mlA methylation modification patterns and metabolic characteristics in hepatocellular carcinoma
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Supplementary materials and methods

Data collection

Two RNA sequencing (RNA-seq) datasets were used in the current study: The Cancer Genome Atlas (TCGA,
liver hepatocellular carcinoma (LIHC), https://www.cancer.gov/) and International Cancer Genome Consortium
(ICGC) (LIRI-JP, www.icgc.org). HCC patients with RNA-seq data (fragments per kilobase per million reads,
FPKM) and corresponding clinical information were enrolled in March 2021. Patients diagnosed with primary
solid HCC with age > 18 years were included, and patients with a history of preoperative adjuvant therapy, those
lacking survival time information or those with a survival time of less than 30 days were excluded. In case of
different samples derived from one patient were also excluded. Finally, we enrolled 330 patients from the TCGA
cohort and 194 patients from the LIRI-JP cohort. The clinicopathological information of all patients is listed in
Table S1. We also obtained somatic mutation data (MuTect 2) and copy number variation (CNV) data from the
TCGA database. The mutation landscapes were presented as waterfall plots using the “maftools” package, and the
CNV landscape of the m1A regulators was plotted by the “RCircos” package. In addition, the RNA-seq data and
corresponding survival information of 33 types of cancer were downloaded from the TCGA database for pan-
cancer analysis. FPKM values were transformed into transcripts per kilobase million (TPM) values.
Unsupervised clustering of m1A regulators and identification of differentially expressed genes (DEGs)

Ten genes that were reported as m1A modification regulators were retrieved, including 4 methyltransferases
(TRMT10C, TRMT61B, TRMT6 and TRMT61A), which are also called “writers”, 2 demethylases (ALKBHI1
and ALKBH3), which are also called “erasers”, and 4 binding proteins (YTHDF1, YTHDF2, YTHDF3 and
YTHDC1), which are also called “readers”. Unsupervised cluster analysis was performed in the TCGA cohort
using the “ConsensusClusterPlus” package to identify distinct m1A modification patterns based on the expression
of the 10 m1A regulators. The “limma” package was used to investigate the DEGs between distinct m1A
modification patterns. The DEGs were determined by an adjusted value of P < 0.05 and |log; fold change (FC)| <
1.

Gene set variation analysis (GSVA)

In the HALLMARK gene sets, 50 hallmarks, which represent 50 well-defined biological activities, were classified
into seven major processes related to cancer 1. We used the “GSVA” package to detect the enrichment difference
in each hallmark between different m1A modification patterns and identified processes associated with each
pattern. Shen et al reported 49 metabolism-associated pathways and divided these pathways into four major
metabolic categories, including carbohydrate, lipid, amino acid and other metabolic categories 2. We obtained
these pathways from the Kyoto Encyclopedia of Genes and Genomes (KEGG) and BIOCARTA gene sets and
calculated an enrichment score corresponding to each metabolism-associated pathway for each sample by GSVA.
In addition, GSVA was also performed based on the mRNA methylation gene signatures in GOBP to investigate
the mRNA methylation level. All gene sets were downloaded from the Molecular Signatures Database (MSigDB)
(https://www.gsea-msigdb.org/gsea/msigdb/index.jsp), and a statistically significant difference was defined as
adjusted P < 0.05.

Generation of an m1A scoring system

We generated a scoring system for the clinical estimation of the m1A modification pattern and metabolic
characteristics of individual patients—the m1Ascore. The procedures were as follows: first, overlapping genes were
extracted from the DEGs, and unsupervised cluster analysis was performed based on the overlapping genes to
group patients into different clusters. Next, we defined the overlapping genes that had positive and negative
correlations with the cluster signature as gene signatures A and B and used the Boruta algorithm to reduce the
dimensions of gene signatures A and B. Finally, principal component analysis (PCA) was conducted to generate

the scoring system. Principal component 1 was selected, and the m1Ascore was defined as®:


https://www.gsea-msigdb.org/gsea/msigdb/index.jsp

mlA score = Y. PCla- Y. PClp
Estimation of drug sensitivities
The Cancer Therapeutic Response Portal (CTRP)* and PRISM °®datasets are two large pharmacogenomic
databases that provide drug sensitivity data for thousands of compounds in terms of the area under the dose-
response curve (AUC) values. Patients who showed lower estimated AUC values had higher rates of clinical
benefit from the given compound®. We collected compounds from the CTRP and PRISM datasets (cell lines
derived from hematopoietic and lymphoid tissues were excluded) and applied the ridge-regression model in the
“pRRophetic” package to obtain the estimated AUC value of each compound in each sample for drug screening’.
CMap analysis was applied to generate a connective score which ranging from -100 to 100 for each compound,
and compounds with scores < -95 indicated that patients might benefit from this intervention®. We applied the
Tumor Immune Dysfunction and Exclusion (TIDE) algorithm® and subclass mapping'® to predict the patient
response to immune checkpoint inhibitors. For subclass mapping, the data of 47 patients with melanoma were
obtained 1.
Statistical analysis
R 4.0.1 was applied to carry out all statistical tests. The Wilcoxon rank-sum test and Kruskal-Wallis test were used
for comparisons of continuous variables between two groups and more than two groups, respectively.
Comparisons of categorical variables were performed by the chi-square test or Fisher’s exact test. Correlations
between two continuous variables that were normally distributed were evaluated by Pearson’s r correlation, and
variables that were nonnormally distributed were evaluated by Spearman’s rank order correlation. The Kaplan-
Meier (KM) method was used to perform survival analysis, and the log-rank test was used to detect significant
differences in survival. Cox proportional hazards regression analysis was used to identify parameters with
prognostic value, and parameters identified as independent factors were used to establish a nomogram. Time-
dependent receiver operating characteristic (tROC) analysis and calculation of the areas under the curve at
different time points [AUC(t)] were performed via the “survival ROC” package. The performance of the
nomogram was also assessed by the calibration curves and decision curve analysis (DCA). The bootstrapping
method (1000 resamples) was performed for internal validation. All tests were two-sided, and a P value < 0.05

was considered statistically significant.
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Table S1: Clinical Characteristics of the HCC patients in TCGA and ICGC.

(A) Clinical characteristics of LIHC cohort (n=330).

Characteristics Patients 330 (100%) Characteristics Patients 330 (100%)
Age Family cancer history
<=60 160(48.5%) no 187 (56.7%)
>60 170(51.5%) yes 101 (30.6%)
Sex Unknown 42 (12.7%)
Female 105 (31.8%) Residual tumor
Male 225 (68.2%) RO 294 (89.1%)
Race R1+R2 14 (4.2%)
White 157 (47.6%) Unknown 22 (6.7%)
Asian 147 (44.5%) m1lA score
other 16 (4.9%) low 215 (65.2%)
Unknown 10 (3.0%) high 115 (34.8%)
BMI Cancer status
<18.5 18 (5.5%) tumor free 206 (62.4%)
18.5-25 140 (42.4%) with tumor 103 (31.2%)
>=25 148 (44.8%) Unknown 21 (6.4%)
Unknown 24 (7.3%) Child pugh
Stage A 198 (60.0%)
1+2 227 (68.8%) B+C 20 (6.1%)
3+4 81 (24.5%) Unknown 112 (33.9%)
Unknown 22 (6.7%) Fibrosis ishak score
Grade 0 67 (20.3%)
1+2 205 (62.1%) 1-4 54 (16.4%)
3+4 120 (36.4%) 5-6 70 (21.2%)
Unknown 5 (1.5%) Unknown 139 (42.1%)
(B) Clinical characteristics of LIRI-JP cohort (n=194).
Characteristics Patients 194 (100%) Characteristics Patients 194 (100%)
Age Cancer history
<= 60 43 (22.2%) no 126 (65.0%)
> 60 151 (77.8%) yes 68 (35.0%)
Sex Prior maligancy
Female 50 (25.8%) no 171 (88.1%)
Male 144 (74.2%) yes 23 (11.9%)
Stage (LCSGJ) mlA score
1+2 123 (63.4%) low 166 (85.6%)
3+4 71 (36.6%) high 28 (14.4%)
Treatment
no 140 (72.2%)
yes 54 (27.8%)

LCSGJ: Liver Cancer Study Group of Japan
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Figure S1. Expression levels of m1A regulators in HCC and normal tissues. (A) Heatmap visualizing the expression levels of m1A
regulators in HCC and normal tissues. (B) Expression levels of m1A regulators in pairs HCC and adjacent normal tissues.



PC3

A consensus matrix k=3 B Delta area
|

E@EA%EE&W& ;I&Mmm———,ﬁamm | O

ORO
wN -
0.5

0.4

nder CDF curve

0.3

0.2

relative change in area u

0.1
/O
o

°O— o©
—o0

0.0

subtype1 © subtype2 subtype3

II|J|1i “I |I||"||I |I1 IIII Irllllll |!|| | “l | | FI‘ | u | | ||| ||||||||“II |:| 1||
‘rll' ‘..|..§'.\.!.:.'u:n i wi N '-L'ﬂ.!" | A .l--J i i
l LIRIT | I III| II|I I| | | I:r” ] L IIhlllll:lll 1| II|I|

IIIIIIL IH:I:IIIIII ! hi I II1III|:’+I‘II||||!i IquIII il:l*lr " Ir‘:lrlJ 'IIHIF:III |]|||t IIIIIIIIIIIIII IIIIIFIII‘I Jlllllllrullllllll?l IIP
: - Carbohydrates Ir'li':l I|!!|| 'I'|!|’|| i i 'I'| | '“”" | ]'l II|' luhi'lp |III J! o |I1|I||l|
N | Ih | II|JI ] II# I“ II!III IIIII:II:I |||'||I I | :III “: || | 1|| |I I|I
o | N r||| Jl'rhluh'hlﬂ ” |:|I|||1 u l I|||| :!| i |'I|”II :1 ' l””qul‘
‘I_ ’ 2 8 Linid 1T| [Hlllllll |"| I!lll IIIII:I IIII I"I i II|I |I| | IIIIIIII: Il 1l|||II|I|II|I|I ﬁ l |: || IIllhlll | I| ”:II
~N 1 P I” i 1 ||1||| +|I III" I || ' |||I I|||||| | i I||| III|| rlllllllI
Ci) -1 0 ||| 'II ||I h | Ii *III | III|| || | I "II:ll | ' 1 II| Ill I| |
<:l' - : “4 -3 _2 I+h|||l &I ItlljllllF || ‘|1 | 1 Iullllr"““ | |||h|‘ rlk 1||||1I’ Wr rJ ” | |

" ."..uI,', i ‘|'
L e

| I
PCA1 11! II Ill Illlll Iilllllrl | |

Figure S2. Unsupervised clustering of m1A regulators and metabolic characteristics in each cluster. (A) Consensus matrices for k = 3. (B) Delta area curve.
(C) Principal component analysis of m1A regulators identified three m1A modification patterns. (D) Heatmap visualizing the gene set variation analysis enrichment scores of
metabolic-related pathways in subtype 1-3.




A

subtypel vs subtype2

o Delta area
consensus matrix k=3
subtypel vs subtype3 |
0 |
o o
— Sl |5
m 2
ggj_# 0 3 o
>
= <
3 o
L
(|
®)
@
©
c
S
T ™
o -
E o
=
o o]
(o))
c
®
-
O
()
2 N
© o
0
o T 0]
I I I I I
2.0 2.5 3.0 3.5 4.0
subtype3 vs subtype2 K

Figure S3. m1A subtype-related overlap genes and unsupervised clustering of the overlap genes.
(A) Venn diagram visualizing 270 m1A subtype-related overlap genes. (B) Consensus matrices for k = 3. (C) The Delta area curve.
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Figure S4. Characteristics in high and low m1Ascore groups. (A) Expression levels of m1A regulators in high- and low-m1Ascore groups.
F) Fatty acid metabolism. (G) Others metabolism. (H) Difference in TMB between high- and low-m1Ascore groups.

(
(
(
(



100~

1
0.8
. m1Ascore—High

0.6
.. P=0.384 m1Ascore-Low

0.4
... m1Ascore—High

75+

65%

70%

Responder
50 -

Percent

onjend | N

o - - 0.2
28 E ? ? pvalue
- 3 Py Nominal p value
A Py

- Bonferroni corrected

Hilgh Low
m1Ascore
Figure S5. Difference in immunotherapy response between high- and low-m1Ascore groups.
(A) Barplots visualizing the proportion of patients responded to immunotherapy in high- and low-m1Ascore groups.

(B) Subclassing mapping showing no significant difference in the proportion of patients responded to immunotherapy
between high- and low-m1Ascore groups.



Type Normal Tumor B

>

1.00 1

*k% *k%k *k% *k*k *k% *% *k%k *k% *k%k

0.751

0.50 1

Gene expression
N
Survival probability

21 0.251 m1Ascore == High (n = 28) == Low (n = 166)

T T =0.037
0.00{ °

FFTLELEEES T T T
& & & F I & o 1 2 3 4 5 6
S R I O OIS

Time (years)

Subgroups Univariable analysis P value HR (95% CI) Multivariable analysis P value HR (95% CI)

Age (years)

<=60 - 1 - 1

>60 —— 0.83 0.92 (0.41,2.03) vt 0.29 0.64 (0.28,1.47)
Sex

Female - 1 - 1

Male — 0.07 0.51 (0.25,1.05) - <0.01 0.30 (0.14,0.65)
LCSGJ_Stage

[+11 - 1 - 1

H+1V <0.01 2.81 (1.41,5.62) <0.001 4.95 (2.27,10.8)
Treatment

No - 1 - 1

Yes —— 0.15 1.68 (0.83,3.37) bro—t 0.44 1.33 (0.64,2.77)
Cancer_history

No - 1 - 1

Yes —— 0.84 0.93 (0.45,1.92) —— 0.92 1.04 (0.49,2.19)
Prior_malignancy

No - 1 - 1

Yes 0.12 2.04 (0.84,4.97) <0.01 4.07 (1.55,10.69)
m1Ascore

low - 1 - 1

high 0.04 2.23 (1.03,5.08) — <0.01 3.50 (1.52,8.09)

rrrrrrrrrr1i rrrrrrrrrrrn
05115 2 25 3 354 455 55 0141 2 3 4 5 6 7 8 9 1011
Hazard_Ratio Hazard_Ratio

Figure S6. External validation of m1Ascore in ICGC-JP cohort. (A) Expression levels of m1A regulators in
hepatocellular carcinoma and normal tissues. (B) Overall survival of high- and low-m1Ascore groups and the survival
difference was evaluated by log-rank test. (C) Forest plot showing the results of univariate and multivariate Cox analyses.



uoissaldxe aua9)

Normal Tumor

Type

Normal Tumor

Type

*k%k

*%

*kk

*k%k

*k%k *k%k

*k%

*kk *k%k

*k%k

*%

*k%k *k%k *% *k%k *k%k *k% *% *% *kk

*k%k

*k*k *k%k *k%k *kk

*k*k

©

-
uoissaidxa cHEM TV

N

-
uoissaldxa 9] INML

*
*
*
*x
*
*
*x
*
*
*
x
x
*x
*
*
*
*
x
*x
*x
x
*x
x
*x
x
x
x
x
*
L] L] L] L]
N~ (o) (o] <t
uoissaidxa | OAHLA
*
*
*
x
*
*
x
x
*
x
x
*
x
*
x
£ 3
*
*
*
*
*
*
x
*
*
x
E 3
*
x
*
*
x
x
*
*
x
*
x
£ 3
L] L] L]
[eo} © <

uoissaldxa D0 L LINYL

*kk *kk *kk *kx *k* *k* *k%* *%

*%

*k%k *kk *kk *kk *% *k* *%

*kk

*k*k *k*k *k*k *k%k *k*k *kk *k*k

*k*k

*kk

*k%k *kk *kk

*k*k

©
uoissaldxa | 4aHLA

<

©

-
uoissaldxa V91 INYL

AN

*%

*k%*

*k%k

*kk *%

*kk

*kx *k%k *% *k* *k%k

*kk

*k%k

*kk

*k%k *k%k *k%

*%

*k*k *k% *% *k%k *k%k

*k%k

© <
uoissaldxa z4aHLA

A ~
uoissaldxa gL91 NYL

*k%k kK

*k*k

*k*k

*k*k

*k%k

*k%k

*%

*k*

*% *kk

*kk

*kk *kk *kx *% *k* *% *%k%

*kk

© <
uoissaldxa €4AHLA

0 < ™
uoissaldxa LHMTV

Figure S7. Expression levels of m1A regulators in TCGA cohort across pan-cancer analysis. (A) Expression distribution of m1A regulators in 33 cancer types.

(B) Expression levels of m1A regulators in tumor tissues compared with the control tissues.



