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Abstract: MicroRNAs (miRNAs) are key post-transcriptional regulators frequently dysregulated in cancer, yet how
somatic mutational patterns influence miRNA regulatory regions remains unclear. In this study, we integrated mu-
tation profiles, transition-transversion (Ti/Tv) ratios, and miRNA-gene interaction analyses across multiple TCGA
cancer subtypes to investigate how mutation patterns may affect miRNA binding regions. miRNA interactions were
strongly enriched in 3’ untranslated regions (3’UTRs), with fewer interactions observed in coding sequences (CDS).
Across cancers, miRNA regions exhibited moderate GC content (~51%), which typically predicts elevated Ti/Tv ratios;
however, most cancer cohorts showed markedly reduced Ti/Tv ratios, indicating a shift toward transversion-heavy
mutational processes. Because transversions generally produce greater nucleotide class changes than transitions,
this shift may increase the likelihood of disrupting sequence-specific miRNA binding. Supporting this, we identi-
fied missense mutations overlapping predicted miRNA binding sites within coding regions, highlighting a potential
intersection between somatic mutations and post-transcriptional regulation. Together, these findings suggest that
cancer-associated mutational patterns may reshape miRNA regulatory regions and alter miRNA-gene interactions,
providing insight into how somatic mutations impact gene regulation beyond protein-coding changes.
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Introduction

Cancer arises from the accumulation of so-
matic mutations in oncogenes and tumor sup-
pressor genes that disrupt normal cellular regu-
lation. In addition to protein-coding genes, non-
coding regulatory elements such as microRNAs
(miRNAs) play a critical role in cancer biology.
miRNAs are small noncoding RNAs that regu-
late gene expression post-transcriptionally, pri-
marily by binding to the 3’ untranslated region
(3'UTR) of target mRNAs, leading to mRNA
degradation or translational repression [1-6].
Through these mechanisms, miRNAs influence
key cellular processes including proliferation,
apoptosis, and tumor progression, and have
emerged as important biomarkers and poten-
tial therapeutic targets [7, 8]. Distinct miRNA
expression signatures have also been identi-

fied across multiple human cancers, further
supporting their diagnostic and prognostic rel-
evance [9]. Depending on their targets and
cellular context, miRNAs may function as ei-
ther oncogenic miRNAs (onco-miRNAs) or tu-
mor suppressor miRNAs, contributing to cancer
progression through dysregulation of post-tran-
scriptional regulatory networks.

Although miRNA binding predominantly occurs
in 3'UTRs, increasing evidence indicates that
miRNAs can also interact with coding sequenc-
es (CDS), where they may exert additional re-
gulatory effects [10-13]. Because miRNA-gene
interactions rely on sequence-specific comple-
mentarity, particularly within defined binding
regions, they are highly sensitive to nucleotide
changes, suggesting that mutations within non-
coding regulatory regions, including untranslat-
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ed regions and RNA-associated elements,
may contribute substantially to cancer biology
despite being overlooked in traditional protein-
centric analyses [14].

Cancer progression is driven by somatic mu-
tations, including single-nucleotide variants
(SNVs) and copy number alterations (CNASs)
[15]. SNVs can be classified as transitions or
transversions, and the transition-transversion
(Ti/Tv) ratio is commonly used to characterize
mutational patterns. In human miRNA regions,
which exhibit moderate GC content (~51%),
transitions are typically more frequent, result-
ing in expected Ti/Tv ratios ranging from 2.59
to 2.95 [15, 16]. However, cancer-associated
mutational processes can alter these patterns,
often increasing the prevalence of transver-
sions, which introduce more substantial nucle-
otide changes than transitions.

Despite extensive research on miRNAs and
cancer mutations, how cancer-associated mu-
tational patterns influence miRNA regulatory
regions remains poorly understood. In particu-
lar, it is unclear whether shifts in mutation
types affect miRNA binding regions in both
3'UTRs and coding sequences, and whether
such changes may disrupt miRNA-gene interac-
tions. Additionally, the extent to which soma-
tic mutations overlap with miRNA binding sites
has not been systematically examined across
five TCGA cancer subtypes: breast invasive
carcinoma (BRCA), bladder urothelial carcino-
ma (BLCA), kidney renal clear cell carcinoma
(KIRC), lung adenocarcinoma (LUAD), and sto-
mach adenocarcinoma (STAD).

To address these gaps, this study integrates
mutational signatures (including Ti/Tv ratios
and GC content) with miRNA-gene interaction
analyses across multiple cancer subtypes. By
examining the distribution of mutations and
their overlap with predicted miRNA binding
regions in both 3'UTRs and coding sequenc-
es, we aim to determine how somatic muta-
tional patterns may reshape miRNA regulatory
landscapes in cancer.

Methods
Data sources and cancer cohorts

Data used in this study were obtained from
The Cancer Genome Atlas (TCGA) through cBio-
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Portal and from previously published supple-
mentary datasets in Shen et al. [17]. Significant
genes and their associated miRNA-gene inter-
actions were extracted from Supplementary
Table 1 of Shen et al. [17]. Six cancer subtyp-
es were initially considered for analysis: breast
invasive carcinoma (BRCA), bladder urothelial
carcinoma (BLCA), kidney renal clear cell carci-
noma (KIRC), kidney renal papillary cell carci-
noma (KIRP), lung adenocarcinoma (LUAD),
and stomach adenocarcinoma (STAD). KIRP
was included in miRNA-gene interaction analy-
ses where sufficient data were available but
was excluded from GC content and Ti/Tv analy-
ses due to insufficient mutation counts that
precluded reliable statistical comparison. Final
cohort selection for each analysis is described
in the relevant subsection below. For each can-
cer subtype, somatic mutation data, including
mutation type and genomic coordinates, were
retrieved using cBioPortal. All analyses were
performed using publicly available datasets,
and no additional patient-level filtering or ex-
clusion criteria were applied.

Mutation classification and Ti/Tv analysis

Somatic mutation data for each cancer sub-
type were obtained from cBioPortal and
Supplementary Table 4 of Shen et al. [17].
Genetic alterations were categorized into sin-
gle-nucleotide variants (SNVs) and copy num-
ber alterations (CNAs). Only SNVs were includ-
ed in transition-transversion (Ti/Tv) analysis.
SNVs were classified as either transitions (pu-
rine-to-purine or pyrimidine-to-pyrimidine sub-
stitutions) or transversions (purine-to-pyrimi-
dine substitutions) based on the reported mu-
tation type. The total number of transitions
and transversions was recorded for each can-
cer subtype and for each miRNA strand (3p
and 5p). The Ti/Tv ratio was calculated for each
group as the number of transitions divided by
the number of transversions. Ratios were com-
puted separately for each cancer subtype and
strand to allow comparison of mutation pat-
terns across datasets. Because transition-
transversion classification applies only to sin-
gle-nucleotide substitutions, Ti/Tv analysis was
restricted to SNVs. The distribution of signifi-
cant CNA and SNV mutation types across
cancer cohorts is provided in Supplementary
Figures 1 and 2, respectively.
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MIiRNA binding site analysis in CDS and
3’UTRS

miRNA-gene pairs associated with each cancer
subtype were obtained from Supplementary
Table 1 of Shen et al. [17]. For each gene-miR-
NA pair, predicted binding interactions were
identified using DIANA-microT, which evaluat-
es sequence complementarity, binding energy,
and evolutionary conservation. Predicted mi-
RNA binding sites were categorized based on
genomic location as either within the coding
sequence (CDS) or the 3’ untranslated region
(3'UTR) of the target gene. For each cancer sub-
type, interactions were stratified by mutation
type (single-nucleotide variants [SNVs] or copy
number alterations [CNAs]), and the total num-
ber of CDS and 3’UTR interactions was quanti-
fied. To enable cross-cancer comparisons inde-
pendent of total interaction burden, CDS and
3'UTR interaction frequencies were also con-
verted into proportional distributions within
each cancer and mutation class (Supplemen-
tary Table 1). These data were used to com-
pare the relative enrichment of miRNA binding
across genomic regions and mutation types.

Gene-miRNA interaction categories were clas-
sified according to the oncogenic or tumor-sup-
pressive status of both the gene and asso-
ciated miRNA. Categories included onco-miR-
NA-oncogene (00), tumor suppressor miRNA-
tumor suppressor gene (TT), tumor suppressor
miRNA-oncogene (TO), and onco-miRNA-tumor
suppressor gene (OT) interactions.

Overlap of miRNA binding sites with somatic
mutations

Predicted CDS miRNA binding site coordinat-
es obtained from DIANA-microT were originally
annotated in hg38 and were converted to hg19
using the UCSC liftOver tool to ensure com-
patibility with somatic missense mutation coor-
dinates retrieved from cBioPortal. Converted
CDS coordinates were then compared with
hg19 mutation coordinates to identify geno-
mic overlaps between predicted miRNA bind-
ing regions and somatic missense mutations.

GC content analysis

miRNA sequences associated with significant
genes in each cancer subtype were obtained
from Supplementary Table 1 of Shen et al. [17]
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and retrieved from miRBase.org. Sequence
characteristics including accession number,
chromosomal location, and 5p and 3p se-
quences were recorded for each miRNA
(Supplementary Table 3). GC content was cal-
culated for each individual miRNA sequence
as the proportion of guanine and cytosine
nucleotides relative to total sequence length,
and values were averaged across miRNAs with-
in each cancer subtype and strand (5p and
3p) separately (Supplementary Table 4). Cancer
subtypes were included if they had sufficient
miRNA sequence representation across both
GC content and Ti/Tv analyses. Subtypes with
no available data in either analysis (LIHC,
PRAD, KICH, THCA) or data in only one analysis
(HNSC, LUSC) were excluded, yielding a final
cohort of five cancer subtypes: BRCA, BLCA,
KIRC, LUAD, and STAD.

Statistical analysis

Differences in GC content across cancer types
were assessed separately for 5p and 3p
strands using the Kruskal-Wallis test, a non-
parametric test appropriate for comparing dis-
tributions across multiple groups without as-
suming normality. Significant overall differenc-
es were followed by pairwise Dunn’s post-hoc
tests with Bonferroni correction, which com-
pared GC content between each pair of cancer
types individually while adjusting the signifi-
cance threshold to account for the increased
probability of false positives when conducting
multiple comparisons simultaneously. All sta-
tistical analyses were performed in Python 3
using the scipy and scikit-posthocs libraries.

Pairwise differences in Ti/Tv ratios between
cancer types were assessed using Fisher’s
exact test applied to 2x2 contingency tables
of transition and transversion counts. This test
evaluates whether the proportion of transi-
tions relative to transversions differs signifi-
cantly between two groups by calculating the
exact probability of the observed distribution.
Analyses were performed separately for 3p and
5p strands. KIRC was included in analyses but
interpreted cautiously due to limited mutation
counts (n = 13 for 3p, n = 12 for 5p). All sta-
tistical analyses were performed in Python 3
using the scipy library. Statistical significance
was defined as P < 0.05.
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Distribution of predicted miRNA binding interactions across CDS and 3'UTR regions by cancer
subtype and mutation class
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Figure 1. Proportional distribution of predicted miRNA binding interactions within coding sequences (CDS) and
3’ untranslated regions (3'UTR) across cancer subtypes and mutation classes (CNA and SNV). Across nearly all

analyzed cohorts, predicted interactions were strongly enriched in 3’'UTRs relative to CDS regions, indicating pres-
ervation of canonical miRNA targeting architecture despite mutational variation. Cancer-mutation groups lacking

detectable interactions were excluded.

Results

Overall amino acid mutation frequencies across
the analyzed cancer cohorts are provided in

Supplementary Table 2.

miRNA & gene interactions in CDS & 3'UTR

Across all analyzed cancer subtypes, predict-
ed miRNA-gene interactions were consistently
enriched in 3’ untranslated regions (3'UTRs)
relative to coding sequences (CDS). In every
cancer cohort, total 3'UTR interactions sub-
stantially exceeded CDS interactions, support-
ing the established predominance of 3'UTR-
mediated miRNA regulation. BRCA and LUAD
exhibited the highest overall interaction co-
unts, with 1,852 and 1,980 total 3'UTR inte-
ractions, respectively, while BLCA showed the
fewest interactions overall. Although CDS in-
teractions were detected in all major cohorts
except for limited subsets, they remained con-
sistently less frequent than 3'UTR interactions
across cancers. Among the analyzed cohorts,
KIRC demonstrated the highest relative pro-
portion of CDS interactions compared with
3'UTR interactions, suggesting modest varia-
bility in coding-region targeting frequency be-
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tween cancer types (Figure 1). Overall, these
findings indicate that while miRNA targeting
remains strongly concentrated in 3'UTRs, CDS
interactions are present across multiple can-
cers and may represent an additional layer of
regulatory complexity.

Across most cancer-mutation groups, CDS/
3'UTR ratios remained consistently low, rein-
forcing the dominant enrichment of predicted
miRNA interactions within canonical 3'UTR
regions. However, several notable deviations
were observed. LUAD-CNA demonstrated one
of the highest total interaction burdens overall,
with 168 CDS and 1,980 3'UTR interactions,
suggesting a comparatively broad regulatory
landscape despite preserved 3'UTR predomi-
nance (Table 1). KIRC-SNV also exhibited an
elevated CDS proportion relative to several
other cohorts, indicating that renal clear cell
carcinoma may retain comparatively greater
coding-sequence mMiRNA interaction potential
under SNV-associated alterations. In contrast,
BLCA-CNA showed extremely limited interac-
tion counts overall, with only a single 3’'UTR
interaction and no detectable CDS interac-
tions, suggesting minimal predicted miRNA reg-
ulatory involvement within this mutation class.

Am J Clin Exp Immunol 2026;15(3):244-254


https://e-century.us/files/ajcei/15/3/ajcei0173195suppltable2.xlsx

MiRNA mutation patterns and regulatory disruption across cancers

Table 1. Summary of predicted miRNA binding interactions across coding sequence (CDS) and 3’
untranslated region (3’UTR) regions by cancer subtype and mutation type

Cancer Total CDS Interactions Total 3'UTR Interactions CDS:UTR3 Ratio CDS %
BRCA 233 1852 0.126 111
BLCA 9 219 0.041 3.9
KIRC 158 776 0.204 16.9
LUAD 168 1980 0.085 7.8
KIRP 83 522 0.159 13.7
STAD 88 874 0.101 9.1

Normalized Frequency of Driver Missense Mutations Across Cancer Cohorts
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Figure 2. Normalized frequencies of miRNA-gene interaction categories
across cancer cohorts. Bars represent normalized frequencies of interac-
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work organization.

Overlap of CDS miRNA sites
with missense mutations

tions classified according to the oncogenic or tumor-suppressive status of
both the miRNA and associated target gene, including onco-miRNA-onco-

gene (00), tumor suppressor miRNA-tumor suppressor gene (TT), tumor
suppressor miRNA-oncogene (TO), and onco-miRNA-tumor suppressor gene
(OT) categories. Distinct interaction-category distributions were observed
across cancer types, suggesting variability in cancer-associated regulatory

network organization.

Additionally, LUAD-SNV and KIRP-CNA lacked
detectable predicted interactions entirely and
were therefore excluded from proportional an-
alyses. These outliers highlight that while the
overall architecture of miRNA targeting remains
strongly 3'UTR-centered, the total burden and
relative contribution of CDS interactions can
vary substantially depending on both cancer
subtype and mutation class.

Distribution of MiRNA-gene interaction

Distinct distributions of miRNA-gene interac-
tion categories were observed across cancer
cohorts (Figure 2). Several cancers demon-
strated relatively higher frequencies of onco-
genic interaction classes, whereas others ex-
hibited broader distributions across both onco-
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To investigate whether somat-
ic missense mutations may
intersect predicted miRNA reg-
ulatory elements within coding
regions, genomic coordinates
of predicted CDS miRNA bind-
ing sites were compared with missense muta-
tion positions across analyzed cancer cohorts.
Among all predicted CDS miRNA-gene interac-
tions, only three overlapping events were iden-
tified, indicating that direct intersection be-
tween coding mutations and predicted CDS
miRNA recognition elements is uncommon.

Three overlap events were identified across
distinct cancer subtypes (Table 2; Figure 3).
In KIRC, a predicted CDS miRNA binding site
within DIS3 overlapped a missense mutation
at chr13:73,340,159. In LUAD, FLT3 contained
a predicted CDS binding site overlapping a
missense mutation at chrl3:28,623,625. In
STAD, PTPRT demonstrated overlap between a
predicted CDS miRNA recognition region and a
missense mutation at chr20:40,790,029. The-
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Table 2. Predicted CDS miRNA binding sites overlapping somatic missense mutations across cancer

cohorts”
) ) - ) ) Missense Mutation
Cancer Gene miRNA Mutation Type  CDS Binding Site Coordinates .
Coordinates
KIRC DIS3 hsa-mir-653-3p Missense chrl13:73340148-73340175 chr13:73340159
LUAD FLT3 hsa-mir-548e-5p Missense chr13:28623608-28623626 chr13:28623625
STAD PTPRT  hsa-mir-3922-3p Missense chr20:40790018-40790035 chr20:40790029

“Predicted CDS miRNA binding sites and missense mutation positions were standardized to hg19 coordinates prior to overlap
analysis. Predicted coding-sequence (CDS) miRNA binding coordinates were compared with somatic missense mutation posi-
tions after genomic coordinate harmonization to hg19. Only gene-miRNA pairs demonstrating direct genomic overlap between
the mutation coordinate and predicted CDS miRNA recognition interval are shown.

DIS3 (KIRC; hsa-mir-653-3p)
chr13: 73340148
(]

73340159

73340175

FLT3 (LUAD; hsa-mir-548e-5p)
chr13: 28623608 28623626
1

28623625

PTPRT (STAD; hsa-mir-3922-3p)
chr20:40790018 40790035

40790029

Figure 3. Schematic representation of somatic mis-
sense mutations overlapping predicted CDS miRNA
binding sites. Schematic representation of the three
identified cases in which somatic missense mutation
coordinates fell within predicted coding-sequence
(CDS) miRNA binding regions following genomic co-
ordinate harmonization to hg19. Horizontal bars rep-
resent predicted CDS miRNA recognition intervals,
and vertical markers indicate missense mutation po-
sitions. Equal bar lengths are schematic and do not
represent absolute genomic distance.

se events represent candidate loci where co-
ding mutations may coincide with predicted
post-transcriptional regulatory regions.

Although rare relative to the broader predomi-
nance of 3’UTR miRNA targeting, these overlap
events highlight potential sites where soma-
tic coding mutations may affect both protein
sequence and predicted miRNA-mediated re-
gulation. While computational overlap alone
does not confirm functional disruption, these
candidate loci suggest a possible intersection
between mutational and post-transcriptional
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regulatory mechanisms that may warrant fu-
ture experimental validation.

GC content

GC content of miRNA-associated sequences
ranged from approximately 42-52% across all
five cancer types and both strands, consistent
with the established baseline of approximately
51% for human miRNAs [18]. Mean GC content
for the 5p strand ranged from 43.92% (BLCA) to
50.66% (BRCA), and for the 3p strand from
42.48% (BLCA) to 51.68% (STAD) (Table 3).
Results for BLCA should be interpreted cau-
tiously given the limited number of miRNA
sequences available for that cohort (n = 8 per
strand). Kruskal-Wallis testing revealed stati-
stically significant differences in GC content
across cancer types for both the 5p strand (H =
11.668, P =0.020) and 3p strand (H = 11.951,
P = 0.018). However, pairwise Dunn’s post-hoc
tests with Bonferroni correction identified only
one significant pairwise difference: BRCA ver-
sus LUAD on the 5p strand (P = 0.019). No sig-
nificant pairwise differences were detected on
the 3p strand (Figure 4).

Transition-transversion ratio

Ti/Tv ratios varied substantially across cancer
types and between strands (Table 4; Figure 5).
On the 3p strand, STAD exhibited the highest
Ti/Tv ratio (3.25), indicating strong transition
dominance, while LUAD showed the lowest ra-
tio (0.29), reflecting a predominance of trans-
versions. On the 5p strand, STAD again showed
the highest ratio (2.31), while KIRC showed the
lowest (0.71). Fisher’s exact tests revealed sig-
nificant pairwise differences in Ti/Tv ratios on
the 3p strand between LUAD and STAD (P <
0.0001), BLCA and LUAD (P = 0.0003), BRCA
and LUAD (P = 0.005), and LUAD and KIRC
(P = 0.005, interpreted cautiously due to small
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Table 3. GC content summary

regions. By combining sequ-

Cancer N(5p) Mean5p (%) SD5p N(3p) Mean3p(%) SD3p ence composition (GC  con-
BRCA 296 50.66 10.98 296 49.70  11.58 tTe”t)' ?“tat'ona(;,d}[’”:m'c,; E\IT/'\/
BLCA* 8 43.92 559 8 42.48 3.13 v ratios), predicted miRNA-
KIRC 101 49.26 1006 100 4769 11.70 gene interaction distributions,

) ) ) ) and overlap between coding-
LUAD 282 48.42 10.98 282 47.75 11.26 sequence mIRNA binding sites
STAD 53 50.04 10.64 53 51.68 9.12 and somatic missense muta-

*BLCA counts are limited (n = 8 per strand) and should be interpreted cautiously.

704
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BRCA BLCA

KIRC

LUAD

Figure 4. Mean GC content of miRNA-associated sequences across five
cancer subtypes. Bars represent mean GC content (%) for 5p (teal) and 3p
(salmon) miRNA strands within each cancer type. Error bars indicate one
standard deviation. The dashed line represents the established baseline
GC content of approximately 51% for human miRNAs [15]. Cancer subtypes
with insufficient data were excluded. BRCA: n = 296; BLCA: n = 8; KIRC: n =

100-101; LUAD: n = 282; STAD: n = 53.

counts for KIRC). On the 5p strand, significant
differences were identified between LUAD and
STAD (P = 0.005) and BRCA and STAD (P =
0.028). Notably, KIRC exhibited marked strand
asymmetry, with a 3p Ti/Tv ratio of 2.25 com-
pared to 0.71 on the 5p strand, suggesting
strand-specific differences in mutational pres-
sure. With the exception of STAD, all cancer
cohorts fell below the expected baseline Ti/Tv
range of 2.59-2.95 for healthy human miRNA
regions, indicating a consistent shift toward
transversion-enriched mutational patterns in
cancer-associated miRNA loci.

Discussion

Our integrated analysis suggests that although
miRNA sequence architecture remains broad-
ly conserved across cancers, cancer-specific
somatic mutational processes substantially re-
shape mutational signatures and may alter reg-
ulatory landscapes within miRNA-associated
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STAD

tions, this study provides a
comparative framework linking
stable molecular architecture
with tumor-specific genomic
disruption. Because miRNAs
regulate pathways involved
in tumorigenesis, metastasis,
and interpatient heterogeneity,
disruption of miRNA-associat-
ed regulatory regions may have
broader implications for can-
cer progression and therapeu-
tic response [19].

Strand
s 5p
s 3p

Baseline ~51%

GC content remained relative-
ly conserved across analyzed
cancer cohorts (~42-52%), clo-
sely approximating the estab-
lished baseline of ~51% for
human miRNAs reported by
Guo et al. [18]. This conser-
vation is biologically expected,
as GC-rich stem regions are
essential for maintaining the
hairpin secondary structure re-
quired for miRNA maturation, Dicer processing,
and RISC loading [18, 20-24]. Although Kruskal-
Wallis testing detected overall statistical differ-
ences across cancers, the near absence of
significant pairwise differences suggests that
most variation is minor relative to the broader
structural conservation of miRNA loci. These
findings indicate that despite extensive genom-
ic instability in cancer, miRNA regions remain
under selective pressure to preserve core
sequence architecture, supporting GC content
as a conserved biochemical baseline rather
than a primary driver of inter-cancer mutational
divergence.

In contrast to this conserved baseline, Ti/Tv
ratios varied substantially across cancer ty-
pes and frequently deviated from the expected
healthy-miRNA range of 2.59-2.95 [18]. LUAD
demonstrated pronounced transversion enrich-
ment, particularly on the 3p strand, consistent
with tobacco-associated G—T transversion sig-
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Table 4. Ti/Tv counts and ratios

can override intrinsic nucleo-

Cancer 3pTi 3p Tv 3p Ti/Tv 5pTi

5p Ti/Tv tide predispositions, produc-

BRCA 20 17 1.18 16
BLCA 27 16 1.69 29
KIRC* 9 4 2.25* 5

LUAD 9 31 0.29 29
STAD 39 12 3.25 37

ing cancer-specific mutational

0.84

112 landscapes. Such mutation-

0.71 associated signatures have
increasingly been explored as

S;i biomarkers for cancer classifi-

*KIRC counts are limited (n < 20 per strand) and should be interpreted cautiously.

3p 5p

BRCA - 1.18

BLCA - 1.69 1.11 30

KIRC - 2.25

Figure 5. Transition-transversion (Ti/Tv) ratios across
five cancer subtypes and miRNA strand orientation.
Each cell displays the Ti/Tv ratio for the indicated can-
cer type (rows) and strand (3p or 5p, columns). Color
intensity reflects the magnitude of the ratio: red indi-
cates transition-dominant mutational patterns, blue
indicates transversion-dominant patterns, and white
approximates the midpoint of the established base-
line Ti/Tv range of 2.59-2.95 for healthy human miR-
NA regions [15]. KIRC results should be interpreted
cautiously due to limited mutation counts (3p: n = 13;
5p: n = 12). Ticks on the color scale denote the estab-
lished baseline Ti/Tv range of 2.59-2.95 for healthy
human miRNA regions [15].

N
o
v Ratio

LUAD -

STAD - 2.31

natures widely reported in lung adenocar-
cinoma [18]. Conversely, STAD most closely
approached or exceeded expected transition-
dominant baselines, potentially reflecting mu-
tational processes associated with microsatel-
lite instability or other gastric-specific signa-
tures [25-29]. These findings suggest that whi-
le miRNA loci maintain conserved sequence
composition, external mutagenic pressures
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cation, exposure history, and
therapeutic stratification [30].
Thus, sequence composition
alone does not determine mutational outcome;
rather, somatic mutagenesis appears to be
the dominant force shaping cancer-associated
miRNA mutation patterns.

Our miRNA-gene interaction analysis further
contextualizes these sequence-level findings
by demonstrating that predicted miRNA tar-
geting remained overwhelmingly enriched in
canonical 3'UTR regions across all cancers,
consistent with established models of miRNA-
mediated post-transcriptional repression [2-6].
Differences in the distribution of oncogenic and
tumor-suppressive miRNA-gene interaction cat-
egories further support the presence of cancer-
specific regulatory landscapes. Variability in the
balance between oncogenic and tumor-sup-
pressive interactions may contribute to differ-
ences in post-transcriptional dysregulation ac-
ross tumor types. Although CDS interactions
were consistently less frequent, they were de-
tectable across multiple cancer types, suggest-
ing that coding-sequence targeting may repre-
sent a secondary but biologically relevant layer
of regulatory complexity [10-13]. The relative
enrichment of CDS interactions in select co-
horts such as KIRC suggests that some can-
cers may exhibit modestly greater potential
for noncanonical regulatory targeting, though
3'UTR dominance remained the overarching
pattern.

Importantly, direct comparison of predicted
CDS miRNA binding coordinates with somatic
missense mutation sites identified only three
overlap events (DIS3 in KIRC, FLT3 in LUAD, and
PTPRT in STAD). While rare, these loci are
potentially significant because they represent
candidate sites where coding mutations may
simultaneously alter protein structure and dis-
rupt predicted miRNA-mediated regulation [31].
This rarity is itself biologically informative: most
somatic missense mutations and most pre-
dicted miRNA regulatory interactions appear to
operate independently, suggesting that direct
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mechanistic convergence is uncommon rather
than widespread. However, where such conver-
gence occurs, it may represent disproportion-
ately important regulatory vulnerabilities that
warrant functional validation through luciferase
assays, CLIP-seq, or transcriptomic analysis.

Together, these findings support a hierarchical
model of miRNA-associated mutational biology
in cancer. At the structural level, conserved GC
content preserves the biochemical integrity of
miRNA loci. At the mutational level, cancer-
specific somatic processes reshape Ti/Tv ra-
tios independently of this conserved baseline.
At the regulatory level, miRNA interactions re-
main predominantly concentrated in canonical
3'UTRs, while rare CDS overlaps with missense
mutations may define specialized sites of dual
functional consequence. Rather than acting as
isolated observations, these layers collectively
illustrate how stable miRNA biology coexists
with divergent tumor-specific mutagenesis to
produce distinct regulatory landscapes across
cancers.

Several limitations should be considered. First,
miRNA binding site predictions were computa-
tionally derived using DIANA-microT and were
not experimentally validated; therefore, pre-
dicted interactions and overlap events do not
confirm functional disruption. Second, muta-
tion counts were aggregated across TCGA
cohorts without normalization for cohort size
or tumor-specific mutation burden, which may
influence direct cross-cancer comparisons. Th-
ird, Ti/Tv analyses were based on published
mutation classifications and do not incorpo-
rate broader context-specific mutational frame-
works such as trinucleotide signatures. Fourth,
limited sample sizes in select cohorts (particu-
larly BLCA and some strand-specific analyses)
may reduce statistical power. Finally, while this
study identifies associations between muta-
tion patterns and miRNA-associated regions, it
does not establish direct mechanistic conse-
quences, which would require molecular or
transcriptomic validation.

Future studies should investigate whether tran-
sversion-enriched mutational processes alter
mMiRNA hairpin stability, strand selection, or
target-binding capacity through RNA second-
ary-structure modeling and experimental as-
says. Additionally, the rare CDS-overlap loci
identified here may serve as priority candidat-
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es for functional validation to determine whe-
ther somatic mutations can directly disrupt
miRNA-mediated coding-region regulation. Cli-
nically, cancer-specific Ti/Tv deviations in mi-
RNA loci may also warrant exploration as bio-
markers of mutational exposure or tumor-spe-
cific regulatory disruption [32].

Overall, this study establishes an integrated
framework linking conserved miRNA sequence
architecture with cancer-specific mutational
dynamics and regulatory targeting. By demon-
strating that stable structural constraints coex-
ist with divergent mutational pressures and
occasional sites of regulatory-coding conver-
gence, these findings expand current under-
standing of how miRNA biology intersects with
somatic mutation processes across cancers.

Conclusion

This study examined how somatic mutational
patterns relate to miRNA regulatory regions
across five cancer subtypes by integrating
GC content, transition-transversion ratios, and
miRNA-gene interaction analyses. Predicted
miRNA-gene interactions were strongly enrich-
ed in 3'UTR regions across all cancer cohorts,
with coding sequence interactions detected
but consistently less frequent, and three can-
didate loci were identified where somatic mis-
sense mutations directly overlapped predicted
CDS miRNA binding sites. Together, these anal-
yses reveal that cancer-associated mutational
processes affect miRNA regulatory regions in
ways that extend beyond what standard muta-
tion classification captures.

At the sequence level, GC content was largely
conserved across cancer types, while Ti/Tv
ratios varied substantially and fell below the
expected baseline of 2.59-2.95 in all cohorts
except STAD. This divergence demonstrates
that cancer-specific mutational signatures, su-
ch as tobacco smoke-associated G—T trans-
versions in LUAD, reshape miRNA loci indepen-
dently of underlying sequence composition.
The predominance of miRNA interactions in
3'UTR regions suggests that this conserved
regulatory architecture remains intact across
cancer [3, 5, 13]. However, the rare conver-
gence of somatic missense mutations with
predicted CDS miRNA binding sites indicates
that coding mutations may occasionally disrupt
both protein function and post-transcriptional
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regulation simultaneously. This is a dual conse-
quence not captured by standard mutational
annotation alone.

These findings carry potential biological and
clinical significance. At the biological level,
transversion enrichment in miRNA loci may
systematically compromise miRNA regulatory
capacity in cancers driven by specific environ-
mental mutagens, providing a mechanistic link
between mutagen exposure and post-trans-
criptional dysregulation. The identification of
CDS overlap events further suggests that se-
lect somatic mutations may have compounded
regulatory consequences beyond their effects
on protein structure, representing a potentially
underappreciated mechanism of gene regula-
tory disruption in cancer. At the clinical level,
cancer-specific Ti/Tv profiles in miRNA regions
may serve as candidate biomarkers for tumor
mutational signature characterization, with po-
tential utility in liquid biopsy applications where
miRNA mutation patterns could inform tumor
identity or treatment response [33-35]. Future
experimental validation, including luciferase
reporter assays for the identified CDS overlap
loci and larger cohort analyses, will be neces-
sary to determine whether these patterns have
direct prognostic or therapeutic relevance.
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Supplementary Figure 1. Significant mutation analysis of CNA.
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Supplementary Figure 2. Significant mutation analysis of SNV.



