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Abstract

RNA editing modifies single nucleotides of RNAs, regulating primary protein structure and
protein abundance. In recent years, the diversity of proteins and complexity of gene regulation
associated with RNA editing dysregulation has been increasingly appreciated in oncology. Large-
scale shifts in editing have been observed in bulk tumors across various cancer types. However,
RNA editing in single cells and individual cell types within tumors has not been explored. By
profiling editing in single cells from lung adenocarcinoma biopsies, we found that the increased
editing trend of bulk lung tumors was unique to cancer cells. Elevated editing levels were observed
in cancer cells resistant to targeted therapy, and editing sites associated with drug response were
enriched. Consistent with the regulation of antiviral pathways by RNA editing, higher editing
levels in cancer cells were associated with reduced anti-tumor innate immune response, especially
levels of natural killer cell infiltration. In addition, the level of RNA editing in cancer cells

was positively associated with somatic point mutation burden. This observation motivated the
definition of a new metric, RNA editing load, reflecting the amount of RNA mutations created by
RNA editing. Importantly, in lung cancer, RNA editing load was a stronger predictor of patient
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survival than DNA mutations. This study provides the first single cell dissection of editing in
cancer and highlights the significance of RNA editing load in cancer prognosis.

Keywords
RNA editing load; RNA mutations; SCRNA-seq

Introduction

Amongst the various types of RNA editing in the human transcriptome, the most prevalent is
A-to-I editing, /.e., deamination of adenosine (A) to inosine (1) (1). Proteins of the adenosine
deaminases acting on RNA (ADAR) family, specifically ADAR1 and ADAR?2, catalyze this

conversion. Facilitated by advances in genomic technologies, recent studies have highlighted
the multi-faceted roles of ADAR activity in cancer (2).

Specific editing sites have been discovered to transform cancer cell behavior, as well as
impact the anti-tumor immune response. Edited at higher levels in multiple cancer types,

a recoding site in AZIN1 increases cell growth and invasion by heightening the protein’s
affinity to antizyme and consequently preventing antizyme-dependent degradation of two
oncoproteins (2). In other examples, translation of mMRNAs containing recoding events may
generate tumor-associated edited peptides, which may prompt anti-tumor T cell responses
specific to these editing-derived antigens (3,4). Besides protein sequence alteration, editing
can affect transcript stability of genes that drive cancer initiation, progression and response
to therapy (2,5). For example, a FAK-stabilizing intronic site enables a migratory and
invasive phenotype in lung adenocarcinoma (LUAD) cells (6). RNA editing may regulate
mRNA degradation by altering miRNA biogenesis, targeting, or binding (2,7).

Demonstrating both oncogenic and tumor-suppressive capacities, RNA editing has shown
potential for clinical applications. In mouse models, combining ADAR deficiency with
immune checkpoint blockade (ICB) or DNA methyltransferase inhibitor (DNMTi) therapy
improved treatment efficacy through induced interferon (IFN) signaling (8,9). For particular
cancer cells with pre-existing expression of interferon stimulated genes (1SGs), ADAR

loss alone caused cell lethality (10). On the level of site-specific editing, recoding events
individually affected drug sensitivity of two cell lines (11).

Given the significant implications of RNA editing for cancer etiology, it is critical to

achieve a deep understanding of tumor-specific RNA editing aberrations and their associated
mechanisms. Global profiling of the RNA editomes in tumors is the first step towards this
goal: altered editing profiles have been reported in tumors of many cancer types (11,12).
The functional implications of most of these editing changes, especially those in noncoding
regions, are unknown. One crucial role of editing in normal cells is to modify endogenous
double-stranded RNAs (dsSRNAS), likely altering their secondary structures to prevent self-
activation of innate immune response pathways (13). Considering this editing-mediated
regulation of immunity, one proposed consequence of increased editing levels in cancer cells
is repressed interferon production, leading to sustained cell growth (14). However, in certain
cancer types, global editing levels were lower in tumors than in matched normal samples
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(11), at least based on analysis of bulk tumors. As tumors are highly heterogeneous with
respect to cancer cell genomics and tumor microenvironment (15,16), whether and how
much editing aberration occurs in different subclones within tumors are important questions
to address.

To address some of these issues, we characterized RNA editing in single cells of tumor
and non-malignant biopsies collected at different treatment stages of lung adenocarcinoma
patients. Our analysis revealed that cancer cells are the main cell type that carries the
elevated editing signature in bulk tumors. We identified a significant correlation between
tumor mutation burden (TMB) and RNA editing levels, supporting the notion that RNA
editing creates RNA mutations, a previously under-appreciated source of cancer mutations.
The burden of RNA-level mutations, quantitated as the RNA editing load, negatively
correlates with innate immune signatures in cancer cells and better predicts patient survival
than TMB and innate immune profiles. These analyses present a global view of the RNA
editing landscape in distinct cell types of lung cancer and the potential association of RNA
editing with tumor immunity and patient survival.

Materials and Methods

Single cell RNA-seq data processing and cell type assignment

We downloaded scRNA-seq fastq files from NCBI BioProject (RRID:SCR_004801)
PRINAS591860 (17). After checking data quality with FastQC (RRID:SCR_014583)
version 0.11.5 (median base sequence quality = 25, lower quartile for base sequence
quality = 10, and no adapter sequences present in over 5% of reads) and aligning

reads to the human genome with STAR (RRID:SCR_004463) version 2.7.0e, we ran
HTSeq (RRID:SCR_005514) version 0.12.4 count to obtain gene-level abundance with
--mode=intersection-nonempty. Using the R package Seurat (18) (RRID:SCR_016341)
version 4.0.0, we combined these count data into a Seurat object and retained cells based
on the following quality control metrics: sequencing depth (> 50,000 reads), features (>
500 genes), and mitochondrial read content (< 50%). For these remaining cells, abundance
profiles were normalized by sctransform (19) (version 0.3.2) before linear dimensional
reduction with principal components analysis (PCA). We used the top 20 PCs, chosen
based on an elbow plot, to cluster cells (with cluster resolution = 0.09) and run non-linear
dimensional reduction by UMAP. Based on abundance of broad compartment marker genes
for epithelial (EPCAM), endothelial (CLDN5), immune (PTPRC), and stromal (COL1A2)
cells (20), we labeled clusters initially as immune and non-immune cells.

Next, we subclustered non-immune cells after running sctransform and PCA on only non-
immune cells (20 PCs, cluster resolution = 0.12). Each cluster was assigned a cell type based
on its abundance of known cell type marker genes (17). Alveolar cells were grouped with
epithelial cells for downstream analyses. To distinguish cancer cells from non-malignant
epithelial cells, we applied inferCNV (21) to estimate chromosome- or arm-size CNVs

in epithelial cells with fibroblasts and endothelial cells as reference and spike-in controls.
Specifically, amplification and deletion regions were approximated through comparing RNA
abundance profiles of input cells to those of labeled reference cells (1000 fibroblasts and
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500 endothelial cells). Input cells included all epithelial cells, as well as the spike-ins: 1000
fibroblasts and 500 endothelial cells.

Immune cells were subclustered with the same procedure, using 24 PCs and cluster
resolution = 0.07. Including only lung biopsies, we also further subclustered T cells (20
PCs, resolution = 0.18) and macrophages (11 PCs and resolution = 0.2) separately in the
same manner.

Bulk RNA-seq data processing

We downloaded RNA-seq fastq files for tumor and non-malignant samples of the TCGA
Lung Adenocarcinoma (LUAD) project from the Genomic Data Commons (GDC) Legacy
Archive (22). Reads were first mapped with HISAT2 (version 2.0.5) using the following
parameters: g, phred33, no-softclip, add-chrname, no-unal, reorder, no-discordant, no-
mixed, un-conc-gz. To account for hyperedited regions that could cause many mismatches
to the reference genome in reads, we ran a hyperediting pipeline (23) on initially unmapped
reads. Reads rescued from this pipeline were combined with uniquely mapped reads from
the first round of alignment.

Identification of RNA editing sites

Using our previously published methods (5,23), we detected editing events within each
single cell at sites recorded in the REDIportal v2 (24) database. If an editing site overlapped
a variant listed in dbSNP (version 147) or COSMIC (version 81) and was not previously
reported as a cancer-associated editing site (11,14,25-31), we excluded the site from
downstream analyses.

Similarly, we quantified editing levels at REDIportal sites in bulk tumor and matched
non-malignant tissue samples from TCGA LUAD. In addition to removing sites within
dbSNP and COSMIC databases, we filtered out editing events overlapping sample-specific
somatic mutations and copy number alteration data available at the TCGA.

Differential editing by cell type

To compare editing levels between tumor and non-malignant samples in a single cell

type, we first pooled counts of edited and unedited reads of single cells of that cell type
within each sample. We used only tumor samples from the three patients with matched
non-malignant samples. Treating pooled cells of each sample as a replicate (5 tumors and 3
non-malignant controls) for each cell type, we ran REDIT-LLR (32) to test for the editing
difference between tumors and controls. A site was considered testable if it was covered

by at least 5 reads in at least one pooled sample in each condition. Significance of editing
differences was determined by REDIT FDR-adjusted p-value < 0.05 and difference in mean
editing levels = 0.05.

Differential editing in bulk tumors

We used REDIT-regression (32) to identify sites that were differentially edited between bulk
tumors and non-malignant samples from TCGA LUAD. For each testable editing site, the
following covariates were considered in the regression model: gender, race, age, and sample
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type (tumor or non-malignant). An editing site was defined as differential if the sample type
FDR-adjusted p-value < 0.05 and the difference in mean editing levels = 0.05.

Calculation of RNA editing load

For each tumor in the sScCRNA-seq data, cancer cells were pooled, and mean editing level

was calculated over all sites in the pooled cells. RNA editing load was defined as this mean
editing level in cancer cells per tumor. Mean editing level was calculated in the same way for
other cell types.

To define the RNA editing load for each bulk tumor, we focused on the differentially

edited sites identified using REDIT-regression as described above. Among the differential
sites, we obtained the subset that had significantly higher editing levels in tumors than in
non-malignant samples and named them tumor-increased sites. We then calculated the mean
editing level of these tumor-increased sites for each tumor and defined this value as the RNA
editing load of each tumor.

Quantification of tumor mutation burden

We downloaded the list of prioritized somatic point mutations provided for individual cancer
cells from the original study that generated the scRNA-seq data (17). For each tumor
sample, tumor mutation burden was estimated as the number of unique nonsynonymous
mutations from this list across cancer cells in that sample. This mutation list was also used to
filter editing events in cancer cells before correlating TMB and editing levels.

For each bulk TCGA LUAD tumor, we calculated tumor mutation burden as the number of
unique somatic nonsynonymous, stop-gain or stop-loss point mutations.

Immune cell infiltration estimates

We downloaded quanTIseq estimates of immune cell proportions in TCGA tumors from
TIMER2.0 (http://timer.cistrome.org) (33). The quanTlseq method was chosen due to the
interpretability of its output as cell fractions and the inclusion of more immune subtypes.

Survival prediction by RNA editing and other molecular markers

To fit a Cox proportional hazards regression model with RNA editing load, TMB, age, and
gender, we used the coxph function of the R package survival. From this same package, we
used the cox.zph function to test the proportional hazards assumption.

Using the Python (RRID:SCR_001658) module scikit-survival, we fit a Cox proportional
hazards model to each of the following metrics individually for overall survival in TCGA
LUAD patients: RNA editing load (as a percent value), TMB, and mean RNA abundance
of each of six ISG sets (IFNalpha, IFNgamma, 1SGdsrna, ISGliu, ISGchronic, ISG RS).
We also fit six additional Cox models to combinations of features, specifically a model
for each 1SG signature plus RNA editing load and TMB. Performance of these survival
prediction models was assessed with c-index (Harrell’s concordance index) from five-fold
cross-validation.
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Data availability

Results

The scRNA-seq data were downloaded from the NCBI BioProject (RRID:SCR_004801)
PRJINA591860 (17). The RNA-seq fastq files for tumor and non-malignant samples of the
TCGA LUAD project were obtained from the Genomic Data Commons (GDC) Legacy
Archive (22).

Characterization of RNA editing in single cells

To examine RNA editing profiles of different cell types in lung cancer, we analyzed
single-cell (sc) RNA-seq data (produced via Smart-seq2) from tumors (n = 46) and tumor
adjacent tissues (TATs, n = 3) of 30 non-small cell lung cancer (NSCLC) patients (17).
After filtering by quality control metrics, we clustered cells in multiple rounds based on
normalized RNA abundance profiles and assigned cell type labels using marker genes
(Fig. S1, Methods). Briefly, we labeled clusters initially as immune or non-immune, then
subclustered these broad types separately. We annotated immune subtypes as B cells, T
cells, mast cells, macrophages, neutrophils, and plasmacytoid dendritic cells (pDCs). From
non-immune clusters, we obtained epithelial cells, endothelial cells, fibroblasts, hepatocytes,
and melanocytes. Cancer cells were distinguished from non-malignant epithelial cells

by comparing somatic copy-number aberration (CNA) estimates to those of reference
fibroblasts and endothelial cells (21) (Fig. S2A-B). After removing PCR duplicates, single
cells had 0.466 million uniquely mapped reads on average (Fig. S2C).

We identified editing sites in each cell using previously published methods (23) and
requiring their presence in the REDIportal v2 database (24). On average, an individual
editing site was found to be edited (with =1 edited read and =5 reads in total coverage) in
14 cells and covered (with =5 total reads) in 314 cells (Fig. 1A, Fig. S3A). In an individual
cell, a mean of 672 sites were edited and 15,037 were covered (Fig. 1B, Fig. S3B). Of the
1,096,361 sites edited in one or more cells, 50,576 sites were edited in at least 50 cells.
These were located primarily in introns and 3’UTRs, within Alu regions (Fig. 1C-D). To
estimate the general editing level of a single cell, we calculated the mean of editing levels
of all sites in the cell. Consistent with ADAR1 expression levels, overall editing levels were
highest in cancer cells (Fig. S3C-E).

Next, we examined the editing levels of two recoding sites (in AZIN1 and CCNI
respectively) known to have higher editing levels in adenocarcinomas of the lung than

in non-malignant lung tissue (34). Both sites have been shown to have cancer-specific
functions (2,3). Consistent with these reported findings, we observed the highest recoding
rates in cancer cells at both sites (Fig. 1E). These results support the validity of the single
cell RNA editing profiles derived here.

Elevated editing observed in cancer cells, but not other cell types

Previous studies detected numerous editing changes in bulk RNA-sequencing of lung
adenocarcinomas compared to matched tumor-adjacent normal tissue (11,12), a finding we
reproduced by analyzing tumour and non-malignant tissue samples in the TCGA project
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(Fig. S4, Methods). There exists a global trend of higher editing levels in LUAD tumors
relative to matched non-tumor lung tissue. Considering the heterogeneity of the tumor
microenvironment observed across patients (35,36), we asked whether tumor-associated
editing aberrations were cell-type-specific. To address this question, we first obtained the
editing frequencies of tumor-increased sites in the bulk LUAD data (/.¢e., differential sites in
Fig. S4 that had higher editing levels in the tumors), and examined their editing levels across
cell types in the sScRNA-seq data. These sites were most frequently edited in cancer cells
compared to other cell types (Fig. 2A). Consistent with ADAR1 overexpression in cancer
cells (Fig. S3D), editing levels were most strongly correlated with ADAR1 expression

in cancer cells, compared to other cell types (Fig. S3E). These observations suggest that
heightened editing in bulk tumors likely reflect altered editing in cancer cells more often
than in other cell types present in tumors.

To further investigate the specificity of tumor-associated editing in individual cell types,

we applied REDIT LLR (32) to test for editing differences for each cell type found in
tumors vs. non-malignant controls in the sSCRNA-seq data. Using the eight samples from

the three patients with TATs, we pooled cells of the same cell type within a sample. For
non-epithelial cell types, we compared editing levels of pooled cells in tumor samples to
those in non-malignant tissues. Considering cancer cells as the tumor condition of epithelial
cells in LUAD, we compared editing levels of pooled cancer cells to pooled non-malignant
epithelial cells. Strikingly, cancer cells alone displayed a dominant trend of increased
editing compared to non-malignant epithelial cells (Fig. 2B). In contrast, editing levels were
generally reduced in the other cell types found in tumors compared to the same respective
cell types found in non-malignant tissues (Fig. 2C). It should be noted that the general
trends in overall editing and differential editing remain the same given variable coverage
requirements (minimum number of edited reads or total reads, Fig. S5).

Six recoding sites were more highly edited in cancer cells compared to non-malignant
epithelial cells (Table S1). Notably, one of these sites is in TAGLN, which was shown to
enhance cancer cell invasiveness in NSCLC and colorectal cancer (37,38). Furthermore,
higher recoding levels in INADL and ARL13B have the potential to impact cancer cell
migration as well, since these genes have reported roles in tight junction and cilia formation
(39,40).

We next sought to determine whether the types of genes harboring tumor-associated editing
differ by cell type. To this end, we performed a gene ontology (GO) enrichment analysis on
differentially edited genes in each cell type. Enrichment was assessed against background
genes with gene length and RNA abundances comparable to differentially edited genes,

as described previously (5,23). While several categories, such as cell proliferation and
apoptotic process, were identified across multiple cell types, certain pathways appeared to
be enriched in only specific cell types (Fig. 2D-E). For instance, enrichment of regulation
of transforming growth factor beta receptor signaling pathway and cytoskeleton organization
were exclusive to cancer cells. Moreover, the inflammatory pathways of tumor necrosis
factor-mediated signaling pathway and interleukin-1-mediated signaling pathway were
significantly enriched in differential editing of T cells only. Considering these findings
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together, tumor-associated editing changes appear distinct across cell types and occur in
cancer-relevant pathways.

Differential editing in cancer cells across treatment time points

The above analysis examined all tumor samples regardless of their stage, treatment status

or driver mutations. The results supported existence of an overall trend of changes of RNA
editing in different cell types of LUAD. In this particular dataset, clinically actionable

driver mutations had been reported, and samples were acquired from patients at one of

three treatment time points or statuses: 1) before systemic targeted therapy, 7.e., treatment
naive (TN), 2) residual disease (RD, where the tumor was regressing or stable by clinical
imaging), and 3) progressive disease (PD, where the tumor showed acquired drug resistance)
(Table S2). Since targeted therapies were developed based on cancer cell mutations, we
focused on cancer cells in the analyses below.

Interestingly, we observed significant differences in overall editing levels in cancer cells
across treatment time points (Fig. 3A), where the PD samples had the highest editing levels,
followed by the TN samples. In contrast, the RD group showed the lowest overall editing
level. Since RD samples represent regressing tumors, this observation supports that cancer
cells in regressing tumors had lower editing, indicating their resemblance of normal cells

in terms of editing profiles. In addition, the higher editing in PD samples suggests that
increased editing is likely a signature of progressive tumors with drug resistance.

For three driver mutations (ALK fusion, EGFR del19 and EGFR L858R), samples from

all three treatment points were collected (Table S2). We thus compared the overall editing
levels across the three points for each driver mutation. Consistent with the above results, the
PD group had the highest editing among samples with EGFR mutations, whereas the RD
group showed lowest editing among samples with ALK fusion (Fig. 3B). Note that ADAR
expression across treatment points was not well correlated with editing levels, suggesting the
possible presence of other regulatory mechanisms (Fig. S6A-B).

As overall editing levels differed across treatment time points, we next assessed differences
in editing levels at individual sites between pairs of treatment points. A total of 6,241,
3,436 and 2,328 sites were identified as differential for PD vs. TN, PD vs. RD, and RD

vs. TN, respectively (Fig. 3C). Consistent with the above findings, more differential editing
sites were observed to be higher edited in the PD group than the other two groups. Genes
differentially edited in the PD status included those related to immune regulation, drug
resistance and EMT processes (Fig. S6C), indicating the potential relevance of RNA editing
to tumor progression reflected in PD.

Since PD samples possess drug resistance to targeted therapy, we next examined the overlap
between differentially edited sites and editing sites correlated with drug response from the
GPEdit database (41). For this analysis, we focused on editing differences between PD and
RD because both groups underwent targeted therapy but demonstrated different responses.
We observed that drug-associated editing events (in particular, drug sensitivity-associated)
are more frequently differentially edited between PD and RD statuses compared to editing
sites unassociated with drug response (Fig. 3D; Pearson’s Chi-squared p-value = 0.0005).
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Potentially contributing to multiple hallmarks of cancer, genes with such editing sites have
roles in cell polarity (PATJ), cell cycle (MDMZ2), tumor suppression (METTL7A), and innate
immunity (MAVS). These drug response associations support the potential relevance of
RNA editing to targeted therapy resistance.

Cancer editing associated with immune suppression

As a contributor to innate immune suppression, ADAR marks endogenous dsRNAs by
RNA editing so that these dSRNAs do not unnecessarily activate cytosolic sensors, such

as MDAS and PKR, and their signaling pathways, which would lead to IFN production,
translational repression, or growth arrest (42). Consistent with this role of ADAR in normal
tissues, certain cancer cells were found to be vulnerable to ADAR loss through stimulation
of ISGs and growth inhibition in both 7 vitro and in vivo models (8,10). Cancer cells may
upregulate RNA editing to exploit this mechanism of innate immune suppression.

To explore this model in human tumors, we examined the correlation between RNA editing
and ISG expression in cancer cells. For multiple sets of 1SGs, we quantified their overall
RNA abundance as the mean RNA abundance of genes in the set. The following sets of
ISGs were included, the Hallmark IFN-alpha and IFN-gamma response gene sets, 60 genes
suppressed by 1U-dsRNA during poly(IC) transfection (43) (ISGdsRNA), 38 cancer-specific
genes associated with resistance to ICB (44) (ISG RS), 38 genes associated with ADAR
dependence (10) (ISGliu), and 30 genes with prolonged IFN-induced expression (45,46)
(1ISGchronic). We observed that overall editing levels were negatively associated with ISG
RNA abundance across single cancer cells for several 1SG sets (Fig. 4A), consistent with
the model of editing-mediated suppression of IFNs in cancer cells. Furthermore, grouping
cancer cells by treatment timepoint, we observed most evident negative associations in the
PD state (Fig. 4B).

As I1SGs regulate activation and recruitment of different immune cells (47), we asked
whether editing levels in cancer cells are also linked to the infiltration of immune cell
types in tumors. For this analysis, we subclustered T cells and macrophages of lung tumors
separately (Fig. STA-B) and calculated the proportions of cell types within each tumor,
using our annotations of single cells. To measure a cancer-specific editing index in each
tumor, we calculated the mean of editing levels across pooled cancer cells in the tumor.
While a negative association between cancer editing and cell proportion was statistically
significant only for natural killer (NK) cells, most of the other immune subpopulations also
exhibited the same trend (Fig. 4C). In addition, cancer cell editing remained negatively
correlated with NK cell proportion while controlling for cancer cell 1ISG signaling (Fig.
S8A). Thus, reduced immune infiltration is associated with higher editing levels in cancer
cells, which may be only partly explained by the above observed suppressed interferon
signaling in higher edited cancer cells (Fig. 4A-B).

In bulk lung adenocarcinomas from TCGA, we also observed a significant negative
correlation between mean editing levels over tumor-increased sites and NK infiltration, as
estimated by quanTlIseq (Fig. 4D). In contrast, tumor-increased editing levels were positively
associated with proportions of CD8+ T cells and M1 macrophages. In agreement with this
observation, overall editing levels were highest in tumors of the C2 immune subtype (Fig.
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S8B), characterized by the highest M1 and CD8+ T cell signatures among all immune
subtypes identified across TCGA cancer types (48).

Correlation between RNA editing load and tumor mutation burden

The above results support the relationship between RNA editing and cancer immunity.
Another factor linked to cancer immunity is tumor mutation burden (TMB) (49-51).

Thus, we next examined the relationship between RNA editing and TMB, which is of
particular interest because RNA editing effectively creates RNA mutations, analogous to
DNA mutations expressed in the RNA. Thus, we quantified overall editing level as the RNA
editing load, defined simply as the mean editing level of cancer cells in sScRNA-seq of a
tumor (Methods). In the bulk RNA-seq data, RNA editing load is calculated as the mean
tumor-increased editing level per tumor.

Using these definitions, we analyzed the correlation between RNA editing load and TMB

in cancer cells identified in the SCRNA-seq data. A strong positive correlation was observed
between these two metrics (Fig. 5A). Note that no correlation was observed between the
analogous RNA editing load calculated in non-cancerous cells and TMB. Assessing this
apparent relationship in bulk tumors, we correlated RNA editing load (using tumor-increased
editing sites in Fig. S4) and TMB in the LUAD data from TCGA. Consistent with the
observation in the ScRNA-seq data, higher RNA editing load corresponded to higher
mutation burden (Fig. 5B).

To further examine the relationship between editing and DNA mutations, we tested the
correlations between editing of individual genes and overall TMB in bulk tumors. Strikingly,
nearly all significant associations between gene-specific editing load and TMB were positive
(Fig. 5C). Additionally, significantly correlated genes were enriched for cancer-relevant GO
categories such as apoptotic process and cellular response to DNA damage stimulus (Fig.
5D). The latter may contribute to the load of DNA mutations in tumors.

High editing levels mark worse patient survival

We next considered the prognostic values of both RNA editing and TMB on the survival
of lung adenocarcinoma patients. To do so, we fit a Cox proportional hazards model with
TMB, RNA editing load, age, and sex. Of all the covariates included in the model, only
RNA editing load was significantly associated with overall survival (Fig. 5E), suggesting
that increased RNA editing is an important factor in LUAD prognosis.

Given the apparent correlations between RNA editing load, TMB and I1SG signatures
described above, we asked which molecular feature(s) were most relevant to overall survival.
To compare their individual and collective predictive power, we fit Cox proportional hazards
models to these features separately and to combinations of features in the TCGA data. To
quantify IFN response signatures, we used the mean abundance of each of the same six

ISG sets considered earlier. Across all individual features, RNA editing load was the most
predictive of patient survival (Fig. 5F). Furthermore, performance of feature combinations
was largely similar to that of editing alone, emphasizing the prominent role of editing load in
these survival models.
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We then tested whether RNA editing load offers additional prognostic value beyond cancer
stage, which highly impacts prognosis and treatment decision-making. By fitting a Cox
proportional hazards model with RNA editing load and stage, we found that RNA editing
load remains significantly associated with survival while controlling for stage (Fig. S9).

To further understand the implications of RNA editing in patient survival, we investigated
differential gene expression depending on editing load. After grouping bulk LUAD tumors
according to tertiles of RNA editing load, we compared RNA abundance between high and
low editing groups. Among genes with significantly increased expression in the high editing
group, many cell cycle categories were enriched (Fig. 5G). Altered cell cycle regulation
allows cancer cells to continue dividing, bypassing DNA damage and other checkpoints and
avoiding potential apoptosis (52). Concomitantly, DNA damage may accumulate, increasing
TMB. Also upregulated were genes involved in extracellular matrix disassembly, which

is characteristic of the mesenchymal cell phenotype, following epithelial-mesenchymal
transition (EMT). Along with this mesenchymal feature, significantly reduced genes in
highly edited tumors were overly represented with GO categories related to cell fate

and differentiation. This downregulation is consistent with the model that dedifferentiated
phenotypes of cancer cells, arising from EMT or other mechanisms, confer tumor
aggressiveness, therapeutic resistance, and worse patient outcomes (53). These expression
changes suggest greater plasticity of tumors in the high editing group and may help explain
the association observed between high RNA editing load and worse overall survival.

Another class of strongly overexpressed genes in the group with high editing load consists
of those involved in type | interferon signaling pathway and other immune processes,

such as chronic inflammatory response and negative regulation of T cell proliferation (Fig.
5G). These processes may signal the potential presence of an immunosuppressive tumor
microenvironment and T cell exhaustion, which would promote tumor progression and
resistance to treatment (47). Thus, these immune-related changes may also contribute to the
poorer prognosis of the high editing group.

Discussion

We conducted the first global study of RNA editing in single cells from cancer. Using
scRNA-seq data from lung adenocarcinomas, we observed that cancer cells exhibited an
elevated editing trend compared to control epithelial cells. This is in stark contrast to the
hypoediting trend observed in other cell types of tumor origin. Thus, our data support that
the previously reported heightened editing levels in bulk LUAD tumors primarily reflect
editing changes in cancer cells. These results motivated us to examine the relationship
between cancer-associated editing and other cancer-intrinsic features including interferon
response and tumor mutation burden, for which we confirmed statistically significant
correlations. Importantly, despite these correlations, RNA editing load in tumors constitutes
the best predictor for patient survival among the three types of features. Our analysis
highlights that RNA editing serves as a source of RNA mutations that may have close
implications in cancer processes (54).
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The observed negative correlation between editing levels and ISG expression profiles in
cancer cells are in line with the existing model where increased editing levels in cancer
cells cause repressed interferon production and sustained cell growth (14). As a mechanism
to avoid mistakenly inducing an innate immune response and halting cell growth, ADAR-
catalyzed inosines mark endogenous dsRNAs as self RNAs (13). The resulting ADAR
dependence in certain cancer cell lines, patient-derived xenografts, and mouse models
indicates that ADAR acts as an immune checkpoint in cancer with important clinical
implications (8-10). However, beyond previous negative associations between editing and
general tumor inflammation based on combined TCGA cancer types (8), this relationship
had not been demonstrated at the single cell level. Using SCRNA-seq data, our findings
provide additional support for the hypothesis that RNA editing suppresses the innate
immune response in cancer cells of NSCLC. Note that hypoediting in non-epithelial cells
of tumors is another interesting observation, the implications of which needs to be further
investigated.

Our analysis of RNA editing across samples collected at different treatment stages revealed
that PD tumors that developed resistance to targeted therapy had higher editing levels

than regressing or treatment-naive tumors. Genes harboring higher editing in PD are
enriched in pathways with close relevance to cancer progression, including immune- and
EMT-related pathways. It is possible that these higher editing levels constitute another
resistance mechanism of repressing the immune response. Consistent with this hypothesis,
we observed a significant overlap between RNA editing sites associated with drug sensitivity
and those differentially edited between PD and RD samples. Although a functional
relationship is yet to be established, the data indicate that altered editing may contribute

to drug resistance and disease progression.

Our results suggest that NK cells may have close relevance to RNA editing-mediated
immune response in tumors. NK cells are cytotoxic innate immune cells that can prevent
tumor progression. Their antitumor activity can be activated inherently without requiring
specific antigen presentation. Thus, NK cells are increasingly recognized as potential
candidates to facilitate cancer immunotherapy (55). We observed that the editing levels

of cancer cells negatively correlated with the number of NK cells in the tumor. This negative
correlation, together with the observation of heightened editing in cancer cells, points to the
possibility that elevated editing in cancer cells contributes to their evasion from NK cell
destruction. Future studies need to be carried out to substantiate such a causal relationship.
In addition, whether RNA editing may affect the cytotoxicity or IFN production of NK cells
needs to be investigated.

Determining cell type specificity of tumor editing changes and delineating the relationship
between cancer editing and NK infiltration were among findings enabled by single cell
sequencing technology. Through scRNA-seq analysis, editing events can be identified within
individual cells. This advantage of ScRNA-seq allowed us to characterize tumor RNA
editing patterns at a much finer resolution than afforded by bulk RNA-seq used in previous
studies. The method used to identify RNA editing sites in SCRNA-seq is largely similar to
those for bulk RNA-seq. Nonetheless, since the read coverage in each cell is relatively low,
fewer RNA editing events may be detected in single cells than in bulk RNA-seq. Thus,
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for certain applications, a pseudobulk approach may be adopted. For example, in detecting
differential editing between tumor and non-malignant samples, we took the pseudobulk
approach by pooling reads from all cells of each cell type to enhance the total read coverage
since this analysis does not require a single-cell resolution. In the future, single-cell-based
differential editing method may be developed if variations between individual cells are of
interest. Lastly, identification of editing sites in SCRNA-seq data depends on the specific
protocol used for data generation. Smart-seq2 or other full-length scRNA-seq methods may
be preferred over methods that capture only the 5” or 3" ends of the transcripts to identify
RNA editing sites in full-length mRNAs.

We observed a positive correlation between RNA editing load and TMB in cancer cells and
bulk tumors, linking together the two distinct sources of mutations observed in the RNA.
Importantly, we show that this relationship is specific to cancer cells of tumors and may
involve editing of specific genes in DNA damage response. The reason behind this apparent
correlation remains unclear. Since TMB is associated with cytolytic activity in certain cancer
types like LUAD (49), higher TMB may prompt IFN-y secretion by cytotoxic T cells
through increased neoantigen load. As a result, IFN-y may induce ADAR p150 expression
(56) in cancer cells. However, there was no consistent change of ADAR or p150 expression
in the scRNA-seq data or bulk tumors (Fig. S10). Alternatively, RNA editing changes may
directly or indirectly impact somatic mutation burden in cancer cells. It is also possible that
TMB and RNA editing load are independent of each other, but both related to an unknown
causal factor.

We also note that RNA editing load was defined differently in the single cell and bulk

tumor analyses to more accurately reflect RNA editing of cancer cells from each dataset.
Since editing levels can be measured specifically within cancer cells in the sScRNA-seq

data, we calculated RNA editing load as the mean editing level over all sites of cancer

cells. However, isolating cancer cell editing levels directly from bulk RNA-seq of tumors,
comprising multiple cell types, is not possible. Consequently, for the bulk RNA-seq data, we
based RNA editing load on tumor-increased sites that were identified as differentially edited
between tumors and matched non-malignant samples. In situations where no non-malignant
samples are available, all editing sites could be used to calculate RNA editing load of bulk
tumors (Fig. S11).

Our analyses showed that the RNA editing load was a stronger predictor of patient survival
than TMB and expression levels of interferon response signatures. Importantly, a differential
expression analysis between tumors with high and low RNA editing load uncovered many
genes with close relevance to cancer. One prominent category of genes with increased
expression in the group with a high RNA editing load consists of those related to cell cycle.
Cell cycle regulation is a key aspect of cancer, which may bypass DNA damage checkpoints
and lead to increased TMB (52). Thus, the above data provide support for the functional
relevance of RNA editing in cancer.

Together, our results showed that, as a source of RNA mutations, RNA editing is an
important aspect of cancer. The amount of RNA editing in cancer cells, namely RNA
editing load, correlates with other cancer-intrinsic features. RNA editing load is a predictor
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patient survival in LUAD and should be further evaluated as a predictor for response to
ncer therapies.
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Significance

RNA editing analysis in single lung adenocarcinoma cells uncovers RNA mutations that
correlate with tumor mutation burden and cancer innate immunity and reveals the amount
of RNA mutations strongly predicts patient survival.
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Fig. 1.

Overview of editing events detected in single cells.

A. Histogram of the number of single cells edited per editing site (x axis: log10 scale). A
site was considered edited in a cell if the site was covered by at least five reads and editing
was supported by at least one read. B. Histogram of the number of sites edited per cell (x
axis: log10 scale). Editing criteria were the same as in A. C. Distribution of common editing
sites in different types of regions. Common editing sites comprised sites edited in at least
50 cells. nc: non-coding. D. Distribution of common editing sites in Alu or non-Alu regions.
E. Distributions of single cell editing levels at each of the two cancer-associated recoding
sites across cell types. For the AZIN1 recoding site, p < 0.05 (Mann Whitney U test) for
pairwise comparisons of cancer vs the following cell types: T cells, macrophages, B cells,
fibroblasts, mast cells. For the CCNI recoding site, p < 0.001 (Mann Whitney U test) for
pairwise comparisons of cancer vs the following cell types: pDCs, T cells, macrophages, B
cells, epithelial cells, endothelial cells, fibroblasts, mast cells.

Cancer Res. Author manuscript; available in PMC 2023 August 03.

Region
Alu
nonAlu



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Chan et al.

A

w

o
2 40
=
°
w
»
jo)
=
[5]
5 20 .
s 4 <
[ 3 i
=] £ i
E | é ‘
2 old é é i é ik
N A > S @ RS @D N
S & & F NS é‘@&@
%0@00@«&%} § @(é\o &K K
F P K &F &
& CRE (& NS
4363 1948 5260 2958 3246 1755 39 189 8140
» 1.0 o 10
e g
T ©
28 o5 =E 05
= & E5
&8s W=
S 00 €1 00
=
85 85
=g S g |
2205 sE 05 I
E=Aa =
a a
-10 -10 dx
> Y 2 o @ D N
@ N @ 2 53 N O X
@ X @& &
\{\\z & é‘& @.,;} OQ.Q'D W 0\@‘2 QQ <O
K & & & i
Cancer
regulation of transcription, DNA p!
regulation of transcription by RNA pol
negative regulation of transforming growth factor beta receptor sxgnahng pa(hway  ————————
regulation of apoptotic pr
peptidyl-tyrosine ylauv
positive regulation of protein
sponse to es(radlol —
regulation of cell population proliferation -
activation of MAPKK activity -
positive regulation of transcription by RNA polymerase |||
cellular response to hydrogen peroxide I
apoptotic process
chr i
rotein transport
chemical synaptic transmission -
histone acetylation I
negative regulation of apoptotic process {
protein K48-linked ubiquitination - ——
cellular response to starvation JEEE—
chromatin ) [
0.0 25 5.0 75 10.0

Fig. 2.

-log10(adj-p-value)

; |n(|ammalory response {
innate immune response|

cytokine— mediatod signaling pathway

viral process

response 1o Virus

defense response 1o virus

intracellular transport of virus.

T cell receptor signaling pathway

I-kappaB kinase/NF-kappaB signaling

positive regulauon of I-kappaB kinase/NF—kappaB signaling
tumor necrosis factor-mediated signaling pathway
Fc—epsilon receptor signaling pathway

cellular response to DNA damage stimulus
regulation of cellular response to heat

ponse to hypoxia

response to lipopolysaccharide {
response to organic cyclic compound1

G protein—coupled receptor signaling pathway
cell surface receplor sxgnahng pathway

nal transduction{

intracellular s\gna\ transduction {

chemical synaplic transmission{

cell population proliferation {

regulation of ol population proliferation {
negative regulation of cell population proliferation {
positive regulation of cell population proliferation{

cell cycle
regulation of cell cycle
cell division

mitotc nuclear envelope reassembly

poptotic process:

regulation of apoptotic process

positive regulation of apoptotic process:
negative regulation of apo;ztouc process

positive regulation of ERK1 and ERK2 cascade

multicellular organism development
heart development{

NA repair

regulation of gene expression |

negative regulation of gene expression{

positive regulation of gene expression {

transcription, DNA-templated{

regulation of transcription, DNA-1 lemp}aled-

negative regulation of transcription, DNA-templated{

positive regulation of transcription, DNA-templated {
ion by RNA 1l

regulation of by RNA il
negative regulation of by RNA ||

positive regulation of tion by RNA
from RNA pol n pmmﬂls‘r

hromatin organization |

cl
positive regulation of DNA-binding transcription factor activity
ion transmembrane transport:
ion transport
calcium ion transmembrane transport
lipid metabolic process

translation {
protein processing{
P’Q‘?O!vaIS 1

protein

protein

rotein

protein K48-linked

ublqullln dependent protein catabolic process
diate protein catabolic process
positive regulation of proleasumal ubiquitin-dependent protein atabolic process

protein stabilization |
protein sumoylation{
protein pnosphopaﬁlememylatlon—

orylation

protein phosphorylation

protein autophosphorylation
peplidyl-serine phosphorylation
protein dephosphorylation

—log10(adj-p-value)

5

10
15
20

Differential editing in distinct cell types of tumors.
A. Counts of edited sites in single cells grouped by cell type, considering only the
significantly tumor-increased editing sites from bulk tumors. A site was considered edited

in a single cell if the site was covered by at least five reads and editing was supported
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by at least one read. p <= 0.0001 when comparing cancer to any other cell type by Mann
Whitney U test. B. Distribution of differences in mean editing levels between pooled cancer
cells and pooled non-malignant epithelial cells. Only sites with significant differences (mean

difference >= 0.05, REDIT LLR adjusted p-value < 0.05) are included. The number of

significantly different editing sites is labeled on top. C. Similar to B but for differential

editing sites between pooled cells of tumor samples and pooled cells of non-malignant

samples for each non-epithelial cell type. D. Top gene ontology (GO) enrichment in genes
containing differential editing sites between cancer cells and non-cancerous epithelial cells,
compared to background genes without differential sites but matched according to gene
length and expression. Only the 20 most significantly enriched terms, each with a minimum
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of 10 corresponding genes, are shown. E. Top GO enrichment among differentially edited
genes in non-epithelial cell types found in tumors vs non-malignant samples. As in D, only
the top 20 terms are included for each cell type, and background genes were chosen in

the same manner. Larger circle size represents higher statistical significance of enrichment.
Color of circle fill corresponds to cell type. Terms are grouped by broader categories labeled
on the right.
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RNA editing differences across treatment time points.
A. Overall editing levels of cancer cells grouped by treatment point. Overall editing level
was calculated as the mean over editing levels of all sites for each cell. Editing levels

were compared among treatment points by Mann Whitney U test, with p value significance
shown. *p <= 0.05. ***p <= 0.001. ****p <= 0.0001. B. Similar to A, but samples were
further grouped by oncogenic driver mutations. C. Mean editing levels of differentially
edited sites between paired treatment time points. In each scatterplot, the numbers of
differential sites hyperedited and hypoedited are listed in the top left and bottom right
corners, respectively. Deviation of the proportion of hyperedited sites from 0.5 was assessed
by binomial test, with p value shown below the number of hyperedited sites. D. Proportions
of sites differentially edited between PD and RD treatment time points among sites with
(Drug-associated, blue) or without (None, red) associations to drug response. We considered
only the reported editing-drug associations in TCGA LUAD for the same targeted therapies
given to the lung scRNA-seq patients, most of which were associations with drug sensitivity.
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Editing in cancer cells associated with immune suppression.

A. Hexagonal 2-dimensional histograms of mean editing level and mean normalized 1SG

expression in single cancer cells for multiple ISG signatures. Mean editing level was

calculated using editing levels of all sites for each cell. Red asterisk indicates a significant

03 04 05
Editing mean

negative spearman correlation, with FDR-adjusted p-value < 0.05. B. Spearman correlations
between mean editing levels and mean expression of multiple ISG signatures across single
cancer cells, grouped by treatment time point. The number of cancer cells within each
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category is listed in the x-axis labels. The size of each circle indicates the magnitude of

the Spearman correlation coefficient, and the color intensity corresponds to significance of
the adjusted p-value. Blue: positive correlations, red: negative correlations. TN stands for
treatment naive, RD stands for residual disease, and PD stands for progression. C. Top:

Bar plot showing Spearman correlations between cancer editing levels and infiltration of
different immune cell types. For each tumor, single cancer cells were pooled, and overall
cancer editing level was calculated as the mean editing level of all sites in the pooled cancer
cells. Red bar: significant correlation with p < 0.05. Nonsignificant correlations are shown
in white. For each cell type, in parentheses, lung signifies that only lung biopsies were
included. In contrast, "all” signifies all samples were included. Bottom: scatterplot of cancer
editing and infiltration of Natural Killer cells, with Spearman correlation coefficient and p-
value listed. D. Top: Bar plot of Spearman correlations between tumor-increased editing and
estimated infiltration of different immune cell types in bulk TCGA LUAD tumors. Tumor-
increased editing was calculated as the mean editing level over sites with significantly higher
editing levels in tumors than in matched non-malignant samples. Colored bars indicate
significance by FDR-adjusted p < 0.05, with positive correlations in blue and negative

ones in red. Nonsignificant correlations are shown in white. Bottom: scatterplot of tumor-
increased editing and quanTIseg-estimated proportion of Natural Killer cells with Spearman
correlation coefficient and p-value shown.
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Fig. 5.
Relationship between RNA editing and tumor mutation burden specific to cancer cells.
A. Left bar plot shows statistical significance (log10-transformed adjusted p value) of

| immune response
other
proliferation

estimated TMB in multiple linear models predicting mean editing levels of each cell type.
Total read coverage was included as a covariate in the linear models. Blue fill color indicates

significance by FDR 5% (sig), and associations that were not significant are shown as
white bars (ns). Scatterplot shows positive association between TMB and RNA editing lo
in cancer cells, with Spearman correlation coefficient and corresponding p value labeled.
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B. Scatterplot of TMB and RNA editing load in bulk TCGA LUAD tumors, labeled

with Spearman correlation coefficient and p value. On the right, distributions of TMB
across tumors grouped by RNA editing load tertiles. C. Scatterplot of Pearson correlation
coefficient and statistical significance of associations between gene editing levels and

TMB in TCGA LUAD. Purple indicates significance by passing FDR 10% and minimum
correlation coefficient of 0.15 (sig). Nonsignificant correlations are shown in gray (ns). D.
Gene ontology terms enriched among genes with editing levels significantly correlated with
TMB (from C), compared to background non-correlated genes with similar gene length and
expression levels. Bar length represents statistical significance of enrichment, and vertical
gray line indicates a threshold of FDR 10%. E. Forest plot showing hazard ratio estimates
and p-values obtained by fitting a Cox regression model with TMB, editing load (as a
percent value), age, and gender as covariates. F. Performance of Cox Proportional Hazards
models on editing load, TMB, and 1SG expression individually or jointly to predict overall
survival in TCGA LUAD patients. Distribution of c-index from 5-fold cross-validation is
shown for each model. G. GO biological process terms most strongly enriched in genes
differentially expressed between high and low editing groups. TCGA LUAD tumors were
grouped by editing load tertiles, as in B. Enrichment was tested separately for genes
upregulated in the high editing group (up, teal) and genes downregulated in the high editing
group (down, orange). Only the top 30 terms enriched in each direction are included. Larger
point size indicates higher statistical significance of enrichment. Broader categories for
terms are indicated by bar color on the right.
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