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Chronic myelomonocytic leukemia (CMML) is a clinically heterogeneous myeloid malignancy with limited 
therapeutic options and suboptimal risk stratification.(1, 2) Although single-cell (sc) RNA sequencing has refined 
CMML classification through gene expression profiling, post-transcriptional regulatory layers remain poorly 
defined. Adenosine-to-inosine (A-to-I) RNA editing is a pervasive RNA modification catalyzed primarily by ADAR1 
and ADAR2,(3) but its role in CMML at sc resolution has remained unclear(4) because accurate detection from 
sc RNA sequencing (scRNA-seq) is technically challenging.(5-7)  Here, we show that RNA editing defines 
reproducible cellular states in CMML that are largely independent of gene expression-based clustering and that 
distinguish aggressive from clinically favorable disease states. 

To enable this analysis, we developed a sc-aware framework for high-confidence RNA editing analysis that 
integrates stringent pseudo-bulk site discovery with sensitive sc quantification, dual alignment, cell barcode 
correction, per-cell duplicate removal, and multiple artifact filters. Applying this strategy to a discovery cohort of 
24 CMML samples and an independent validation cohort of 13 de-identified samples, the analysis was conducted 
in accordance with the ethical rules and regulations of the United States.(8) We identified and validated recurrent 
editing-defined cellular states across cohorts. This framework provides a robust strategy for studying RNA editing 
at sc resolution in hematologic malignancies. 

Across 56,940 cells in the discovery cohort, we identified 3,326 recurrent high-confidence A-to-I editing sites, all 
of which were registered in REDIportal,(9) a curated RNA editing database, supporting the robustness of our 
site-discovery pipeline. Most editing sites were detected in only a small subset of cells (<1,000 cells), and most 
cells harbored only a small fraction of these sites (<50 sites). However, a subset of editing sites was detected in 
more than 10,000 cells, indicating that RNA editing activity is heterogeneous yet structured across the CMML 
cellular landscape. Annotation of these editing sites identified 961 host genes. Most editing events were located 
within intronic regions (~80%) and 3’ untranslated regions (3’UTRs; ~12%), consistent with previous studies in 
other cancers.(10-12) Genes harboring intronic sites were enriched for metabolic processes, stress responses, 
and intracellular signaling pathways, whereas genes containing 3’UTR editing sites were specifically enriched 
for innate immune response and cytokine production pathways. A small number of editing sites (n=15) were also 
located within miRNA genes or their host transcripts. Although most genes contained one or two editing sites, 
70 genes harbored at least 10. These highly edited genes were enriched for functions related to leukocyte-
mediated immunity and regulation of signaling, consistent with CMML biology. Notably, genes with 3’UTR editing 
sites showed significantly stronger enrichment for miRNA-related terms than genes with intronic editing sites 
(Fisher exact test, p-value < 2.2 x 10^-16). Together, these analyses define a structured sc RNA editing 
landscape in CMML characterized by heterogeneous cellular distribution, distinct genomic localization patterns, 
and functionally coherent enrichment signatures. 

We next asked whether RNA editing alone could define cellular organization. Unsupervised clustering based 
solely on editing profiles identified nine major editing-defined clusters (edClu0 to edClu8), with additional 
substructure within edClu1 (Figure 1a). To evaluate whether these RNA editing-defined clusters corresponded 
to biologically and clinically meaningful cellular states, we leveraged the previously established gene expression-
based classification from the same CMML samples reported by Ferrall-Fairbanks et al.(8) That study identified 
a clinically aggressive granulocyte-monocyte progenitor (GMP)-like cluster, geClu2, a subset of the GMP cell 
type associated with poor prognosis. By transferring both cell-type annotations and gene expression cluster 
labels from that study onto our RNA editing-defined cells, we observed that edClu1 was predominantly composed 
of GMP-like cells (Figure 1b). Notably, a subregion of edClu1 showed substantial overlap with the adverse 
geClu2 transcriptional cluster (Figure 1c) and further subclustering identified edClu1_sub0 as the subpopulation 
most strongly overlapping geClu2 (Figure 1d). Marker genes defining geClu2 were significantly enriched in 
edClu1_sub0, and editing events within those genes were also enriched in this state (Figure 1e-1f), indicating 
that RNA editing independently recapitulates a clinically aggressive GMP-associated cellular program. 

In contrast, edClu3 and edClu6 tracked with a more favorable disease context. Both clusters were enriched in 
megakaryocyte-erythroid progenitor-like (MEP) cells and shared editing programs linked to metabolism, RNA 
regulation, and protein modification. After hypomethylating agent treatment (HMA), edClu3 and edClu6, together 
with edClu2, edClu4, and edClu5, increased in normal-like samples defined previously(13) (Figure 2a-2b). In 
untreated samples, edClu3 and edClu6 were more abundant in CMML-0 than in CMML-1/2 and exhibited lower 
cellular proportions and lower mean editing levels in TET2-mutant disease (Figure 2c-2f). Together, these 



findings suggest that these editing programs are dynamically remodeled by therapy and may reflect restoration 
of less aggressive hematopoietic states. 

By contrast, edClu1_sub0 showed the opposite clinical pattern. In monocyte-biased samples, edClu1_sub0 
demonstrated increased cellular proportion and increased mean editing level in CMML-1/2 compared with 
CMML-0, and in TET2-mutant relative to non-TET2-mutant disease (Figure 3a-3d). These findings further 
support edClu1_sub0 as an aggressive editing-defined state aligned with advanced CMML biology. 

The prognostic analyses reinforced this dichotomy. In Cox proportional hazards models adjusted for age and 
sex and restricted to untreated patients, edClu3 showed the most consistent favorable association across models 
using either cluster proportion or mean editing level (p-value < 0.05). EdClu6 demonstrated a secondary but 
directionally concordant protective association, reaching significance only in models based on mean editing level. 
Additional exploratory multivariable analyses incorporating WHO subtype showed similar trends. 

These findings suggest that RNA editing-defined cellular states provide complementary biological information 
beyond conventional clinical and molecular features used for CMML risk stratification. Although the current 
cohort size limits formal integration with existing prognostic models, the associations of edClu1_sub0, edClu3, 
and edClu6 with disease stage, treatment response, and survival indicate that RNA editing may capture 
additional disease heterogeneity relevant to clinical outcome. 

Collectively, these analyses identify edClu3 as the strongest favorable editing-defined state and edClu6 as a 
secondary protective state, both associated with less advanced disease, TET2 wild-type, improved clinical 
outcomes, and dynamic modulation in response to epigenetic therapy. In contrast, edClu1_sub0 is associated 
with more advanced CMML and adverse clinical outcomes. 

To identify editing events linked to malignant hematopoiesis, we classified cells as cancer-like or healthy-like 
using inferCNV, with healthy reference cells from three healthy individuals, yielding 7,873 cancer-like cells and 
6,325 healthy-like cells. Differential editing analysis using binomial regression identified 167 sites enriched in 
cancer-like cells and 109 enriched in healthy-like cells; in addition, 428 sites were unique to cancer-like cells and 
70 to healthy-like cells. Genes harboring cancer-enriched editing sites were associated predominantly with 
immune-related and defense-response processes, whereas healthy-like-enriched sites were linked to RNA 
metabolic and intracellular signaling pathways. We then integrated three approaches to find high-confidence 
oncogenic editing events: enrichment in edClu1_sub0, enrichment in cancer-like cells, and positive association 
with monocyte burden (Online Supplementary Figure 1a). This yielded 92 high-confidence GMP-specific 
oncogenic editing sites mapping to 44 genes. These genes were enriched for immune-related pathways (Online 
Supplementary Figure 1b). Notably, LAPTM5, CTSS, and CD83 harbored multiple prioritized editing sites and 
showed coordinated increases in both RNA editing and gene expression within edClu1_sub0 (Online 
Supplementary Figure 1c-1n), nominating them as candidate effectors of the aggressive CMML editing program. 

Because ADAR1 and ADAR2 are the principal mammalian enzymes mediating A-to-I RNA editing, we next 
examined their relationship to global editing activity. In pseudo-bulk analyses, ADAR1 and ADAR2 expression 
were inversely correlated (Online Supplementary Figure 2a). Given that a major ADAR1 isoform is interferon 
inducible,(3) we curated a panel of 127 interferon-related and interferon-stimulated genes and incorporated the 
first two principal components (PCs) derived from this gene set into the correlation analysis. ADAR1 expression 
was positively correlated with the first PC, whereas ADAR2 expression was correlated with the second PC 
(Online Supplementary Figure 2a), suggesting distinct regulatory contexts. Although sample-level mean editing 
ratios tended to correlate positively with ADAR1 and negatively with ADAR2, these associations were not 
statistically significant (Online Supplementary Figure 2b-2c), indicating that global RNA editing activity is not fully 
explained by bulk ADAR expression alone. 

At the sc level, edClu1_sub0 showed high ADAR1 and relatively low ADAR2 expression (Online Supplementary 
Figure 2d-2e), and this pattern was independently reproduced in the validation cohort. Correlation analyses 
between ADAR expression and cluster-level editing activity further showed that ADAR1 was strongly positively 
associated with editing activity in edClu1_sub0, edClu3, and edClu6 (p-value < 0.0001), whereas ADAR2 
showed weak associations in edClu3 and edClu6 (p-value > 0.88) and a negative association in edClu1_sub0 
(p-value ≈ 0.012) (Online Supplementary Figure 2f-2g). Together, these findings support a model in which 



differential ADAR usage contributes to distinct CMML editing programs, with an ADAR1-dominant, ADAR2-low 
configuration characterizing the aggressive edClu1_sub0 state. 

Finally, we assessed reproducibility in an independent validation cohort of 13 CMML samples. Across 25,110 
cells, we identified 1,308 editing sites and eight validation editing-defined clusters. Despite the lower number of 
mono-biased patients in the validation cohort, the adverse transcriptional cluster geClu2 again mapped 
predominantly to a GMP-enriched editing cluster. Reference mapping and marker-site validation demonstrated 
clear correspondence between validation and discovery states, including valClu5 with edClu1_sub0, valClu4 
with edClu3, and valClu7 with edClu5/6. The key clinical patterns were also preserved: favorable editing states 
increased after HMA treatment and were more abundant in less advanced disease, while aggressive-state 
targets such as LAPTM5, CTSS, and CD83 showed similar coordinated editing-expression patterns (Online 
Supplementary Figure 3a-3j). In addition, analysis of two healthy hematopoietic cohorts and two CMML 
cohorts(14, 15) with low proportions of monocytes and GMPs demonstrated persistent detection of edClu3, 
whereas edClu1_sub0 was absent or detected at very low abundance, further supporting the reproducibility of 
these editing-defined cellular states. 

Limitations of this study include the modest sample size in some clinical and molecular subgroups, which limited 
mutation-stratified analyses of recurrent CMML genetic alterations, as well as the need for orthogonal validation 
and functional studies of key editing events. Nonetheless, our findings show that RNA editing defines 
reproducible and clinically relevant cellular states in CMML that are largely independent of gene expression-
based clustering. A GMP-like ADAR1-high/ADAR2-low editing state aligns with aggressive disease biology, 
whereas edClu3 and edClu6 mark more favorable states associated with treatment response and improved 
survival. 
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Figure legend 

Figure 1. RNA editing-defined clusters. (a) RNA editing-defined clusters identified from single-cell RNA editing 

profiles. (b) Editing cells were annotated using previously reported gene expression–based cell-type identities. 

(c) Cells assigned to the previously reported aggressive gene expression cluster, geClu2. (d) RNA editing-

defined clusters identified after subclustering of edClu1. (e) Scaled and normalized average expression and the 

percentage of cells expressing previously reported geClu2 marker genes across RNA editing-defined clusters. 

(f) Average RNA editing ratios for editing sites located within geClu2 marker genes across RNA editing-defined 

clusters. 

Figure 2. Alterations in RNA editing-defined clusters, edClu3 and edClu6, across clinical features. (a,c,e) 

Association between clinical features and the proportion of cells across editing-defined clusters. For each sample, 

the proportion of cells assigned to each editing cluster was calculated as the number of cells in the cluster divided 

by the total number of cells in the sample. (b,d,f) Association between mean editing level (MEL) and clinical 

features. MEL was calculated for each editing site by averaging the editing ratios of all cells within each editing 

cluster and sample. These values were then averaged across all marker editing sites for each cluster. * denotes 

clusters exhibiting apparent changes. To enhance the visualization of smaller subpopulations, the largest cluster 

(edClu0) was excluded from this plot to prevent compression of the remaining clusters. Odds ratios (ORs) and 

95% confidence intervals (CIs) are shown for edClu3 in panels a and c. For the mutation analysis in panel e, the 

effect size could not be estimated because no edClu3-positive samples were observed in the mutation group. 

Figure 3. Alterations in RNA editing–defined cluster, edClu1_sub0, across clinical features. (a,c) 

Association between clinical features and the proportion of cells across editing-defined clusters. ORs and 95% 

CIs are shown for edClu1_sub0 in panels a and c. (b,d) Association between mean editing level (MEL) and 

clinical features. * denotes clusters exhibiting apparent changes. To enhance the visualization of smaller 

subpopulations, the largest cluster (edClu0) was excluded from this plot to prevent compression of the remaining 

clusters. (e) Summary table of the key RNA editing–defined clusters, including their cellular identities, RNA 

editing features, and associated clinical outcomes. 
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Online Supplementary Figure 1. Identification of high confident oncogenic editing sites. (a) Three approaches were 
used to identify high-confidence, GMP-specific oncogenic editing sites: (1) positive association with monocyte absolute 
count or percentage; (2) enrichment in edClu1_sub0, the most clinically aggressive GMP-associated editing state; (3) 
cancer-specific editing sites or sites with significant upregulation in cancer-like cells. (b) Enriched functions for the genes 
with high-confidence, GMP-specific oncogenic editing sites. (c,j,k) Gene expression profile of the genes of interest. (d,h,l) 
Mean editing levels of the genes of interest. (e,i,m) Differential expression of the genes of interest between healthy-like and 
cancer-like cells. (f,j,n) Differential mean editing levels of the genes of interest between healthy-like and cancer-like cells. 

Fig. 5 Identification of high confident oncogenic editing sites. 

a,b Distribution of healthy and healthy-like cells across gene expression cells. c, d  Distribution of HSC 
and healthy-like cells across RNA editing cells. e Mapping of high-confidence, GMP-specific oncogenic
editing sites. f Enriched functions for the genes with high-confidence, GMP-specific oncogenic editing 
sites. g,k,o Gene expression profile of the genes of interest. h,l,p Mean editing levels of the genes of 
interest. I,m,q Differential expression of the genes of interest between healthy-like and cancer-like cells. 
j,n,r Differential mean editing levels of the genes of interest between healthy-like and cancer-like cells.
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Online Supplementary Figure 2. ADAR1 and ADAR2 expression patterns and their association with RNA editing 
across RNA editing-defined clusters. (a) Correlation of ADAR1 and ADAR2 expression at bulk level. IFN_ISG_PC1 and 
IFN_ISG_PC2 represent the top two PCs derived from 127 interferon-related and interferon-stimulated genes (ISGs). (b-c) 
Correlation of ADAR1 and ADAR2 expression with mean bulk editing ratio. (d, e) Distribution of ADAR1 and ADAR2 
expression at single-cell level. (f, g) Spearman correlation between ADAR1 (left) or ADAR2 (right) expression and MEL 
across editing-defined clusters. MEL is calculated across all editing sites. 



Online Supplementary Figure 3. Validation of changes in RNA editing-defined clusters across clinical features and 
oncogenic editing sites. (a,c) Association between clinical features and the proportion of cells across editing-defined 
clusters. For each sample, the proportion of cells assigned to each editing cluster was calculated as the number of cells in 
the cluster divided by the total number of cells in the sample. (b,d) Association between MEL and clinical features. MEL was 
computed for each editing site by averaging the editing ratios of all cells within each editing cluster and sample. These 
values were then averaged across all marker editing sites for each cluster. (e,g,i) Gene expression profile of the gene of 
interest. (f,h,j) Mean editing levels of the gene of interest. * denotes clusters exhibiting apparent changes. 




