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Abstract

Background: Acute myeloid leukemia (AML) is a hematopoietic malignancy with a
prognosis that varies with genetic heterogeneity of hematopoietic stem/progenitor
cells (HSPCs). Induction chemotherapy with cytarabine and anthracycline has been
the standard care for newly diagnosed AML, but about 30% of patients have no
response to this regimen. The resistance mechanisms require deeper understanding.
Methods: In our study, using single-cell RNA sequencing, we analyzed the hetero-
geneity of bone marrow CD34™" cells from newly diagnosed patients with AML who
were then divided into sensitive and resistant groups according to their responses
to induction chemotherapy with cytarabine and anthracycline. We verified our
findings by TCGA database, GEO datasets, and multiparameter flow cytometry.
Results: We established a landscape for AML CD34* cells and identified HSPC
types based on the lineage signature genes. Interestingly, we found a cell population
with CRIP1M&h GALS1M8"S100AsMe" showing features of granulocyte-monocyte
progenitors was associated with poor prognosis of AML. And two cell populations
marked by CD34*CD52* or CD34*CD74*DAP12* were related to good response
to induction therapy, showing characteristics of hematopoietic stem cells.
Conclusion: Our study indicates the subclones of CD34" cells confers for outcomes
of AML and provides biomarkers to predict the response of patients with AML to

induction chemotherapy.
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AML CD34+ SUBCLONES CONFER CHEMOTHERAPY

INTRODUCTION

Acute myeloid leukemia (AML) encompasses a group of heteroge-
neous disorders characterized by the expansion of malignant clones
of hematopoietic progenitor cells blocked at various stages of dif-
ferentiation.! Remission induction chemotherapy with cytarabine and
anthracycline has been a standard treatment for newly diagnosed
AML for more than 30 years.? Although 70% of patients with newly
diagnosed AML attain morphologic complete remission (CR) with
intensive induction chemotherapy, approximately 30% of adults with
AML are not sensitive to chemotherapy, and at least 50% of those
who achieve remission will relapse.®=> The different outcomes of
AML patients are because AML is a heterogeneous and molecularly
complex disease with variable hematologic phenotypes.®

AML hematopoietic stem/progenitor cells sustain the disease and
display stem cell properties, such as self-renewal, quiescence, and
heterogeneity.” Therefore, the AML hematopoietic stem/progenitor
cells with heterogeneous properties enable their ability to generate
the heterogeneity of intra- or interpatient, and then fuel different re-
sponses to induction chemotherapy during disease progression.®
Identification of the heterogeneity in AML hematopoietic stem/pro-
genitor cells is of vital importance for prediction of AML prognosis.

Recently, single-cell RNA-sequencing (scRNA-seq) technologies
have matured such that one can sequence and analyze thousands of
cells per tumor. At this scale, it can derive significant insights into the
cellular heterogeneity, characteristics of the molecular diversity, and
the biological features that distinguish different cell sub-
populations.” ! Savas et al. found that CD8" tissue resident memory
T cells contributed to breast cancer immunosurveillance and were
the key targets of modulation by immune checkpoint inhibition
through scRNA-seq of T cells isolated from human breast cancers.*?
Mathys et al. discovered disease-associated cellular subpopulations
in Alzheimer's disease.'® Witkowski et al. uncovered a role for
nonclassical monocytes subcluster in bone marrow microenviron-
ment supporting acute B lymphoblastic leukemia progression and
treatment evasion.'*

Here, we adapted 10X Genomics scRNA-seq technology®® to
acquire transcriptional data for thousands of single cells from bone
marrow CD34" cells of newly diagnosed patients with AML. We
showed a comprehensive and heterogeneous map of the CD34" cells
in patients with AML and healthy controls. We leveraged tran-
scriptome wide features to distinguish malignant-like cells from
normal-like cells, and malignant-like clusters from each other via
several analytical strategies. Furthermore, by comparing sensitive
patients with AML with resistant patients, we discovered a poor-
prognosis-related subpopulation with specific gene signatures in
CD34* cells. Moreover, we anchored two subpopulations with spe-
cific markers in AML CD34* cells that were associated with good
response of patients to induction chemotherapy. Our discovery
created a chance for prognosis or prediction in newly diagnosed
patients with AML.

MATERIALS AND METHODS

Full descriptions of experimental procedures and analytical methods
are in the Supplementary information.

Patients and samples

Bone marrow samples were obtained from patients with newly
diagnosed AML during routine diagnostic assessments before treat-
ment at Qilu Hospital, Shandong University, Jinan, China. Informed
consent was obtained in accordance with the Declaration of Helsinki.
All primary samples procedures were reviewed and approved by the
Medical Ethics Committee of Qilu Hospital of Shandong University.
Patients were treated with induction chemotherapy according to the
guideline for newly diagnosed AML in adults of China. Responses
were assessed in accordance with the International Working Group
Criteria® for AML. CR was defined as bone marrow blasts <5%, no
circulating blasts, with complete blood count recovery (neutrophil
count >1000/uL and platelet count >100 000/uL). Partial remission
required all the hematologic values of CR with a decrease of >50% in
the percentage of bone marrow blasts to 5% to 25%. No remission
(NR) was defined as not up to the criteria of partial remission and CR.
The 2017 European Leukemia Net (ELN) risk stratification by ge-
netics was used to evaluate patients.

Single-cell RNA library construction and sequencing

We used the Single Cell 3’ Reagent kit (V2) and the Chromium
instrument to prepare individually barcode scRNA-seq libraries
following the manufacturer's protocols (10x Genomics). Sequencing
with dual indexing was conducted on an lllumina NovaSeq PE150
machine using the 150-cycle High Output kit. The scRNA-seq data
for normal CD34" cells from four healthy donors were obtained
from the GEO database (GSE133181).1” The Cell Ranger Single Cell
Software Suite was used to perform sample demultiplexing, barcode
processing, and single-cell 3’ gene counting. Further analysis was
performed using the Seurat R package and Loupe software. The
integration analysis was used by CCA + MNN to correct the batch
effect in Seurat. Genes with pct.1/pct.2 greater than 1.5 in the top
10 significantly high-expression genes were chosen to mark the

cluster.

Statistical analysis

Differences between two groups were analyzed using an unpaired
Student t test. Data are presented as mean &+ SD. The Fisher exact
test was used for comparing the CR rates of patients. p < .05 was
considered statistically significant.
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RESULTS

Identification of cell populations in CD34* cells from
newly diagnosed patients with AML

To clarify cell diversity of CD34" cells in AML, we performed scRNA-
seq on the Chromium platform (10x Genomics) of primary CD34"
cells that were magnetic activated cell sorting-purified from the bone
marrow of six newly diagnosed patients with AML before treatment.
Normal CD34" cells from four healthy donors were used as controls;
their scRNA-seq data were obtained from the GEO database. The
patients' clinical information is shown in Table 1. We acquired high-
quality data of 60 402 CD34* cells from patients with AML and
healthy controls and analyzed the data by Seurat using its anchoring-
based integration method to account for technical and biological
variance between individual samples. This was followed by projection
dimensionality reduction and t-distributed stochastic neighbor
embedding (t-SNE) for visualization (Figure 1A).

We then performed extensive unbiased clustering of all the
CD34* cells to identify transcriptionally distinct cell clusters. As a
result, CD34™" cells were classified into six hematopoietic stem/pro-
genitor cell types (hematopoietic stem cell [HSC], multilymphoid
[MLP], [MEP],
granulocyte-monocyte progenitor [GMP], pro-B cell, and earliest

progenitor megakaryocyte-erythroid progenitor

thymic progenitors [ETP]) and 17 clusters (HSC-1 and 2, MLP, MEP-1
through 3, GMP-1 through 7, pro-B cell 1 and 2, and ETP-1 and 2)
based on comparing cluster-specific genes with reported lineage
signature genes (Figure 1B-D, Table 51).28

CD34™ cells of patients with AML at diagnosis
enriches GMP population

We observed obvious differences in the composition of the stem/
progenitor lineage between newly diagnosed patients with AML and
healthy controls. The results showed that the proportion of GMP-
like population in patients with AML was significantly higher than
that of GMP in healthy controls, whereas the proportion of HSC
and pro-B populations were significantly lower (Figure S1). We then
defined the cluster to be normal-like if the high percentage (>60%)
of cells in the cluster was from healthy controls; the remaining
clusters were defined as malignant-like. As a result, the clusters
GMP-1 through 7, MEP-1, MLP, and ETP-1 were classified as
malignant-like clusters, and the others were classified as normal-like
clusters (Figure 1E). Obviously, CD34" cells from patients with AML
were mainly composed of malignant-like clusters (Figure S2). Copy
number variations were also highly consistent with the result and

malignant-like cells were grouped with extensive copy number

TABLE 1 Clinical information of AML patients and healthy controls for scRNA-seq

AMLO1 AMLO2 AMLO3 AMLO5 AMLO6 AMLO7
Sex Female Female Female Male Male Male
Age, y 32 63 36 37 61 20
WBC count, x10°/L 244 11.77 21.94 86.33 0.68 83
Hemoglobin, g/L 115 92 84 89 67 127
Platelet count, x10%/L 70 42 6 13 35 21
Peripheral blood blasts, % 92 50 91 50 66 66
Bone marrow blasts, % 30 45 70 42 77 90
FAB classification NA M4b NA M2 M5 M5
Fusion gene MLL-(AF17/AF1q/AF 1p/AFX/SEPT6) CBFB-MYH11 MLL-AF9 Negative Negative Negative
Mutation Negative Negative NRAS CEBPA IDH1 CEBPA
KIT WT1 NRAS
NRAS
Chromosome karyotyping 46, XX* NA NA 46, XY? NA 46, XY?°
ELN risk stratification Adverse Favorable Intermediate Favorable Intermediate Favorable
Induction chemotherapy 1A 1A 1A 1A DA HAA
Response NR CR NR CR CR CR
CTLO1 CTLO2 CTLO3 CTLO4
Age, y 53 21 30 41

Abbreviations: AML, acute myeloid leukemia; CR, complete remission; DA, daunorubicin + cytarabine; ELN, European LeukemiaNet; FAB, French-
American-British; HAA, homoharringtonine + aclarubicin + cytarabine; IA, idarubicin + cytarabine; NA, not available; NR, none remission; WBC, white

blood cell.
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FIGURE 1 Identification of cell populations in CD34" cells from newly diagnosed patients with acute myeloid leukemia (AML). (A) t-
distributed stochastic neighbor embedding (t-SNE) visualization of 60 402 cells from six newly diagnosed patients with AML and four healthy
controls (CTL). The numbers in panel A represent cell counts. (B) Marker-based cell type identification analysis allowed prediction of 6
hematopoietic stem/progenitor cell types across 17 clusters. (C) Gene expression heatmap of the cell-type-specific marker genes measured.
(D) Expression levels of the cell-type-specific marker genes overlaid on the t-SNE representation. (E) Histogram showing percentage of each
cluster between patients with AML and controls after normalizing baseline to 100%. *p < .05, **p < .01, ***p < .001, ****p < .0001,

p < .00001, ****p < .000001

variations across the whole genome (Figure S3). Gene set enrich- Heterogeneity of malignant-like clusters in CD34%
ment analysis using the KEGG and GO pathways showed that gene cells of AML

expression profiles of malignant-like clusters enriched for cell cycle,
oxidative phosphorylation, cell apoptosis, and cancer-related path- We hypothesized that the distinct response of patients with AML to
ways (Figures S4A and B). chemotherapy was due to the heterogeneity of CD34" cells. To



JIA ET AL

| 3933

address this, we divided the six patients with AML into two groups
according to the response of patients with AML to the standard in-
duction therapy with cytarabine and anthracycline. AML02, AMLO5,
AMLO6, and AMLO7 achieved CR after the first course of induction
therapy and were assigned to the “sensitive” group, whereas AMLO1
and AMLO3 were assigned to the “resistant” group because they did
not respond to the first course of induction therapy (Figure 2A and
Table 1). The six patients with AML were in different cytogenetic risk
categories. We then analyzed the single-cell data of CD34" cells in
the two groups. We found that both groups of CD34" cells were
composed mainly of the 10 malignant-like clusters which belonged to
four cell types (GMP, MEP, MLP, and ETP) (Figure 2A). The propor-
tion of each cell cluster did not show significantly different between
the sensitive and resistant groups (Figure 2B).

It seemed the modest increase in the proportion of malignant-
like clusters was observed in the resistant group, when compared
with the sensitive group (Figure 2C). However, there was no signifi-
cant difference in the proportion of cells derived from the two groups
in each malignant-like cluster (Figure 2D). Furthermore, to search for
the differences between AML-sensitive and AML-resistant groups,
we compared the transcriptional expression and enrichment genes in
each malignant-like cluster. The results of KEGG, GO, and GSEA
enrichment showed that the malignant-like clusters GMP-1, -2, -3, -5,
and -7 and MLP in the AML-resistant group obviously enriched for
AML, cell cycle, oxidative phosphorylation, and uncontrolled tran-
scription compared with the sensitive group (Figure 2E-G). In addi-
tion, these clusters in the AML-resistant group expressed higher
levels of genes that were reported to be associated with poor
prognosis®’ than in the AML-sensitive group (Figure S5). The results
indicated that although the composition of CD34™" cells was almost
the same between the AML-sensitive and AML-resistant groups, the
gene expression profiles were quite different in the GMP-1, -2, -3, -5,
and -7 and MLP clusters, suggesting these clusters were probably
composed of different subclusters, which may confer the distinct
response of AML patients to induction chemotherapy.

Subclus_ters with speciﬁc gene signatures
(CRIP1"s"LGALS1"'8"S100As"s") are associated with
poor prognosis of AML

To figure out the specific subcluster of CD34* cells that are associ-
ated with no response to treatment of AML, we subgrouped these six
cell clusters (GMP-1, -2, -3, -5, and -7 and MLP) and compared the
proportion of subclusters in the AML-sensitive, AML-resistant, and
control groups (Figure 3A).

In the GMP-1 cluster, we identified nine transcriptionally distinct
cell subclusters, and the proportion of subcluster GMP-1-0 was
markedly higher in the AML-resistant group than in the AML-
sensitive group and controls (Figure 3A). Specific gene expression
data analysis indicated the highly expressing markers of subcluster
GMP-1-0, such as CRIP1, S100A10, S100Aé, and LGALS1, which were

all significantly related to poor prognosis in cancers (Figure 3B).

Interestingly, in the GMP-3 cluster, we found the proportion of
subcluster GMP-3-0 was also higher in the AML-resistant group than
in the sensitive group and its specific gene signatures were almost
the same as the subcluster GMP-1-0 (Figure 3A and B). Furthermore,
we performed an enrichment analysis of transcriptional signatures in
these two subclusters and found that the associated upregulated
genes were involved in cell adhesion, cell apoptosis, and S100 protein
binding (Figure 3C).

To further clarify the significance of these subclusters with
specific gene signatures (CRIP1"SNLGALS1"8"'S100As"s") for AML, we
took advantage of RNA-seq data from 134 patients with AML in the
TCGA database and calculated scores of the specific genes of these
subclusters, then divided the 134 patients into two groups based on
the scores (the high-score group [n = 67] and the low-score group
[n = 67]; Figure 3D and Table S3). We noted a significantly inferior
overall survival in the high-score group, when compared with the
low-score group, suggesting that the gene profile of the subclusters
with CRIP1"8"LGALS1"8"S100As"s" plays a pernicious role in AML
survival (Figure 3E). Therefore, we speculated that GMP-1-0 and
GMP-3-0 may be the specific subpopulations associated with poor
responses to induction chemotherapy in newly diagnosed patients
with AML.

Another way of clustering also confirms the existence
of the subcluster with specific gene signatures
(CRIP1"s" GALS 1"'8"S100As"'s")

To exclude the interference of healthy controls, we removed healthy
controls and reanalyzed the data of CD34" cells from patients with
AML only, which contained a total of 28 381 single-cell tran-
scriptomes from AML-resistant (n = 8935) and AML-sensitive (n = 19
446) groups (Figure 4A). The sample viability of AMLO1, 02, 03, 05,
06, and 07 was 96%, 99%, 95%, 84%, 88%, and 90%, respectively,
which did not significantly correlate with the mean number of
detected genes (p = .6631), the number of unique molecular identi-
fiers (p = .7495), or the fraction of mitochondrial RNA transcripts
(b = .2356). As shown in Figure 4B, CD34" cells from patients with
AML were partitioned into 19 clusters. After analysis of the
composition in each group, we observed increases in the proportion
of clusters 2, 3, 5, and 6 in the AML-resistant group (Figure 4C).

In clusters 2, 3, 5, and 6, the high proportion (>60%) of cells was
from the AML-resistant group (Figure 4D). Through matching the
marker genes of clusters 2, 3, 5, and 6 with lineage signature genes,
we found clusters 2, 5, and 6 were similar to GMP and cluster 3 was
similar to MEP (Figure 4E). The cell types of these clusters were
defined as GMP-like and MEP-like. Figure 4F shows the specific
marker genes that were remarkably upregulated in clusters
compared with the other clusters. Coincidentally, the genes program
in cluster 2 perfectly matched the marker genes of the subcluster
GMP-1-0 and GMP-3-0, which were related to poor survival of AML,
suggesting cluster 2 was the same cluster as those two subclusters.

To understand the function of the genes program in cluster 2, we
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enrichment analysis of molecular signatures in cluster 2. AML indicates acute myeloid leukemia; t-SNE, t-distributed stochastic neighbor

embedding
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performed gene expression enrichment analysis, revealing the upre-
gulated genes were involved in cell adhesion, cell proliferation, and
5100 protein (Figure 4G). Thus, the specific genes program of cluster
2, such as CRIP1, S100A10, LGALS1, and S100A6, may be a predictive
factor for poor prognosis of AML.

Coincidentally, because the two patients (AMLO1 and AMLO3)
in the resistant group both had MLL rearrangements, we tried to
figure out whether the cluster (CRIP1"ShLGALS1"8hS100As M)
associated with poor responses to induction therapy had MLL
analyzed MLL
rearrangement-related genes in the cluster, but no prominent

rearrangement-related gene signatures. We
enrichment of MLL-related genes was observed in the cluster
featured with CRIP1MS"GALS1"8"S100Ashs",

Cell populations associated with good response to
induction chemotherapy in AML exhibit
characteristics of HSC

Interestingly, when we compared the proportion of each cluster of cells
in AML-resistant and AML-sensitive groups, we found that there was a
significant increase in the proportion of cluster O and 8 in the sensitive
group (Figure 5A and B). Through matching the marker genes of cluster
0 or 8 with lineage signature genes, we found cluster O and 8 exhibited
characteristics of HSC (Figure 5C). The cell type of cluster O and 8 was
defined as HSC-like. To understand the function of the two clusters, we
performed gene expression enrichment analysis, which revealed that
the upregulated genes in the two clusters were involved in helper T cell
differentiation and immune response (Figure 5D).

We also recognized the surface markers of cluster 0 (CD52) and
8 (CD74 and DAP12) because they were in the top of the list of
significantly high expression genes (Figure 6A) and were convenient
for detection by flow cytometry in the clinic. To verify whether the
distinct response to induction chemotherapy was due to the differ-
ences of clusters in CD34" cells, we used multiparameter flow
cytometry to detect the HSC-like clusters in newly diagnosed pa-
tients with AML. Bone marrow mononuclear cells were isolated from
samples of 32 newly diagnosed patients with AML before treatment.
Seventeen patients achieved CR after induction chemotherapy and
were assigned to the “sensitive” group, whereas the other 15 patients
showed NR after induction chemotherapy and were assigned to the
“resistant” group (Table S2). The result showed that the proportion of
CD52% cells and CD74*DAP12" cells in the CD34* population at
diagnosis was significantly higher in patients with AML with CR
(sensitive group) than those with NR (resistant group), which was
consistent with the findings of scRNA-seq (Figure 6B and C). In pa-
tients with CD52* cells >10% of the CD34" population, the CR rate
after induction chemotherapy was significantly higher than that in
patients with CD52% cells <10% of the CD34" population (100% vs
11.8%, p < .0001). The CR rate was also higher in patients with
CD74"DAP12* cells >30% than <30% of the CD34" population
(100% vs 37.5%, p = .0023). Moreover, we analyzed the character-
istics of the 32 AML patients. We discovered that the percentage of

bone marrow blast, white blood cell, hemoglobin, the proportion of
CD52% cells in CD34" population, and CD74"DAP12* cells in the
CD34" population were statistically related to the response of AML
patients to induction chemotherapy (Table 2).

In addition, we integrated the more abundant marker genes of
clusters 0 and 8 (Figure 6D). We took advantage of RNA-seq data from
134 patients with AML in the TCGA database and 268 patients with
AML in GSE165430 and calculated scores of the signature genes of
cluster 0 and 8, respectively. The 134 patients from the TCGA database
were divided into three groups based on the risk stratification (the
favorable group [n = 17], the intermediate group [n = 89], and the poor
group [n = 26]). We discovered a significantly lower gene signature
score of cluster O or 8 in the poor group compared with the favorable
group (cluster 0: p = .0015, cluster 8: p =.0001) and the intermediate
group (cluster 0: p = .019, cluster 8: p = .0002; Figure 6E). Then, we
compared the gene signature scores between patients who relapsed
(n = 164) and patients who remained in CR for >3 years (n = 104) from
GSE165430 (Table S4). We found the gene signature scores of cluster
0 or 8 in relapsed patients were lower than in CR patients (cluster O:
p = .024; cluster 8: p = .009; Figure 6F). These results suggested that
the response of patients with AML to induction chemotherapy was
related to the composition of CD34™" cells, and that newly diagnosed
patients with high proportions of clusters O and 8 were more likely to

achieve CR and probably have good prognoses.

DISCUSSION

AML is a group of heterogeneous hematologic malignancies charac-
terized by numerous cytogenetic and molecular alterations.?° The
“3 + 7 regimen” has long been considered the standard of care for
AML2? Although novel agents such as venetoclax, FLT3 inhibitors,
and IDH inhibitors have been approved for various indications in
AML since 2017, the 3 + 7 regimen is still the first-line induction
chemotherapy. However, the response to this standard induction
chemotherapy has significant individual variability because of the
heterogeneity in patients with AML.22

The heterogeneity of AML has been appreciated since the
1960s.2% scRNA-seq provides a method to measure and compare the

2425 and it has

levels of gene expression at single-cell resolution,
become possible to study the complexity of inter- and intraindividual in
AML. Through scRNA-seq, Galen et al. identified six malignant AML cell
types that projected along the HSC to myeloid differentiation axis.?®
Pei et al. found monocytic AML was more resistant to ven-
etoclax + azacytidine and that the outgrowth of monocytic sub-
populations was favored through a selective process at relapse by
scRNA-seq analysis.?” Riether et al. demonstrated that leukemia
stem cells upregulated CD70 in response to hypomethylating agent
treatment, resulting in increased CD70/CD27 signaling and citatuzu-
mab could eliminate leukemia stem cells.?® Duy et al. discovered that
AML relapse was facilitated by a senescence-like resilience phenotype
that occurred regardless of the stem cell status based on scRNA-seq

data.?’ However, there was no research focusing on AML CD34*
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FIGURE 5 Subclusters of CD34™ cells associated with good response to induction chemotherapy in AML. (A) t-SNE visualization of cluster
0 and cluster 8 between resistant and sensitive groups. (B) Pie chart showing cell percentage between resistant and sensitive groups in cluster
0 (top) and cluster 8 (down). (C) Gene expression heatmap of the cell-type-specific marker genes in cluster O and cluster 8. (D) Bar graph
showing significantly KEGG pathways enrichment analysis of molecular signatures in cluster O and cluster 8. AML indicates acute myeloid

leukemia; t-SNE, t-distributed stochastic neighbor embedding

hematopoietic stem/progenitor cells at the single-cell level and sub-
populations that confer responses to cytarabine + anthracyclines.
AML hematopoietic stem/progenitor cells are thought to
generate and perpetuate leukemic populations. To study the het-
erogeneity of AML hematopoietic stem/progenitor cells, we purified
CD34" cells from bone marrow samples of newly diagnosed patients

with AML and performed scRNA-seq by the 10x Genomics platform.
We classified AML CD34" cells into six cell types (HSC, MLP, MEP,
GMP, Pro-B cell, and ETP) according to their similarity to normal
CD34" cells because the gene expression program of AML CD34*
cells is not matched completely to the recognized characteristics of
normal hematopoietic stem/progenitor cells. We found there were
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FIGURE 6 Clusters 0 and 8 confer outcomes of newly diagnosed patients with AML. (A) Violin plots showing relative expression of top
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before treatment, 17 of whom achieved CR (sensitive) and 15 of whom showed NR (resistant) after induction chemotherapy. Flow cytometry
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from patients with AML. Typical flow cytometric plots and histograms were shown. (D) Heatmap showing relative expression of top marker
genes in clusters 0 and 8. (E) Histogram showing the statistical analysis results of gene signature scores of cluster O (left) and cluster 8 (right)
among the favorable (n = 17), intermediate (n = 89), and poor (n = 26) groups of patients with AML from the TCGA database. (F) Histogram
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TABLE 2 Association of the cluster O and 8 with clinical characteristics of patients with AML

Overall cohort (n = 32)

Sensitive Resistant
Characteristics n=17 n=15 p
Gender (male/female) 13/4 6/9 .0702
Age: y, median (range) 57 (35-69) 53 (15-67) 2439
Peripheral blast %, median (range) 60 (1-97) 76 (22-98) 0697
Bone marrow blast %, median (range) 58.03 (18.18-95) 74.33 (27.07-93.09) .0323
WBC count (10%/L), median (range) 27.35 (1.89-130.81) 81.23 (1.89-382.48) .0408
Hemoglobin (g/L), median (range) 97 (66-126) 81 (57-112) .0052
Platelet count (10°/L), median (range) 53 (10-207) 87 (2-692) 2159
Cytogenetic risk category (n)
Favorable 9 5 2246
Intermediate 4 6 2674
Adverse 4 4 .5787
Molecular abnormality
FLT3-ITD mutation .1583
Positive 4 7
Negative 13 8
NPM1 mutation 4516
Positive 1 2
Negative 16 13
CEBPA mutation 4213
Positive 5 3
Negative 12 12
CD52* cells in CD34* population <.0001
>10% 15 0
<10% 2 15
CD74"DAP12* cells in CD34* population .0023
>30% 8 0
<30% 9 15

Abbreviations: AML, acute myeloid lymphoma; WBC, white blood cell.

obvious differences in the composition of CD34" cells between newly
diagnosed patients with AML and healthy controls. We identified
malignant-like clusters according to cell source, copy number varia-
tions, and gene set enrichment analysis. Granja et al. defined clusters
to be healthy-like if a high percentage (>80% for scRNA-seq and
>90% for scATAC [assay for transposase-accessible chromatin]) of
the cells were from the normal data.*° Jin et al. inferred large-scale
copy number variations based on scRNA-seq data to distinguish
malignant from nonmalignant cells.3! These methods were also used
in our study to identify malignant-like clusters.

To further demonstrate the reason for distinct responses of pa-
tients with AML to induction chemotherapy, we divided the six newly

diagnosed patients with AML into two groups: the sensitive group and

the resistant group. By comparing the heterogeneity of CD34" cells in
the two groups, we discovered one cell population was related to no
response of patients with AML to induction therapy. This cell popu-
lation had a specific gene signature program, including CRIP1,
LGALS1, and S100As. CRIP1 was reported to dramatically recover
the 5-fluorouracil-inhibited cancer cell proliferation in vitro and
stimulate the tumor formation in vivo.>2 LGALS1 is best known for its
role in RAS signaling and is associated with shorter disease-free
survival and increased blasts.>® Moreover, LGALS1 mediates im-
mune evasion by preventing T-cell migration into the tumor.®*
Although S100As are significantly associated with poor prognosis in
patients with low-grade glioma as reported,® the prognostic and

oncologic values of the S100A family have not been systematically
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investigated in most cancers including AML. Here, we combined these
genes as a specific gene signature program to mark the cell popula-
tion, which was different between AML-sensitive and AML-resistant
groups, and TCGA data confirmed this gene signature program was
associated with poor survival of AML.

Interestingly, the two patients (AMLO1 and AMLO3) in the
resistant group both had MLL rearrangement, but they belonged to
different cytogenetic risk stratifications (adverse and intermediate).
To figure out whether the cluster (CRIP1"S"LGALS1M8MS100AsMeM)
associated with poor responses to induction therapy had MLL
rearrangement-related gene signatures, we compared the tran-
scriptional expression of each cluster on the basis of MLL
rearrangement-related genes by GSEA enrichment analysis.?” The
results showed that MEP-1 and MLP in the resistant group were
associated with MLL rearrangement (Figure S6). However, pathway
enrichment analysis showed that MEP-1 in the resistant group did
not significantly enrich for AML, cell cycle, oxidative phosphorylation
or uncontrolled transcription, compared with the sensitive group.
MLP was excluded from resistant-related clusters during subclusters
analysis (Figure 3A). Furthermore, no prominent enrichment of MLL-
related genes was observed in the resistant-related cluster featured
with CRIP1M$PL GALS1M8"$100As"". Therefore, our results suggested
that the signatures (CRIP1"8"LGALS1"8"'S100As"8") may be relatively
independent genetic characteristics for poor prognosis, which is not
associated with MLL rearrangement.

In addition, two clusters in CD34" cells were found to be
correlated with good response to induction chemotherapy in AML.
The surface markers of the two clusters are CD34*CD52" and
CD34*CD74"DAP12*, respectively. Multiparameter flow cytometry
showed that newly diagnosed patients with AML with high pro-
portions of these two clusters were more likely to achieve CR after
the first induction chemotherapy. Interestingly, cells of these two
clusters display characteristics of HSC and were enriched in immune
response including Th17 cell differentiation and interferon-gamma-
mediated signal pathway.

In summary, we leveraged high-throughput single-cell tran-
scriptomics to parse heterogeneous CD34™ cells in newly diagnosed
patients with AML. Our results provide insight into the aberrant gene
programs of AML CD34" cells comparing with the normal, reveal a
striking difference between the “resistant group” and “sensitive group”
and identify the specific cell populations correlated with chemo-
resistance and chemosensitivity. It is the first discovery for clusters of
CD34" cells in newly diagnosed patients with AML that is related with
the response of different individuals to induction chemotherapy. Our
data and findings can predict the response of patients with AML to
induction treatment at diagnosis phase and guide therapeutic strate-

gies to target critical and specific cell components of chemoresistance.
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