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Abstract

RNA expression of a gene is determined by not only transcriptional regulation, but also post-transcriptional regulation of RNA decay. The precise
regulation of RNA stability in the cell plays an important role in normal development. Dysregulation of RNA stability can lead to diseases such
as cancer. Here we found tumor suppressor RNAs tended to decay fast in normal cell types when compared with other RNAs. Consistent with
a negative effect of m8A modification on RNA stability, we observed preferential deposition of m®A on tumor suppressor RNAs. Moreover,
abundant m8A and fast decay of tumor suppressor RNAs both tended to be further enhanced in prostate cancer cells relative to normal prostate
epithelial cells. Further, knockdown of m®A methyltransferase METTL3 and reader YTHDF2 in prostate cancer cells both posed stronger effect
on tumor suppressor RNAs than on other RNAs. These results indicated a strong post transcriptional expression regulatability mediated by
abundant m®A modification on tumor suppressor RNAs.
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How the genetic sequence and expression state of cancer
driver genes is altered in cancer is a fundamental question.
It is well known that oncogenes tend to display recurrent
gain-of-function mutations in cancer, while tumor suppres-
sors are more likely to show recessive loss-of-function mu-
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tations (1,2). However, genes that are not mutated, but with
expression levels altered to cause cancers, have been fre-
quently reported, such as the CDKN2A and MLHI1 (3).
Therefore, the function of a cancer-related gene is determined
by both DNA sequence and expression regulation in the
cells.
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The expression of a gene can be regulated at the transcrip-
tional level by epigenetic mechanisms, e.g. DNA methylation
and histone modifications (4). Cancer-related genes were re-
cently found to display unique epigenetic modification signa-
tures. For instance, a broad pattern of H3K4me3 was identi-
fied as enriched at tumor suppressor genes but not at onco-
genes or housekeeping genes in normal cell types (5). In con-
trast to sharp H3K4me3 that is associated with transcription
initiation, the broad H3K4me3 was linked to enhanced tran-
scription elongation. Shortening of the broad H3K4me3 in
cancer cells was found to correlate with downregulation of
tumor suppressors. Moreover, broad genic repression domain
(BGRD) and gene-body hypermethylation canyons in normal
cell types were found to be enriched at oncogenes but not at tu-
mor suppressor genes in normal cell types (6,7). These studies
showed that tumor suppressor genes and oncogenes have dis-
tinguishable mutational and epigenetic modification patterns
when compared to the rest genes in the genome.

However, the RNA expression level of a gene is deter-
mined not only by the transcription rate, but also by the
post-transcriptional regulation of RNA decay (8). Changes in
RNA stability can alter RNA decay rate and thus RNA abun-
dance when transcription rate remains the same (9). Tight
regulation of RNA stability is required for normal develop-
ment, and dysregulation of RNA stability leads to diseases
(10). Aberrant RNA stability is widespread in various types
of cancer (11). Recent evidence indicated that RNA stability
dysregulation of several growth factors and cell cycle regu-
lators correlated with cancer development (12). RNA stabil-
ity in the cell is regulated by epitranscriptomic factors. For
instance, m°A is a prevalent RNA methylation detected in
mammalian mRNAs (13-15), and is reported to mediate RNA
decay (16). It is yet unknown whether cancer-related genes
have a unique pattern of RNA stability and thus differ from
other genes in post-transcriptional regulation of their RNA
expression.

In this study, we observed that tumor suppressor genes in
normal cell types tend to show both frequent transcription
and fast RNA decay. This feature is not observed for other an-
alyzed gene groups such as housekeeping genes or oncogenes.
We found that preferential deposition of m® A modification on
tumor suppressor RNAs mediated the fast RNA decay. When
comparing prostate cancer cell line C4-2 to normal prostate
epithelial cells (PrEC), we observed that m°®A-mediated fast
decay of tumor suppressor RNAs were further enhanced in
C4-2 cells. We further revealed that the effects of m® A methyl-
transferase METTL3 and reader protein YTHDF2 on RNA
stability are significantly stronger for tumor suppressors when
compared to the rest genes. The results from these investiga-
tions demonstrated a strong RNA expression regulatability of
tumor suppressor genes due to the m®A-mediated low RNA
stability.

Materials and methods

Cell culture

Human Prostate Epithelial Cells (PrEC) were purchased from
Lonza and cultured using PrEGM Prostate Epithelial Cell
Growth Medium BulletKit (Lonza). Human PCa cell line of
C4-2 was a generous gift from Dr Leland Chung and grown
in RPMI 1640 medium supplemented with 10% FBS. All cells
were maintained at 37°C and 5% CO; in a humidified at-
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mosphere and were authenticated and routinely screened for
Mycoplasma.

Lentivirus construction

The lentiviral shRNA vectors used here were purchased
from Sigma (shMETTL3: TRCN0000289742; shYTHDF2:
TRCNO0000265510). For lentivirus production, shRNA vec-
tors and helper plasmids of pVSVG and psPAX2 were co-
transfected into HEK293T cells using Lipofectamine 3000
(Invitrogen) following its protocol. The medium was renewed
once at 24 h post-transfection. The supernatants containing
viruses were collected at 48 h post-transfection and directly
used for infection.

Time-series RNA-Seq upon actinomycin D (ActD)
treatment

PrEC and C4-2 cells were treated with transcription inhibitor
actinomycin D (ActD, Sigma) at a concentration of 5 pug/ml
for 0, 15 min, 1 h and 2 h. RNA samples were then isolated
using RNeasy Plus Mini Kit (Qiagen) and sent to BGI for
library preparation and follow-up sequencing. Human pri-
mary total T cells were isolated from the blood sample of
three donors from Gulf Coast Regional Blood Center using
Ficoll density gradient method. The cells were collected and
washed with PBS + 0.5% FBS and taken into culture. After
isolation, the cells were activated with anti-CD3/CD28 mi-
crobeads (Thermo Fisher) for 24 h. For transcription inhibi-
tion, the cultured cells were treated with ActD (10 pg/ml),
for four time points, 0 h (immediately after ActD treatment),
15 min, 1 h and 2 h. After treatment, RNA was isolated by
RNeasy kit (Qiagen). The total RNA-seq library construction
was performed by RNA core.

Methylated (m®A) RNA immunoprecipitation
sequencing (MeRIP-seq)

To monitor the status of m®A and map the location of m®A
RNA modifications transcriptome-wide, the MeRIP-seq was
conducted in duplicates using Magna MeRIP™ m°A Kit
(Millipore) with the procedure provided by the manufacturer.
In brief, the total RNA from C4-2 and PrEC cells was ex-
tracted using RNeasy Plus Mini Kit (Qiagen), followed by
mRNA isolation using PolyATtract mRNA Isolation System
(Promega). The obtained mRNA was fragmented into ~100
nt in length and purified by miRNeasy Mini Kit (Qiagen). Af-
ter incubation with anti-m®A antibody-magnetic beads mix-
ture at 4°C overnight, the m®A-modified mRNA fragments
bound to beads were eluted and shipped to BGI for library
preparation and sequencing using the DNBseq platform.

Western blot

Proteins in cell lysates were denatured by adding 4 x load-
ing buffer (Bio-Rad) followed by incubation at 95°C for 10
min. Then, the protein samples were separated electrophoret-
ically by SDS-PAGE, and semi-dry transferred to nitrocel-
lulose membranes (Bio-Rad). After blocking for 30 min in
Tris-buffered saline-Tween 20 (TBST) with 5% nonfat milk,
the membranes were subjected to immunoblotting by incu-
bation with primary antibodies for 2 h at room tempera-
ture. Then, the membranes were washed and incubated with
goat anti-mouse/rabbit IgG (H + L)-HRP secondary anti-
body (GenDEPOT, 1:5000 dilution) for 1 h. The signals were
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developed using western ECL Substrate (Bio-Rad) and cap-
tured by a Bio-Rad imaging system. The primary antibodies
used in this paper were listed in Supplementary Table S1.

Isolation and detection of nascent RNA

The newly minted RNAs were enriched using Click-iT
Nascent RNA Capture Kit (Thermo) by following manu-
facturer’s manual. In general, the nascent RNAs were firstly
labeled by incubation of live cells with 5-ethynyl uridine
(EU) for 6 h. After incubation, the total RNA containing
EU-labeled nascent RNA was isolated using RNeasy Plus
Mini Kit (Qiagen) and used in a copper catalyzed click re-
action with an azide-modified biotin. The captured nascent
RNA transcripts on streptavidin magnetic beads were reverse
transcribed using the SuperScript VILO ¢cDNA synthesis kit
(Thermo). The resulting cDNAs were then subjected to Real-
time (RT)-qPCR analyses using Universal SYBR Green Super-
mix (Bio-Rad) in the QuantStudio 6 Flex Real-time PCR Sys-
tem (GE Healthcare) following manufacturer’s instructions.
All primers used for RT-qPCR analysis were summarized in
Supplementary Table S2. The relative RNA level was calcu-
lated using the 2~24C method with the Ct values normalized
using GAPDH as an internal control.

Quantification of global m®A methylation level in
RNA

The m®A methylation levels in PrEC and C4-2 cells were mea-
sured using EpiQuik m®A RNA Methylation Quantification
Kit (EPIGENTEK) according to the manufacturer’s instruc-
tions. In brief, 200 ng of total RNA were used for each sam-
ple and the m°®A contents were quantified by reading the ab-
sorbance of each sample at 450 nm.

Transfection of siRNA

All the silencer siRNAs used in this study were purchased from
Thermo Fisher (siMETTL3-1: 32141, siMETTL3-2: s32142;
siYTHDF2-1: s28147, siYTHDF2-2: s28148). Lipofectamine
RNAIMAX (Invitrogen) was utilized for siRNA transfection
according to the manufacturer’s protocol. Cells were collected
at 3 days post-transfection for further use.

Measurement of viability and apoptosis upon
METTL3 or YTHDF2 suppression

The ApoTox-Glo Triplex Assay (Promega) was utilized to ac-
cess the viability and apoptosis simultaneously by following
the manufacturer’s instructions. In brief, control, siMETTL3
and siYTHDF2 C4-2 cells were seeded into 96-well plate for a
final volume of 100 pl per well. The ApoTox-Glo Triplex As-
say was then performed at each time-point, in which the fluo-
rescence (Viability) and luminescence (Apoptosis) were mea-
sured using a Tecan plate reader.

RNA-seq data analysis

RNA-Seq reads were mapped to human reference genome ver-
sion hg19 using TopHat (version v2.0.12) (17) with default
parameters. Next, Cuffdiff (version 2.2.1) (18) was used to
generate read count matrix. Normalized gene expression val-
ues in FPKM (fragments per kilobases per million mapped
reads) was further calculated using UCSC knownGene as the
reference genes. Genes with FPKM value larger than one were
retained for further analysis. Differential expression test was
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performed using edgeR (19). Heatmaps showing gene expres-
sion changes were generated by the R package pheatmap
(version 1.0.12). RNA-seq genome browser tracks were visu-
alized by IGV (20).

Calculation of RNA stability

RNA stability was calculated based on pairwise differential
expression analysis between the time points 0 and each other
time point during ActD treatment. The stability value was de-
termined by summing the absolute values of log transformed
Q-value of each pairwise differential expression test between
control sample and each sample treated with ActD (21). Genes
were ranked by their mRNA stability scores from low to high
and divided into gene sets of equal size. The enrichment of
tumor suppressors, oncogenes and housekeeping genes in a
certain gene set was measured by Fisher exact test.

mRNA half-life of genes was calculated using the method
described previously (22). Briefly, gene expression values
(FPKM) were used to calculate log2 fold change between the
time points 2-h and 0-h. It was observed that genes with the
most stable RNAs can have increased expression levels even
after transcription inhibition. To remove this noise and elim-
inate the expression increase in the most stable mRNAs, we
further normalized gene expression data by summing the ex-
pression values of the top 10 most stable mRNAs. Subse-
quently, mRNA half-life was calculated using the formula as
listed in (23). In short, the RNA decay rate Kgec,y Was esti-
mated by the ratio of FPKM value changes over each time
periods. The half-life was then calculated as In 2/Kec,y. The
average half-life over 0 h, 15 min, 1 h and 2 h was defined as
the final half-life.

Functional enrichment analysis

KEGG pathway enrichment analysis for the most stable and
unstable genes were performed by DAVID online analysis (24).
The gene list was filtered by GREAT (Genomic Regions En-
richment of Annotations Tool) version 2.0 to retain the well
annotated genes for further analysis. The pathways with Ben-
jamini adjusted P value smaller than 0.001 and gene number
larger than 10 was defined as significantly enriched.

Analysis of ChIP-Seq data

PrEC ChIP-Seq data for RNA polymerase II (Pol II),
H3K4me3, H3K9K14ac, H3K36me3 and H3K27ac, were
downloaded from NCBI GEO database (accession numbers
listed in Supplementary Table S3). Reads were filtered by
Trimmomatic (25) to remove low-quality bases with pa-
rameters ILLUMINACLIP: TruSeq3-SE:2:30:10 LEADING:3
TRAILING:3 SLIDINGWINDOW:4:15 MINLEN:36. Then
the clean reads were mapped to human genome (version hg19)
by Bowtie (26), and only reads mapped to a unique position
in the genome were retained for further analysis. Number of
reads mapped to the 2 kb nearby region around transcription
start sites (TSSs) or the whole gene body was counted by SAM-
tools using the UCSC knownGene for the human genome ver-
sion hg19 as the reference genes. Peak calling was performed
using MACS2 (27). Wig files were generated by DANPOS2
(version 2.2.2) (28) as described in previous studies (6,29).
To calculate correlation between RNA stability and density of
histone marks, all genes were ranked by RNA stability from
low to high and then divided into 500 bins, with around 20
genes in each bin to calculate an average value. After binning,
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spearman correlation coefficient was calculated between his-
tone mark density and RNA stability.

MeRIP-Seq analysis and m®A profile in gene bodies
MeRIP-Seq libraries were generated using PrEC cells, C4-
2 control (shCTRL) cells and C4-2 METTL3-knockdown
(shMETTLS3) cells. MeRIP-Seq data (two replicates) was fil-
tered by Trimmomatic (25) to remove low-quality bases and
then mapped to human genome (version hg19) by Tophat
(version v2.0.12) using default parameters. The read coverage
calculation and normalization were conducted by deepTools
(30). The distribution of m° A signal across gene body (5" UTR,
CDS and 3’ UTR) was measured by FPKM values in bins by
deepTools. The normalized IP signal per bin was subtracted
by normalized input signal to generate m®A signal coverage
plot (30). To filter out potential noise in gene annotation and
obtain more precise profiles of m°A across gene body, we uti-
lized NCBI Refseq gene annotation and considered that some
genes may have multiple transcripts with different start site
of 3’ UTR, only the transcript with the leftmost start site of
3’ UTR was retained for each gene. Then overlapping tran-
scripts and transcripts with 5’ UTR or 3’ UTR shorter than
50 bp were removed. The retained transcript annotation was
next utilized to create slide windows to investigate the profile
of m®A signal distributions (15). Enrichment peaks of m®A
signal were called by MACS2 (27) and exomePeak2 using de-
fault parameters. m®A peaks called by MACS2 required g-
value <0.05, and by exomePeak2 g-value <0.1. Differential
methylation sites were identified by exomePeak2.

PRO-Seq data analysis

The PRO-Seq dataset of MCF-7 cell line was down-
load from NCBI GEO database with the accession num-
ber GSE144404 (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgiacc=GSE144404) (31). The data was analyzed fol-
lowing the method reported by Xu ez al. (31). Briefly, adap-
tors and low-quality reads were removed from raw data us-
ing fastp (32). The reads mapping to ribosomal RNAs by
bowtie2 (26) were further removed from the clean reads.
Next, the remaining reads were mapped to the Drosophila
genome (version dmé6) and human genome (version hg19) us-
ing bowtie2. Strand specific alignments with the flags of 99,
147, 83 and 163 were retrieved by samtools (version 1.16.1)
(33). Reads mapping to the Drosophila genome and human
genome were counted with htseq-count (version 0.11.2) (34).
The read counts aligned to the Drosophila genome were used
for spike-in normalization. The normalization factors were
calculated as the minimum spike-in read count across all the
samples divided by the spike-in read count of each sample. The
normalized read counts of the human genome were then used
to perform differential expression analysis by Poisson test.

Results

Tumor suppressor RNAs tend to decay fast in
normal non-cancer cells

To measure RNA stability across the transcriptome, here we
sequenced oligo dT-selected RNA (PolyA RNA-seq) from a se-
ries of normal prostate epithelial cells (PrEC) samples. These
include samples in which the transcription was inhibited by
treating the cells with actinomycin D (ActD) for 15, 60 and
120 min. A sample with no (0 minute) inhibition of tran-
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scription was sequenced as the control (Figure 1A). To define
RNA stability based on decay rate (see Materials and Meth-
ods), we analyzed the 12180 genes that showed more than one
fragment Per Kilobase of exon per Million mapped fragments
(FPKM) in the control sample. The analysis revealed a wide
variation of RNA decay rate. Whereas the expression levels of
the most stable RNAs showed no decrease after 120 min, the
abundance of many RNAs had decreased at as early as 15 min
(Figure 1B). Interestingly, by manual inspection of the RNA-
Seq data, we observed that tumor-suppressor RNAs tended
to decay fast. For instance, the tumor suppressors CDKN1B
(35) and IRF2BP2 (36) showed progressive reduction of RNA
level by 7- and 8-fold after inhibition of transcription for 120
min, respectively (Figure 1C). In contrast, RNAs of house-
keeping genes are more likely to be stable, e.g. the RNA levels
of PEX6 (37) and ACTB (38) were still not reduced after the
inhibition of transcription for 120 min (Figure 1C). This re-
sult highlighted the heterogeneity of RNA decay rates among
genes, prompting us to explore the functional implication of
the RNA decay landscape in PrEC.

We next systematically investigated the functional relevance
of RNA decay rate. We retrieved the top 1000 genes of the
most unstable RNAs for a comparison to the 1000 genes of
the most stable RNAs (Figure 1B and Supplementary Table
S4). We then performed a Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway analysis for the two gene groups
(Figure 1D). Although the analysis was performed in the nor-
mal prostate epithelial cells PrEC, we observed significant en-
richment of cancer pathways in the genes of the most un-
stable RNAs. In contrast, housekeeping pathways were en-
riched in the genes of the most stable RNAs, e.g. the Metabolic
pathways (hsa01100) and Oxidative phosphorylation path-
way (has00190). The cancer-related functions of genes in the
cancer pathways were manually curated by the developers of
the KEGG database based on literature report (Supplemen-
tary Table S5). To further verify the association between RNA
stability and cancer-related genes, we analyzed an additional
set of cancer-related genes defined in a different way. It in-
cludes 500 tumor suppressors and 500 oncogenes defined by
the TUSON algorithm based on DNA mutation patterns (P =
1.03 x 1072%) in 8200 tumor-normal sample pairs (39) (Sup-
plementary Table S5). For comparison, we also analyzed 500
randomly selected genes and a set of housekeeping genes de-
fined in a recent literature (37) (Supplementary Table S5). We
observed that the tumor suppressor genes showed a strong en-
richment in the genes of the most unstable RNAs (Figure 1E).
Specifically, the enrichment of the 1000 genes of the most un-
stable RNAs were 4.4-fold (one-tailed Fisher’s exact test Bon-
ferroni corrected P value 5.1 x 1072%) for the tumor suppres-
sor genes (15.8%) when compared to the randomly selected
control genes (3.6%). The enrichment weakened sharply in
the genes of stabler RNAs. Specifically, the tumor suppres-
sors were slightly enriched in the second (3.2-fold, 11.6%,
P =3.6 x 10~4) and third (3.0-fold, 10.8%, P = 6.2 x 10~12)
1000-genes groups. In contrast, no significant enrichment for
oncogenes were observed in these gene groups. Housekeep-
ing genes showed a slight enrichment in most of the 1000-
genes groups defined by their different levels of RNA stabil-
ity. The strongest enrichment (2.9-fold, P = 6.7 x 10~'1) of
housekeeping genes was observed in the gene group with a
median level of RNA stability. These results indicated that
the RNAs of tumor suppressors tend to be unstable when
compared to other genes expressed in PrEC. Notably, tumor


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE144404

11538 Nucleic Acids Research, 2023, Vol. 51, No. 21

A B

Transcription
Inhibition by ActD

Normalized expression
0

Om 15m 60m 120m

o
)
-
(M)

va

RNA-Seq

o
3
D
o
3
N
o
3
12,180 genes
|
W

~

CDKN1B IRF2BP2 PEX6 ACTB
(Tumor Suppressor) (Tumor Suppressor) (Housekeeping gene) (Housekeeping gene)

om 20 1500 4000
0 0 Mﬂ-
15m
60m A ath
120m e A

l—b
= = s 10 s
S 10 S 40 % 8 <300
o 8 o &t o
Lo L 30 s =200
© o 20 4 4
g 4 3 g 3100
= =10 2
< ? < < <
g0 w Zo m Zo g o
© 0 15 60 120 0 15 60 120 15 60 120 0 15 60 120
Inhibition Time (min) Inhibition Time (min) lnhlbmon Time (min) Inhibition Time (min)
D E 9 —o— Tumor suppressor
25+ —2- Oncogene
s Housekeeping
M unstable M stable 3 —+— Random
Gene S 20+
Count o
19 . hsa04668:TNF signaling pathway . E 15 .
20 hsa05202: Transcriptional misregulation |n cancer % O\*
5 [ S 404 3
19 hsa04550: Signaling pathways regulating pluripotency of stem cells =) \
2 * =S \
by hsa04010: MAPK signaling pathway s . \
7 *
hsa05200: Pathway in cancer
31 # * ~o—7°
5 0 a= / \\Q/D\m 7/ >< >E\m &
13 hsa05215: Prostate cancer — —
2 — * NN
. : . N N b‘{a X &t /\Va Q‘,d- ‘(— QRO
16 hsa04068: FoxO signaling pathway o \4:‘/ \4.'5‘3{. b‘g)@‘b@' A o ‘:\ NN
9 9% ih a01100: Metabo*lic pathways Gene groups ranked by stability from low to high

groups 1 2 3 4 5 6 7 8 9 10 11 12

Tumor suppressor% 15.8 11.6 10.8 5.2 6.8 6.0 6.4 58 6.8 42 2.6 1.6

Oncogenes% 42 54 62 44 52 42 52 74 44 54 20 24

T T T 1 Housekeeping% 6.6 7.2 79 81 99 79 9.1 103 9.1 9.8 7.7 5.2

2 3 4 5 Random% 36 36 36 36 36 35 35 35 3.6 3.6 35 35
Fold enrichment

0 hsa00190: Oxidative phosphorylation
2 *

o
e

Figure 1. Tumor suppressor genes tend to have a low RNA stability. (A) The flowchart of RNA-Seq experiments to profile RNA decay rate. (B) Heatmap
to show RNA expression value of individual genes (rows) at individual time points during transcription inhibition. (C) RNA-Seq reads density (top panels)
and FPKM value (bottom panels) of example genes. (D) KEGG pathway enrichment analysis for top 1000 genes of the most unstable transcripts (red)
and top 1000 genes of the most stable transcripts (blue). *, Benjamini corrected one sided Fisher's exact test P value <0.001. (E) The adjusted
enrichment P value and percentage of tumor suppressors, oncogenes, housekeeping genes and randomly selected control genes in individual gene
groups ranked by their RNA stability from low to high. *, Bonferroni corrected one sided Fisher's exact test Pvalue < 1 x 1070,
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suppressor genes encompass various distinct categories, such
as those in the DNA damage repair, cell cycle checkpoints,
and signaling pathways. A common trend of low RNA sta-
bility was observed among tumor suppressors across these
subcategories (Supplementary Figure S1 and Supplementary
Table S6).

The fast RNA decay of tumor suppressors is a
feature conserved across cell types

We questioned whether tumor suppressor RNAs also tend to
be unstable in cell types other than PrEC. Therefore, we fur-
ther performed RNA-Seq to profile RNA stability in human
primary T-cells. To test if the observation was affected by dif-
ferent RNA-Seq protocols, we performed both PolyA RNA-
seq (Supplementary Figure S2A and B) and rRNA-depleted
whole-cell RNA sequencing (Total RNA-seq, Supplementary
Figure S3A and B). We found the results consistent between
PrEC and T cells, and consistent between the PolyA RNA-
Seq and Total RNA-Seq. Manual inspection revealed that the
unstable and stable RNAs in PrEC also tended to be unsta-
ble and stable in T cells, respectively (Supplementary Fig-
ure S2C, Supplementary Figure S3C). Significant enrichment
of cancer-related pathways in the genes of the most unsta-
ble RNAs was also observed in T-cells (Supplementary Figure
S2D, Supplementary Figure S3D). Enrichment in genes of un-
stable RNAs was observed for tumor suppressors but not for
oncogenes (Supplementary Figure S2E, Supplementary Figure
S3E). Therefore, tumor suppressors tended to have a low RNA
stability in both PrEC and T cells.

We next aim to investigate the conservation of association
between tumor suppressors and low RNA stability in sev-
eral additional cell types. To this end, we analyzed 11 sets
of data from 8 cell types (Supplementary Table S3). We re-
trieved the 1000 genes of the most unstable RNAs from each
of the 11 datasets. Only tumor suppressors but not oncogenes
or housekeeping genes appeared to be significantly enriched in
each of these 1000-genes groups from the individual datasets
(Figure 2A). By combining all these datasets, we confidently
quantified RNA decay rate for 7912 genes that expressed in
all these cell types, i.e. with a FPKM value greater than 1
in all 11 datasets before the inhibition of transcription. We
ranked genes by median level of RNA decay rate across the
11 datasets from high to low. We then divided these genes into
eight groups, with each group contained 989 genes. Therefore,
the groups I to VIII corresponded to genes with RNA stability
from the lowest to the highest (Figure 2B). When compared
with randomly selected genes, tumor suppressors were signifi-
cantly enriched (17.8%, 5.1-fold, one-tailed Fisher’s exact test
P =8.5 x 107%7) in the gene group of the most unstable RNAs
(Figure 2C). The enrichment decreased sharply in the gene
groups with stronger RNA stability. Specifically, there is a less
significant enrichment (13.0%, 3.7-fold, P = 3.7 x 10~) in
the group II, slight enrichment in groups III (8.6 %, 2.5-fold,
P =44 x1077) and IV (8.4%, 2.4-fold, P = 1.2 x 107°),
and little enrichment in any of the other four groups. Also,
little enrichment was observed for oncogenes or random con-
trol genes in any of these eight gene groups. For instance, we
found CDKNI1B, a tumor suppressor controlling cell cycle
progression (335), exhibited high RNA decay rates in all these
11 datasets (Figure 2D). In contrast, the RNA of the oncogene
CDK#4 (40) appeared to be highly stable in these datasets (Fig-
ure 2E). These results indicated that RNAs of tumor suppres-
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sors are characterized by low RNA stability across different
cell types.

Some genes can be oncogenes in certain contexts and tu-
mor suppressors in others. Although we lack a curated large
group of such genes to perform statistical analysis of general
feature, manual inspection of individual examples indicated
that the RNA stability of these genes tended to vary across
different cell types. For example, the KLF4 gene acts as a pu-
tative tumor suppressor in prostate cancer (41), cervical can-
cer (42), and liver cancer (43), but as a potential oncogene in
some other cancers. In breast cancer, KLF4 can act as either
tumor suppressor or oncogene in a context-dependent man-
ner (44,45). We observed that the RNA stability of KLF4 is
highly variable across the normal and cancer cell lines used in
this study, ranging from the top 0.3% to 31.1% most unsta-
ble among all the expressed RNAs (Supplementary Figure S4).
Specifically, the RNAs of KLF4 decayed fast after transcrip-
tion inhibition in C4-2 cells (prostate cancer), Hela cells (cer-
vical cancer), Huh cells (liver cancer) and MCEF-7 cells (breast
cancer) (Supplementary Figure S4A). The RNA stability of
KLF4 was ranked as the top 0.3% to 4.3% most unstable
among all the expressed RNAs in these four cancer cell lines
(Supplementary Figure S4B). Meanwhile, we observed no de-
tectable RNA expression of KLF4 in the T cells and HepG2
cells (liver cancer) (Supplementary Figure S4B).

Fast decay of tumor suppressor RNAs is associated
with frequent transcription

Intuitively, we might expect a fast RNA decay to be associated
a low steady state RNA expression level, i.e. the RNA abun-
dance determined in the control cells without an inhibition of
transcription. However, we observed little correlation between
the decay rate and steady state expression level of RNAs, e.g.
with a Spearman correlation coefficient 0.05 (P = 0.25) in
PrEC (Supplementary Figure SSA). This observation could be
reasonable, as the RNA expression level of a gene is orches-
trated by both the transcription frequency and RNA decay
rate (46). Therefore, two genes with the same RNA steady
state expression level might display different RNA turnover
patterns — one gene might have both low transcription fre-
quency and low RNA decay rate, whereas the other gene
might have both high transcription frequency and high RNA
decay rate (Supplementary Figure S5B).

Some epigenetic features have been reported as correlative
to gene transcription activity (47). To investigate the relation-
ship between transcription rate and RNA decay rate, we ana-
lyzed several PrEC epigenomics datasets. These include ChIP-
Seq data for the polymerase II (Pol II) and a set of histone
modifications known to reflect transcriptional activity. We ob-
served a strong negative Spearman correlation (r = —0.58,
P < 2.2 x 107'%) between the binding density of Pol II at
gene loci and the RNA stability of the associated genes (Sup-
plementary Figure S5C, left panel). Pol II binding density was
higher at the gene loci of unstable RNAs than those of stable
RNAs (Supplementary Figure SS5C, middle panel). Similarly,
we observed negative correlations between RNA stability and
histone modifications associated with transcriptional activa-
tion, including H3K4me3 (r = —0.569, P < 2.2 x 1071¢),
H3K36me3 (r = —0.623, P < 2.2 x 10~16), H3K9K14ac
(r=—0.718, P < 2.2 x 107') and H3K27ac (r = —0.658,
P < 2.2 x 107'%) (Supplementary Figure SSD-G, left panels).
The density of these histone modifications was higher on genes
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Figure 2. The low RNA stability of tumor suppressors tends to be conserved across cell types. (A) Bar plot to show the percentages of tumor
suppressors, oncogenes, housekeeping genes and randomly selected control genes in top 1000 genes of the most unstable transcripts in each sample.
*Pvalue < 1 x 10720, (B) Heatmap to show RNA stability score of individual genes (rows) in individual samples. (C) The adjusted P value and percentage
of tumor suppressors, oncogenes, and randomly selected control genes in each of the eight gene groups shown in (B). **Pvalue < 1 x 1070, *P
value < 1 x 107%. (D, E) The relative RNA expression levels of CDKN1B (D) and CDK4 (E) in individual datasets. Error bar indicates standard deviation.
Biological replicates n = 1 for PrEC, C4-2 and Huh samples; n = 2 for HEK293, HEK293T, HelLa and HepG2 samples; n = 3 for T cells. P values
calculated based on one tail Fisher's exact test (A, C). When applicable, P values were adjusted by the Bonferroni method (C).

of unstable RNAs than those of stable RNAs (Supplementary
Figure S5D-G, middle panels). Further, the binding intensity
of Pol I and density of activating histone modifications were
higher at tumor suppressor genes than at oncogenes (Supple-
mentary Figure SSC-G, right panels). This is consistent with
the enrichment of tumor suppressor genes in the genes of un-
stable RNAs. Together, these data indicated that a low RNA
stability is overall associated with strong signals of transcrip-
tion activity but not a low steady state RNA expression.

It is worth noting that Pol II has different phosphorylation
patterns during transcription. Pol II with Ser 5 phosphoryla-
tion (Ser-5P) is primarily at promoter regions (paused Pol II),
while the Poll IT with Ser 2 phosphorylation (Ser-2P) is located
in coding regions and correlated with transcription elongation
(elongating Pol 1I) (48). It is Pol II Ser-2P that is associated

with active transcription elongation. Hence, we collected Pol
II Ser-2P ChIP-Seq data in the MCF-7 cell line from the GEO
database (accession number GSE142010). The Pol II Ser-2P
profiles showed that its signal is higher in the gene body re-
gions of unstable RNAs when compared with stable RNAs
(Supplementary Figure S6A); also, it is higher in gene body re-
gions of tumor suppressors when compared with oncogenes
(Supplementary Figure S6B). These results consistently sup-
ported our conclusion that unstable RNAs and tumor sup-
pressors tended to have higher transcription rates.

We then decided to investigate the relationship between
RNA stability and RNA expression level in an improved man-
ner. We selected two groups of genes that have similar Pol I
binding density but different RNA expression level in PrEC
(Supplementary Figure S7A). We observed that the group with



Nucleic Acids Research, 2023, Vol. 51, No. 21

a higher RNA expression level displayed a stronger RNA sta-
bility (Two-tailed Wilcoxon rank sum test P = 8.7 x 107%).
We further selected two groups of genes with similar Pol II
binding density but different RNA stability. The group with
stronger RNA stability displayed higher RNA expression level
(two-tailed Wilcoxon rank sum test P = 3.4 x 10~'1) (Supple-
mentary Figure S7B). Therefore, when transcription frequency
is the same, RNA stability is a strong determinant of RNA ex-
pression level in the cell.

The fast decay is linked to preferential m®A
modification on tumor suppressor RNAs

RNA stability within the cell is a complex process that is sub-
ject to regulation by a multitude of factors (49). In particu-
lar, epitranscriptomic factors have emerged as key players in
this regulatory network (50). Through their ability to mod-
ify RNA molecules, these factors can influence the stability of
RNA and thereby impact gene expression and cellular func-
tion (51). For instance, m°A is a prevalent RNA methylation
detected in mammalian mRNA (13-15), and is reported to
mediate RNA decay (16). However, a general connection be-
tween m®A methylation and tumor suppressor RNAs was not
defined before. The low RNA stability of tumor suppressors
led us to hypothesize that tumor suppressor RNAs might be
a set of preferential targets of m®A modification. We there-
fore performed MeRIP-seq (14,15) to analyze m®A in the
prostate cancer cell line C4-2. Consistent with prior knowl-
edge (14,15), the m®A intensity appeared to be significantly
higher (two-tail Wilcoxon rank sum test P = 6.6 x 107%)
on unstable RNAs than on stable RNAs (Figure 3A). Meta-
gene analysis verified the enrichment of m®A reads over input
reads near the stop codon position of unstable RNAs but not
stable RNAs (Figure 3B). Notably, RNAs of tumor suppres-
sor genes displayed higher m®A density when compared to
RNAs of oncogenes (1.4-fold, one-tail Kolmogorov-Smirnov
test P = 3.7 x 107°) or random control genes (1.2-fold, one-
tail Kolmogorov-Smirnov test P = 0.048) (Figure 3C). This
preferential m®A modification on tumor suppressor RNAs is
also revealed by analyzing m®A enrichment peaks. We de-
tected m®A peaks on RNAs of a significantly large percent-
age of tumor suppressor genes (2.3-fold enrichment, one tail
Fisher’s exact test P = 8.8 x 10~%). In contrast, we detected
mPA peaks on RNAs of only a slightly large percentage of
oncogenes (1.2-fold enrichment, one tail Fisher’s exact test
P = 0.01) (Figure 3D). For instance, fast RNA decay and high
m®A modification levels were observed for the tumor suppres-
sors AXIN1 (52), CDKN1B (35) and ARIDIA (53)(Figure
3E). Similarly, we also found this preferential m®A mediated
low RNA stability for tumor suppressors in another cell line,
HEK293T, derived from human embryonic kidney cells (Sup-
plementary Figure S8).

Depletion of m®A regulators showed preferential
effect on tumor suppressor RNAs

We next tested the role of m®A in preferential destabilization
of tumor suppressor RNAs in the cell. To this end, we ex-
amined whether a manipulation of m°A regulators will have
stronger effect on tumor suppressor RNAs than on most of the
rest RNAs. METTL3 is the major enzyme that catalyzes m®A
on RNAs (54). To investigate the effect of METTL3 depletion,
we successfully knocked down METTL3 in C4-2 cells (Sup-
plementary Figure S9A). We first verified that knockdown of
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METTL3 in C4-2 cells caused a global decrease of m°A level
(Figure 3F). The m°®A level dropped significantly in the CDS
region (two-sided Wilcoxon test P = 7.3 x 107'4). We de-
tected 1167 differential sites of m®A across the transcriptome.
Among these, 998 (85.5%) sites were defined by decrease of
mPA upon the knockdown of METTL3 (Figure 3G). Also, the
RNAs with decreased m®A tended to show decreased decay
rate and thus longer RNA half-life (Figure 3H). This result
confirmed the widespread effect of m®A on RNA stability. Fi-
nally, we observed that depletion of METTL3 resulted in a
stronger inhibition effect on RNA decay of tumor suppres-
sors when compared with oncogenes (one-tail Kolmogorov—
Smirnov test P = 6.1 x 10~7) and random control genes (one-
tail Kolmogorov—Smirnov test P = 0.001) (Figure 3I).

We further knocked down YTHDF2, a m°®A reader that
mediates RNA decay (16). The successful knockdown of
YTHDEF2 in C4-2 cells was verified by western blot (Sup-
plementary Figure S9B). We observed that knockdown of
YTHDEF2 caused a significant increase of RNA stability
for tumor suppressors (one-tail Kolmogorov—Smirnov test
P = 2.0 x 10722) (Figure 3]). We next analyzed the enrich-
ment level of tumor suppressor genes in genes with the most
unstable RNAs in each of four C4-2 samples (Figure 3K). We
observed a significant enrichment in the two control samples
(one tailed Fisher exact test P = 9.0 x 10722 for C4-2 cells,
P = 3.4 x 1072 for C4-2 shCTRL cells). In contrast, less en-
richment was observed in the cells with METTL3 knockdown
(P = 1.1 x 10~?). Further, no significant enrichment was ob-
served in the cells with YTHDF2 knockdown (P = 0.39). We
also analyzed the enrichment level of housekeeping genes or
oncogenes in the genes of the most unstable RNAs in these
samples. The enrichment levels of these two gene groups were
not influenced by the knockdown of METTL3 and YTHDF2
in the C4-2 samples. Moreover, we assessed the impact of
METTL3 or YTHDF2 knockdown on cancer cell phenotype
in C4-2 cells. Depletion of METTL3 or YTHDEF?2 led to sig-
nificantly inhibited cell growth (Supplementary Figure S9C)
along with increased apoptosis (Supplementary Figure S9D).
Taken together, we conclude that RNAs of tumor suppressors
were assigned to a fast track of RNA decay, which can be me-
diated by their abundant m®A modification.

Above all, our investigations of m®A function were focused
on the role in tumor suppressor RNA decay. It was reported
that RNA modifications including m®A methylation could
play a role in regulation of translation (55,56). Therefore,
the perturbation of m®A regulators might also impact pro-
tein abundance of tumor suppressor genes. To test this hy-
pothesis, we performed western blot to examine the protein
expression changes of a set of tumor suppressor genes in re-
sponse to METTL3 KD and YTHDF2 KD in C4-2 cells (Sup-
plementary Figure S10A). To select tumor suppressors that can
be potential targets of m®A regulators, we chose the candi-
dates by the three criteria: (i) contain m®A peaks in at least
one of the PrEC or C4-2 samples; (ii) exhibit increased RNA
half-lives in response to either METTL3 KD or YTHDF2 KD
and (iii) have antibodies available for western blot. By these
criteria, we tested four tumor suppressor genes that contain
m®A modifications in their RNAs and show low RNA sta-
bility, including KLF4, BAX, CDKNI1B and SETD?7. Three
of the four genes except SETD7 showed a slight increase of
mRNA half-life in response to METTL3 KD (Supplementary
Figure S10B), whereas all four genes exhibited about 1.6-3-
fold increase of mRNA half-life in response to YTHDF2 KD
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(Supplementary Figure S10C). The result showed that the pro-
tein expression of all these genes was increased upon METTL3
KD and YTHDF2 KD (Supplementary Figure S10A). These
results suggested that tumor suppressors tended to have both
higher RNA stability and higher protein abundance when
METTL3 or YTHDF2 was knocked down.

METTL3 knockdown has no preferential impact on
the nascent transcription of tumor suppressors

Recent studies have reported that nascent transcription can be
regulated by METTL3 at the co-transcriptional level (31,57).
To investigate the impact of METTL3 KD on nascent tran-
scription of tumor suppressors, we analyzed a PRO-Seq
dataset from MCEF-7 cell line published by Xu er al. (31).
The nascent transcription activity of tumor suppressors, onco-
genes, and random control genes were calculated, and the re-
sult was shown in Supplementary Figure S11A. METTL3 KD
caused a global reduction of nascent transcription, which is
consistent with the result in the published paper (31). Inter-
estingly, the degree of nascent transcription reduction upon
METTL3 KD tended to be similar between tumor suppressors,
oncogenes, and random control genes (Supplementary Figure
S11A). This result indicated that the effects of METTL3 KD
on nascent transcription regulation is not specific to any one
of these three gene categories. However, METTL3 KD signif-
icantly increased RNA stability of tumor suppressors rather
than that of oncogenes and random control genes (Supple-
mentary Figure S11B). These results showed that the effect
of METTL3 KD on RNA stability has a remarkable prefer-
ence towards tumor suppressors, whereas the effect on nascent
transcription did not show such preference.

We further conducted experiments to verify nascent tran-
scription activity of tumor suppressors, oncogenes, and house-
keeping genes in prostate cancer cells and normal prostate ep-
ithelial cells. In this experiment, nascent RNA was specifically
isolated from total RNAs of prostate cancer cells (C4-2 cells)
and normal epithelial cells (PrEC) with or without METTL3
KD (Supplementary Figure S11C-H). First, we tested four
tumor suppressor genes, including KLF4, BAX, CDKNIB
and SETD7. In response to the METTL3 KD in PrEC cells,
nascent mRNA levels were modestly decreased for KLF4
and CDKNI1B but remain unchanged for BAX and SETD7
(Supplementary Figure S11C). The nascent RNA levels of
all four genes were not significantly changed in C4-2 cells
upon METTL3 KD (Supplementary Figure S11D). Second,
we tested the nascent transcription level of two oncogenes
(CARM1 and PTPRA). The result showed that the nascent
RNA levels of both genes were decreased upon METTL3
KD in both PrEC (Supplementary Figure S11E) and C4-2
cells (Supplementary Figure S11F). Lastly, we further exam-
ined two housekeeping genes, SUCLG1 and ME2. The result
showed that nascent transcription levels of these housekeep-
ing genes were not significantly changed in both PrEC cells
(Supplementary Figure S11G) and C4-2 cells (Supplementary
Figure S11H) upon METTL3 KD. Therefore, the effect ob-
served in these experiments is less obvious when compared to
that observed in the PRO-Seq data, which is likely because the
PRO-Seq dataset of MCF-7 cells were generated with spike-ins
as an external control. However, consistent with the observa-
tion in the PRO-seq data, our results confirmed that the effect
of METTL3 KD on nascent transcription has no preference to-

11543

wards tumor suppressor genes when compared to oncogenes
and random control genes.

m8A-mediated decay of tumor suppressor RNAs is
enhanced in cancer cells

Tumor suppressor expression level would be more likely to be
downregulated in cancer cells relative to normal cells. We hy-
pothesized that the expression downregulation could be me-
diated by increased m®A modification. We thus performed a
comparison between prostate normal epithelial cell PrEC and
cancer cell C4-2. Our experiments showed that four m® A writ-
ers (METTL3, METTL14, WTAP and VIRMA), three m°A
readers (YTHDF1, YTHDF2 and YTHDC1) and a m®A eraser
(ALKBHS) showed higher protein expression in C4-2 cells
compared to PrEC, whereas only a m®A eraser FTO showed
lower protein abundance in C4-2 cells compared to PrEC
(Supplementary Figure S12A). Further, global m°A level in
the cells was higher in C4-2 compared to PrEC (Supplemen-
tary Figure S12B). These results demonstrated that when com-
pared to the normal cell PrEC, the prostate cancer cell C4-2
tended to have higher protein abundance of m°®A regulators
and increased global m°A levels.

Consistent with the observation in C4-2 cells (Figure 3B),
m°®A modification in PrEC appeared more enriched on un-
stable RNAs than on stable RNAs (Figure 4A). Compared
to the stable RNAs defined in PrEC, the unstable RNAs de-
fined in PrEC cells showed a greater (one-tail Kolmogorov—
Smirnov test P = 0.0005) increase of m°A modification in C4-
2 cells relative to PrEC (Figure 4B). Also, decrease of steady
state RNA level in C4-2 cells relative to PrEC is greater (one-
tail Kolmogorov-Smirnov test P = 1.3 x 1073%) for unsta-
ble RNAs than for stable RNAs defined in PrEC (Figure 4C).
Therefore, unstable transcripts in the normal cell PrEC are
preferentially down regulated in the cancer cell C4-2 through
increase of m®A modification.

Consistent with their low RNA stability, tumor suppressor
RNAs are enriched with m®A peaks in both PrEC (2.3-fold,
one-tail Fisher’s exact test P = 5.3 x 107%%) and C4-2 cells
(2.0-fold, one-tail Fisher’s exact test P = 9.0 x 10~3) (Figure
4D-F). For comparison, enrichment of m®A peaks is signifi-
cantly less on oncogenes than on tumor suppressors (Figure
4D-F). Intriguingly, this difference in m®A modification be-
tween oncogenes and tumor suppressors were substantially
amplified from PrEC to C4-2 cells (Figure 4G versus Figure
4H). Further, with the knockdown of METTL3 in C4-2 cells,
the m®A signal on RNAs of tumor suppressors were markedly
reduced (Figure 4H versus Figure 4I). In contrast, the knock-
down caused little change to m®A on oncogenes.

In addition, m®A peaks of tumor suppressor mnRNAs were
enriched in the CDS region near the stop codon (Figure 4G-I),
which is consistent with previously reported enrichment pat-
tern of m®A peaks on the transcript body (14,15). Also, the
enrichment of m®A peaks near the stop codon was observed
for unstable RNAs but not for stable RNAs (Supplementary
Figure S13A and B). About 60% to 70% unstable RNAs con-
tained m®A peaks in CDS and 3’ UTR, while only 15-30%
stable RNAs had m°®A peaks in these two regions (Supple-
mentary Figure S13C). When comparing m°A positional dis-
tribution between tumor suppressors and oncogenes, tumor
suppressors showed higher m°®A levels in the whole transcript
body, but with the greatest difference in CDS and 3’ UTR
(Supplementary Figure S13D). The increase of m®A on tumor
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Figure 4. Decrease of tumor suppressor RNA stability in prostate cancer cells relative to normal cells. (A) Distribution of m®A signal across transcripts in
PrEC cells. (B)(C) Cumulative fraction of genes plotted against difference in m®A signal (B) and expression level (C) between C4-2 and PrEC cells. (D-F)
Percentage of tumor suppressors, oncogenes and randomly selected control genes that showed m®A enrichment peaks in PrEC shCTRL cells (D), C4-2
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(M) Relative RNA expression level of ATRX in C4-2 cells and PrEC cells at individual time points during inhibition of transcription. P values were
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suppressor mRNAs in C4-2 cells relative to PrEC was also
most significant in the CDS region near the stop codon. There-
fore, the CDS region near stop codon is the main target region
of m®A on tumor suppressors mRNA:s.

The percentage of tumor suppressors showing differential
mCA methylation on their RNAs was significantly larger than
that of randomly selected control genes (2.2-fold, one tailed
Fisher’s exact test P = 3.4 x 107%2) (Figure 4]). These results
indicate that m®A preferentially increase on tumor suppres-
sor RNAs but not on oncogene RNAs in the cancer cell C4-2
when compared to PrEC. Functional enrichment analysis re-
vealed that the genes showing upregulated m®A methylation
in C4-2 cells were enriched in cancer-related pathways (Fig-
ure 4K and Supplementary Table S7). These included path-
ways associated with androgen receptor signaling pathway,
transcriptional misregulation in cancer, signal transduction by
p53, and cell cycle. For instance, the tumor suppressor ATRX
(58) showed a higher m®A level in C4-2 cells when compared
to PrEC (Figure 4L). Correspondingly, RNA degradation rate
of ATRX was higher in C4-2 cells than in PrEC (Figure 4M).

Taken together, we conclude that the preferential m® A mod-
ification on tumor suppressor RNAs contributed to a strong
regulatability of tumor suppressor expression in cancer cells.

Factors other than m®A might also contribute to the
low RNA stability of tumor suppressors

It is worth noting that several other post-transcriptional reg-
ulatory mechanisms can potentially affect RNA stability of
tumor suppressors. For instance, AU-rich elements and mi-
croRNAs are well-recognized regulators of RNA stability in
various RNA molecules (59,60). Therefore, it is plausible
that such additional factors may also mediate the instabil-
ity of tumor suppressor RNAs. To test this hypothesis, we
performed an analysis of AU-rich elements and microRNA
binding sites in addition to m®A. We first confirmed that both
mPA peaks and AU-rich elements were highly enriched in un-
stable RNAs compared to stable RNAs (Supplementary Fig-
ure S14A and C). Intriguingly, microRNAs binding sites were
significantly enriched in both stable and unstable RNAs, al-
though slightly more enriched in unstable RNAs (Supplemen-
tary Figure S14E). Thereafter, we examined the enrichment of
these factors on tumor suppressors and found that all of them
were significantly enriched (Supplementary Figure S14B, D, F).
Therefore, it is likely that multiple RNA stability regulators,
including but not limited to m®A methylation, AU-rich ele-
ments, and microRNAs, may also contribute to the instability
of tumor suppressor RNAs. Although our work is focused on
the crucial role of m®A methylation in regulating RNA stabil-
ity of tumor suppressors, further investigations are warranted
to explore the involvement of other RNA stability regulators
in this phenomenon.

Discussion

In this study, we uncovered a unique RNA turnover signa-
ture for tumor suppressors. We observed both strong signals
of transcription activity and fast RNA decay for tumor sup-
pressors. This reflects faster RNA turnover rate of tumor sup-
pressors compared to other genes such as housekeeping genes
in the cells. In this process, m®A plays an important role in
mediating the low RNA stability of tumor suppressors. This
interesting finding was recaptured in multiple different cell
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types, indicating that it is a mechanism conserved across cell
types.

Our statistical analysis demonstrated that tumor suppres-
sors are significantly more enriched with m® A when compared
to oncogenes and random control genes. However, this statis-
tical significance does not exclude the possibility that a few
oncogenes might be regulated by m®A in some specific bio-
logical contexts. For instance, we did observe that oncogenes
are slightly enriched (1.19-fold, P = 0.01) with m°®A sites in
the C4-2 cells. However, the enrichment is much less signifi-
cant when compared to that of tumor suppressors (2.30-fold,
P = 8.8 x 10~%). Further, the modification frequency on m®A
sites appeared to be overall weaker for oncogenes when com-
pared to tumor suppressors and random control genes. These
results indicated that oncogenes do have m°A sites, but the
modification at these sites is significantly less frequent when
compared to other genes, suggesting that the mechanism reg-
ulating the modification at these m®A sites might be differ-
ent. As an example, MYC is an oncogene with a wide range
of functions involving cell cycle, apoptosis, DNA damage,
hematopoiesis, and so on (61). We observed that the MYC
mRNA has m®A peaks in both the normal cells PrEC and
the cancer cells C4-2 in our MeRIP-Seq data (Supplementary
Figure S15). Intriguingly, Huang et. al. reported that MYC is
enriched with m®A modification and can be recognized by
the m®A reader IGF2BP, which could enhance its RNA sta-
bility (23). Zhao et. al. also found that m®A modification in
MYC enhanced the mRNA stability mediated by YTHDF1 in
OSCC (62). Meanwhile, a previous study demonstrated that
the instability of MYC can be caused by AU-rich element (63).
Therefore, it is likely that the relationship between m® A modi-
fication and RNA instability of MYC are mediated by different
mechanisms in these contexts. Despite of such individual ex-
amples of m°A on mRNAs of oncogenes in specific contexts,
the statistical enrichment of m®A on mRNAs of oncogenes is
slight and far less significant when compared to that of tumor
suppressors. Taken together, our data support the conclusion
that tumor suppressors tend to be significantly more enriched
with m®A methylation compared to oncogenes and random
control genes.

There might be a yet unclear mechanism underlying the
specificity and selectivity of METTL3 activity on RNAs of
tumor suppressors. We observed that RNAs of tumor sup-
pressors are more prone to m® A modification when compared
with RNAs of other genes such as oncogenes and house-
keeping genes. Further, the RNAs of tumor suppressors are
more vulnerable to the alteration of the m®A methyltrans-
ferase METTL3. It will be interesting to define RNA sequence
elements that might recruit m®A writers to the RNAs of tu-
mor suppressors. Such regulatory elements might recruit m®A
writers directly or indirectly through other potential RNA-
binding proteins. Such a mechanism of preferential m® A mod-
ification on RNAs of tumor suppressors is yet largely unclear.
However, previous studies have proposed models that might
guide specificity of m® A modification. For instance, m® A speci-
ficity may be mediated by histone modifications on chromatin,
the binding of transcription factors on enhancer DNA, or
some RNA-binding proteins interacting with the METTL3-
METTL14 complex (64). Histone modification patterns on
tumor suppressor genes in a normal cell tend to be different
from those on other genes such as housekeeping genes. For
instance, H3K4me3 tend to have a broad enrichment pattern
on tumor suppressor genes but a sharp enrichment pattern on
housekeeping genes (65). Whereas sharp H3K4me3 is
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associated with transcription initiation, the broad H3K4me3
is associated with transcription elongation (65). Another hi-
stone modification, H3K36me3, is a well-known marker of
transcription elongation. Notably, H3K36me3 was reported
to guide the recruitment of the m°A writer complex to spe-
cific DNA locations and thus facilitate co-transcriptional
m®A modification on RNAs (66). Meanwhile, it is reported
that METTL3 could bind to chromatin in regions carrying
H3K4me3 modification (67). Intriguingly, a recent study in
our lab reported significant enrichment of super enhancers
and broad H3K4me3 modifications at the gene loci of unsta-
ble RNAs. Meanwhile, METTL3 can preferentially bind to
super enhancers and broad H3K4me3 on these loci, and this
binding pattern positively correlated with m®A methylation
and negatively correlated with RNA stability of the methy-
lated genes. Therefore, it is possible that the broad H3K4me3
of tumor suppressor genes might guide a preferential bind-
ing of METTL3 on tumor suppressor genes. This mecha-
nism may potentially facilitate preferential co-transcriptional
mP®A modification on tumor suppressor RNAs. This hypoth-
esis would require comprehensive molecular and biochemi-
cal experiments to validate in future. Intriguingly, genes in-
volved in the regulation of alternative splicing were enriched
in the genes of mRNAs differentially methylated between can-
cer and normal (Figure 4K). These include 263 genes, such as
the LUC7L3, SON, SCAF11, THOC2, etc. It will be interest-
ing to understand in future how the regulation of these genes
by m®A put an effect on RNA alternative splicing, which is
frequently reported in cancer (68).

Transcription and RNA decay are two important processes
controlling the RNA level of gene expression at the tran-
scriptional and post-transcriptional levels, respectively. Inves-
tigation of gene expression regulation at the transcriptional
level has revealed multiple unique epigenetic modification sig-
natures on chromatin, e.g. super enhancers (69-71), broad
H3K4me3 (65), DNA methylation canyons (72), BLOCKs
(73), LOCKs (74), broad genic repression domains (BGRD),
and broad H3K27me3 (6). Some of these signatures were each
found to preferentially regulate a unique functional category
of genes. For instance, whereas super enhancers and cell type
specific broad H3K4me3 were found to regulate cell identity
genes, the broad H3K4me3 conserved between cell types were
found to regulate tumor suppressor genes (5,69,70). Further,
the BGRD conserved between cell types were found to reg-
ulate oncogenes (6). However, little is yet known about the
unique pattern of post-transcriptional regulation for a func-
tional category of genes. To the best of our knowledge, this
work revealed for the first time an m® A-mediated unique RNA
decay pattern in post-transcriptional regulation of tumor sup-
pressor genes.

The findings from this study could have a promising impli-
cation in the discovery of potential therapeutic targets for can-
cer treatment. The rapid turnover, low RNA stability, and pref-
erential m® A modification of tumor suppressor RNAs might
be useful features to uncover new tumor suppressor genes.
The false positive rate might be high if simply using each of
these features without a further manual curation. However,
accuracy might be significantly improved in future by combin-
ing a set of such features in an optimal manner using a ma-
chine learning model. The m®A levels of tumor suppressors are
markedly higher in the prostate cancer cells compared to nor-
mal prostate epithelial cells. The m°A writer protein METTL3
is up regulated in prostate cancers. Knockdown of the m°A
‘writer’ METTL3 and ‘reader’ YTHDEF2 in cancer cells pref-
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erentially improve stability of tumor suppressor RNAs. There-
fore, tumor suppressor RNAs could be more vulnerable to the
manipulation of RNA stability regulators. It might be promis-
ing to target these regulators to develop new therapy in future.

The new insights obtained from this work highlighted the
importance of RNA turnover rate analysis. Steady-state RNA
expression level couldn’t reflect the dynamic turnover of tran-
scripts. Genes with a similar steady-state RNA expression
level can have dramatically different transcription rate and
RNA decay rate. Maintaining a fast turnover of some tran-
scripts might be pivotal for the ability of cells to rapidly
respond to environment signals and stresses. The individ-
ual patterns of RNA turnover, including both transcription
and degradation, could denote unique biological implications.
Genes with the same RNA turnover pattern might represent a
group of genes sharing common function and expression reg-
ulation mechanism. For example, the observed frequent tran-
scription and fast decay of tumor suppressor genes in this
study. An analysis of steady state RNA level alone will not
be able to reveal such biological implication. Therefore, the
discovery in this work indicated the significance for the com-
munity to investigate RNA turnover in numerous biological
and disease models.
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