, Cyan: low). C. Relative proportion of cells of
different samples in each cell type cluster. Most of the blast cell clusters are made up of cells from 1-2
patient samples indicating AML blast heterogeneity. On the other hand, most of the immune cell clusters
contain cells from multiple patient samples. D. Split UMAP showing the putative undifferentiated blast
cells that are signi�cantly over-represented in Dx samples (Dx enriched) and reduced in the EOI samples.
E. Expression of clinically validated blast cell markers (MPO and CD34) across single cell clusters.
Clusters with positive expression of marker genes are lassoed. CD34 expression is highly heterogenous. F.
Heatmap of selected set of 44 genes showing signi�cant overexpression (Fold Change >1.2, Adjusted P
value <.01) in Dx Enriched blast cells in comparison of other differentiated cell types. Relative gene
expression is shown in pseudo color, where green represents downregulation, and red represents
upregulation.



Figure 2

Development of blast progenitor signature from heterogenous AML blast cells. A. Heatmap of 20 genes
that depicts signi�cant overexpression in the TARGET AML samples with high blast enrichment (>60%)
as compared to low blast (<30%) and EOI samples. B. Feature plot of selected genes (CLEC11A, NREP)
from 20 gene signature showing uniform overexpression in the heterogenous blast clusters. C.
Representative expression pro�les and D. survival correlations of select genes (CLEC11A, NREP) showing



a progressive downregulation pattern from high blast enrichment to low blast and EOI TARGET AML
samples. The signi�cance of the enrichment was calculated using Wilcox Rank t-test (*p-value < 0.05, **
p-value < 0.01, *** p-value < 0.001). The higher expression of these CLEC11A (HR=1.9, 95% CI: 1.1-3.4,
P=0.03) and NREP (HR=1.9, 95% CI: 1.2-3.1, P=0.007) is associated with poor survival. E. UMAP plot
depicting the blast cells identi�cation based on the newly identi�ed 20-gene overexpressed in blast cells
(lassoed) of the longitudinal samples (DX, EOI, REL) from two patients. F. Bar plot showing fraction of cell
types in DX, EOI and Rel samples. G. Receiver operative Curve (ROC) depicting performance of Support
Vector Machine (SVM) approach based 7 genes signature (CLEC11A, PRAME, AZU1, NREP, ARMH1,
C1QBP, TRH) to discriminated AML blast cells from other cells. H. Survival analysis depicted that patient
with higher gene set enrichment score based on identi�ed 7 genes exhibited poorer overall survival
(HR=2.3, 95% CI=1.2-4.3, P=0.0073) in the TARGET AML cohort. The low and high patient groups were
formed based on the optimal cutpoint (Supplementary table S5).



Figure 3

AML blast cells from samples that had relapse depicted differences in transcriptome pro�le in
comparison to samples that had CCR. A. Split UMAP plot of Dx AML blast cells of relapse- and CCR-
associated samples. Blast cells formed 15 clusters based on transcriptome pro�le and were labeled
manually based on top genes. B. Stacked bar plots showing the proportion of cells from each patient in
different clusters (Red: Relapse-associated, Blue: CCRassociated). C. Heatmap of top differentially



expressed genes between relapse-associated (clusters 0, 2, 7, 13) and CCR-associated (clusters 1, 3, 4)
samples clusters. D. Kaplan Meier plots of genes in AML blasts enriched in relapse-associated samples,
such as FLNA and RFLNB/FAM101B, were associated with poorer overall survival in TARGET AML
dataset. Similar analysis on genes (MPO, TRH) with increased expression in the CCR-associated clusters
depicted signi�cantly better overall survival. E. Pathways that signi�cantly (P value <.01) activated (Z
score >1.5) /inhibited (Z score <-1.5) in samples with relapse vs. samples with CCR. F. Upstream
regulatory molecules signi�cantly activated (orange) in the relapse- vs. CCRassociated samples.



Figure 4

Immune microenvironment analysis of samples collected at the time of diagnosis. A. Split UMAP plot of
bone marrow microenvironment cells based on relapse- and CCRassociated status of samples. B.
Expression based dot plot of canonical cell speci�c markers used for the annotation of lymphoid,
myeloid, and erythroid lineages. C. Stacked bar plots showing the proportion of cells from each patient in
the different clusters (Red: Relapse, Blue: Remission).



Figure 5

Relapse-associated samples at diagnosis depicted enrichment of T cells with enhanced expression of
exhaustion markers. A. t-distributed Stochastic Neighbor Embedding (t-SNE) plot depicting 15 sub-
clusters of T-lymphocytes. The sub-clusters were annotated based on the canonical cell type markers:
Naïve T cells (CCR7+, LEF1+, TCF7+), CD4+ effector T cells (CD4+, CCR6+, CXCR6+, CCL5+), CD8+
cytotoxic T cells (CD8A+, CD8B+, GZMB+, GNLY+, PRF1+) and exhausted T cells (HAVCR2+, LAG3+,
PDCD1+, NFATC1+, TIGIT+, TOX+). B. Stacked bar plots showing cluster wise proportion of cells from
each patient (Red: Relapse, Blue: CCR). C. Proportion of T cells in relapse and CCR patients. * P-value <.05
D. Overall enrichment of Naïve and Exhausted T cell signatures across relapse and CCR samples based
on ssGSEA score. E. Enrichment of Cytotoxic, IFNg- and Regulatory- T cells in the CCR and relapse
predominant subclusters. **** P-value <.0001 F. Heatmap of top differentially expressed genes identi�ed
by comparing the CCR and relapse dominant T cell sub-clusters G. Pathways that are signi�cantly
activated (Z-score >1.5) and inhibited (Z-score <-1.5) in the relapse T cells associated genes. Pathways
achieved P value <.01 based on Fisher’s Exact test.



Figure 6

CCR-associated samples at diagnosis depicted enrichment of in�ammatory monocytes/macrophages. A.
UMAP plot depicting lassoed monocytes/macrophages clusters in Dx samples. Cluster 1 and 2 are
enriched with cells from CCR patient samples whereas cluster 7 is enriched with cells from relapse
samples. B. Heatmap of top DEGs from comparison of relapse- (cluster 7) and CCR- associated dominant
(clusters 1, 2) clusters. C. Dot plot of key markers to characterize monocyte and macrophages subtypes.
D. Upstream regulatory molecules signi�cantly inhibited (blue) and activated (red) in the CCR-associated
samples enriched monocytes/macrophages clusters in comparison to relapse-associated cluster. E. Split
violin plots showing gene expression levels of speci�c regulators in CCR- (clusters 1, 2) and relapse-
associated (cluster 7) samples.



Figure 7

scRNA-Seq analysis of EOI samples identi�ed treatment resistant blast cells with distinct transcriptome
landscape. A. UMAP plot with 13 clusters based on transcriptome pro�le, showing various cell types in
EOI samples. B. Bar plot of 7-genes signature identi�es clusters 6 and 9 as blast-dominant cell clusters,
along with clusters 10 and 11. C. Dot plot of canonical markers used for cluster annotation. D. Heatmap
of top markers that are signi�cantly differently expressed between treatment-resistant (residual at EOI)
and treatment-responsive (only at Dx cells) E. Violin plots of pathways signi�cantly enriched in treatment-
resistant blast cells compared to treatment-responsive. F. Regulators that are signi�cantly activated



(orange color) and inhibited (blue color) in treatment-resistant blast cells compared to
treatmentresponsive blast cells.

Figure 8

EOI Non-AML cells analysis exhibits different patterns in samples from those with relapse and those with
CCR. (A) UMAP plot of annotated non-AML cell clusters split based on relapse and CCR status. (B) Bar
plot showing the proportion of cell types in relapse and CCR samples at time of therapy induced



induction. Y-axis represents fraction of each cell type. (C) Bar plot showing sample/patient representation
(Y-axis) in major cell types (X-axis). (D) Bar plot of scaled ssGSEA scores and scatter plot of module
scores of mono/mac cells from those with relapse and those with CCR show that M1 markers are
signi�cantly more enriched in those with CCR (p<0.001) and M2 markers are more enriched in those with
relapse (p<0.05). (E) Bar plot of signi�cantly different pathways in T-cell 2 cluster (relapsed-enriched)
compared to T-cell 1 cluster.
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