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Identification of tumour immune infiltration-
associated snoRNAs (Tlisno) for predicting prognosis
and immune landscape in patients with colon cancer
via a Tlisno score model
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Summary

Background Colon cancer (CC) is the leading cause of tumour-related death worldwide. SnoRNA plays a critical role
in the tumour microenvironment. The tumour microenvironment can be shaped by tumour-infiltrating immune
cells, which control the destiny of immunotherapy efficacy. This study uniquely focused on snoRNAs derived from
immune cells to identify new biomarkers for immune landscape.

Methods A novel computational framework was initiated for identifying tumour immune infiltration-associated
snoRNAs (TIIsno) signatures and developed a TIIsno score model from integrative snoRNA profiling analysis of 21
purified immune cell lines, 43 colon cancer cell lines, and three datasets (training, test, real-world validation set).

Findings Our study found that a high TIIsno score was associated with poor CC prognosis. TIIsno scores were seen
to be negatively correlated with (I) the infiltration level of most immune cells, (II) the inhibitory immune check-
points expression level, and (III) the immune score. These findings, taken together with the observation that TIIsno
score is lower in MSI-H patients, suggests that patients with a low TIIsno score may have a better response to
immunotherapy.

Interpretation In conclusion, we successfully identified TIIsno and constructed a TIIsno score model, a new poten-
tial biomarker of immunotherapy response, which can effectively predict the prognosis of CC patients as well.
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Research in context

Evidence before this study

Colon cancer (CC) is the leading cause of tumour-related
death among people. MSI-H/dMMR are the major pre-
dictors of immune checkpoint inhibitor therapy efficacy.
However, in the 10-15% of colorectal cancer (CRC)
patients who carry MSI-H/dMMR, only 30-50% of can
benefit from immunotherapy. Apart from MSI-H/dMMR,
no other coding genes have been identified as bio-
markers for use in CRC immunotherapy. SnoRNA plays a
critical role in the tumour microenvironment. At the
same time, the tumour microenvironment can be
shaped by tumour-infiltrating immune cells, which con-
trol the destiny of immunotherapy efficacy.

Added value of this study

We developed a novel computational framework for (1)
the identification of tumour immune infiltration-associ-
ated snoRNAs (Tllsno) signature, and () the develop-
ment of a Tllsno score model. Our study found that a
high Tllsno score was associated with poor CC progno-
sis. Tllsno scores were seen to be negatively correlated
with (I) the infiltration level of most immune cells, (Il)
the inhibitory immune checkpoints expression level,
and (Ill) the immune score. In addition, the Tllsno score
of MSI-H patients is lower than that in MSS/MSI-L, sug-
gesting that patients with a low Tllsno score may have a
better response to immunotherapy. Multiple immune-
related pathways were discovered to be down-regu-
lated in patients with a high Tllsno score.

Implications of all available evidence

The TlIsno score is an independent prognostic factor for
colon cancer patients. Furthermore, it can be a potential
biomarker that assists with screening the dominant
population of immunotherapy patients, but further veri-
fication by the immunotherapy cohort is required.

Introduction

Colon cancer (CC) is the leading cause of tumour-
related death worldwide." For this reason, clinicians are
calling for more effective treatments for colon cancer.
Immune checkpoint inhibitors (ICIs) have been
approved as the first line treatment for metastatic colo-
rectal cancer (CRC) with the molecular type of high
microsatellite instability (MSI-H) or mismatch repair
deficiency (dMMR).*> MSI-H/dMMR are the major pre-
dictors of immune checkpoint inhibitor therapy efficacy.
However, in the 10-15% of CRC patients who carry MSI-
H/dMMR, only 30-50% of can benefit from immuno-
therapy.*® Due to the extensive therapy limitations,
there is an urgent need to identify new immunotherapy
biomarkers in colon cancer patients, to reveal resistance
mechanisms and to seek potential targets for enhancing
immunotherapy efficacy.

Apart from MSI-H/dMMR, no coding genes have
been identified that could be used for CRC immuno-
therapy, suggesting that it may be worthwhile to shift
the focus to other genetic information, such as non-cod-
ing RNAs.” The efficacy of immunotherapy for cancer is
closely related to the tumour microenvironment.® Small
nucleolar RNA (snoRNA) is a kind of non-coding RNAs
conserved in eukaryotes. Its main function is to modify
small nuclear RNA (snRNA) and ribosomal RNA
(rRNA), a small number of snoRNAs are also involved
in the processing and maturation of rRNA.? There are
two main types of snoRNAs: box C/D snoRNAs and box
H/ACA snoRNAs. The box C/D snoRNAs catalyze the
2/-O-ribose methylation of rRNA," and box H/ACA
snoRNAs are involved in the pseudouridylation of
rRNAs." In addition to the above two main snoRNAs,
there is also a type of small Cajal body-specific RNAs
(scaRNAs), which is located in the Cajal body and whose
main function is to participate in the post-transcrip-
tional modification of small nuclear RNA (snRNA).”
Although we have a clearer understanding of the core
functions of snoRNA, recent studies have discovered
diverse new functions of snoRNA, such as guiding
rRNA acetylation, tRNA methylation, regulating mRNA
abundance, regulating variable splicing, etc.” SnoRNA
is widely involved in regulating the biological processes
of lung, prostate, liver, colorectal cancer, and many
other tumours, by affecting tumour proliferation, inva-
sion, and metastasis.”*'® In addition, sno-derived RNAs
(sdRNAs) are prevalent molecular markers of cancer
immunity,”  snoRNA—derived nucear RNA 3
(sdnRNA—3) has been shown to regulate the function of
tumour-associated macrophages,”® sdRNA derived from
SNORDG3 can regulate the mRNA stability of interleukin
4 (IL-4), thereby affecting the development of Th2 lympho-
cytes.”” Robert J. Motzer et al. divided 823 cases of renal
cell carcinoma into 7 molecular subtypes, the subtype with
high snoRNA expression showed the longest PFS when
treated with atezolizumab + bevacizumab.*® Together, this
information shows that, snoRNA plays a critical role in the
tumour microenvironment. However, the roles of snoRNA
in tumour-immune interactions of colon cancer remain
largely unknown. Given the tumour microenvironment
can be shaped by tumour-infiltrating immune cells, which
control the destiny of immunotherapy efficacy, this study
focused on the snoRNAs derived from immune cells to
identify new biomarkers for immunotherapy.

In this study, we initiated a novel computational
framework for (I) the identification of tumour immune
infiltration-associated snoRNAs (T1Isno) signature, and
(II) the development of a TIIsno score model. The
model was generated from integrative snoRNA profiling
analysis of purified immune cell lines, colon cancer cell
lines, and three datasets (training set, test set, real-world
validation set) derived from bulk colon cancer tissues
and survival data (Figure 1). First, for each immune cell
line, we obtained the candidate immune-related
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Figure 1. The computational framework for identifying tumour
immune infiltration-associated snoRNAs (TlIsno) signature and
developing a TlIsno score model. (1) For each immune cell line,
all the snoRNAs (expression level >0) were obtained as candi-
date immune-related snoRNAs. (2) Immune-related house-
keeping snoRNAs (ihk-sno) were identified based on tissue spe-
cific index (TSI). (3) Those ihk-sno which are upregulated in
immune cell lines and downregulated in colon cancer cell lines
were selected as Tllsno. (4) A prognostic analysis by focusing
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snoRNAs base on the expression level. The immune-
related house-keeping snoRNAs (ihk-sno) were then
identified. Furthermore, The ihk-sno were selected as
TIIsno according to their given expression levels in
immune cells and colon cancer cells. A prognostic sig-
nature analysis was then performed and a TIIsno score
model was developed. Lastly, the influence of TIIsno on
CC prognosis and immunotherapy was comprehen-
sively investigated. Our work explored the potential
importance of TIIsno score as a new predictive bio-
marker for prognosis and immunotherapy response in
colon cancer.

Methods

Data Source

Gene-Expression Omnibus (GEO, https://www.ncbi.
nlm.nih.gov/geo): The RNA-Sequencing (RNA-Seq)
data of human immune cell lines were downloaded
from GEO database using GEOquery or manually.
(GSE114765,>*  GSE133145,>  GSE135635°%  and
GSE1o7011).”> The Cancer Cell Line Encyclopedia proj-
ect (CCLE, https://portals.broadinstitute.org/ccle): The
RNA-Seq data of colon cancer cell lines were down-
loaded from CCLE database based on histology subtype.
The Cancer Genome Atlas (TCGA, https://portal.gdc.
cancer.gov/): The RNA-Seq data and the clinical infor-
mation of colon cancer of TCGA were downloaded from
the UCSC Xena data portal.*® (TCGA-COAD-IITumina-
HiSeq and TCGA-COAD-IITumina-GA)

Processing of RNA-Seq Data

All counts or fragments per kilobase of transcript per
million (FPKM) values were transformed to transcripts
per kilobase million (ITPM) values under GENCODE
annotation (https://www.gencodegenes.org/) version 34
for further analysis. Samples with TPM data were
directly used for further analysis.

Purified immune cell lines RNA-Seq data

All immune cell line samples, within any intervention,
have been removed. xCell algorithm?®” was performed to
further confirm immune cell subtypes according to the
maximum enrichment score. A total of 188 samples,
from 21 subtypes and 9 main categories of immune
cells, were enrolled in this study. Combat from sva pack-
age were used for removing batch effects cross immune
cell samples.

on Tlisno and the overall survival time was performed via ran-
dom survival forest. A Tllsno score model was developed
according to the results of random survival forest. (5) The influ-
ence of the Tllsno on the prognosis and immunotherapy in
colon cancer was comprehensively investigated.


https://www.ncbi.nlm.nih.gov/geo
https://www.ncbi.nlm.nih.gov/geo
https://portals.broadinstitute.org/ccle
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.gencodegenes.org/
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Identification of tumour immune infiltration-
associated snoRNAs (TlIsno) and development of
TlIsno score model

We developed a novel computational framework for
identifying TIIsno signature and developing TIIsno
score model by integrative snoRNA profiling analysis of
purified immune cell lines, colon cancer cell lines, bulk
colon cancer tissues and survival data as follows
(Figure 1):

(1) For each immune cell line, all the 533 snoRNAs
(expression level >o0) were obtained as candidate
immune-related snoRNAs.

(2) Thk-sno was identified based on tissue specific index
(TSI). The TSI was built by Yanai et. al in 2005°%2°:

_ Z{V:I (1 - Xsno,i)
Bloo = =N

Where N was the total number of immune cell samples and
Xsno,i is the expression profile component normalized by the
maximal component value. The TSI ranges from o to 1. The
snoRNA is classified as “general immune snoRNA” when the
value is o, while it is classified as “one immune cell-specific
snoRNA” when the value is 1. 23 snoRNAs universally highly
expressed in most of immune cell types were defined as “ihk-

»

Sno-.

(3) 7 ihk-sno that are upregulated in immune cell lines
and downregulated in colon cancer cell lines were
selected as TIIsno.

(4) A prognostic analysis by focusing TIIsno and the
overall survival time was performed via random sur-
vival forest>® TIIsno score model was developed
according to the results of random survival forest.

The log-rank score test for splitting survival trees is
described in Hothorn and Lausen (2003).>" In this rule,
assume the X-variable x has been ordered so that
X1<x2<---<xn. Now, compute the “ranks” for each sur-

vival time T; where je[1,...,n]. Thus,
I
8k
a =6 —
4 1 ; n—-Ip+1

where I'; = [t : T,<T}]. Note that Ij is the index of the
order for Tj. The log-rank score test is defined as

Tlisno score = S(x,c) = Lize( — M)
(1 —3)sz

where @ and s2 are the sample mean and sample vari-
ance of [aj:j=1,...,n], respectively. Log-rank score
splitting defines the measure of node separation
by |S(x,c)|. Maximizing this value over x and ¢ yields
the best split.

Evaluation of the immunological characteristics of the
tumour immunology microenvironment in colon
cancer

The marker genes of tumour-infiltrating immune cell
types were obtained from a study by Charoentong et al,**
which analyzed 366 microarrays of immune cells collected
from 37 studies. The 19 inhibitory immune checkpoints
were obtained from studies by Auslander et al®® and Hu
et al>* The hallmarks of cancer analysis was performed by
gene set variation analysis (GSVA) R package base on the
“c2.cp.hallmark.vy.1.symbols” gene sets. Gene ontology
(GO) enrichment was performed via single-sample gene-
set enrichment analysis (ssGSEA) base on the “c5.all.vy.1.
symbols”gene sets, which were download from MSigDB.
The tumour gene mutation burden (TMB), neoantigens,
MSI status, immune score, and immune subtype were
obtained from the TCGA dataset or the studies base on
TCGA dataset.

Xiangya real-world cohort patients and follow-up
Tissue samples of 72 patients diagnosed with colon can-
cer from October 2011 to November 2019 in Xiangya
Hospital of Central South University were collected to
establish a tissue bank. The demographic characteris-
tics, cancer stages, and pathological reports were
obtained from the electronic medical records system. A
retrospective cohort was preformed such that as of Octo-
ber 1, 2020, a total of 72 patients were included. Sur-
vival analysis and multivariate Cox regression were
conducted after follow-up.

Real-time quantitative PCR (qPCR) of TlIsno in Xiangya
real-world cohort

The expression levels of TlIsno in Xiangya real-world
cohort were measured by qPCR. Frozen tissue samples
of 72 patients diagnosed with colon cancer from our tis-
sue bank were preservation in liquid nitrogen. Total
RNA was extracted from frozen tissues using TRIzol
Reagent (Invitrogen,Carlsbad, CA). The reverse tran-
scription and real-time quantitative PCR was performed
using miDETECT A Track miRNA qRT-PCR Starter Kit
(Ribobio, Guangzhou, China) according to the manufac-
turer's instructions. Real-time quantitative PCR was per-
formed in triplicate on a QuantStudio™ 7 Real-Time
PCR system (Applied Biosystems, Carlsbad, CA). All
snoRNAs specific forward primers were designed and
synthesized by Ribobio (Guangzhou, China). UG was
used as an internal control and reversed primer was
applied in miDETECT A Track miRNA qRT-PCR
Starter Kit. Relative expression levels of snoRNAs were
calculated according the 2~““T method.

Immunohistochemistry staining

We collected the pathological tissues of 69 patients in
Xiangya real-world cohort. Formalin-fixed, paraffin-
embedded tissue array slides were used to detect
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Programmed death-ligand 1 (PD-L1; also called By-Hr or
CD274) and cytotoxic T-lymphocyte antigen-4 (CTLA4)
protein expression. Briefly, after deparaffinization and
rehydration, EDTA buffer (G12o3; Servicebio, Wuhan,
China) was used for heat-induced epitope retrieval.
Endogenous peroxidase activity was inhibited for 25
minutes with 3% hydrogen peroxide (Annjet, Shandong,
China). Nonspecific binding was blocked with 3% BSA
(Gsoo0r1; Servicebio) for 30 minutes at room temperature.
The slides were then incubated overnight at 4°C with
CD274 (PDL1) and CTLA4 rabbit polyclonal antibody at
a dilution of 1:200 and 1:300, respectively (CD274: cata-
log no. ab213524, Abcam, USA; CTLA4: catalog no.
ab237712, Abcam, USA). Next, the slides were incubated
with Goat Anti-rabbit IgG/HRP antibody (G1215; Service-
bio) for 50 minutes at 37°C. 3-3’-diaminobenzidine was
used for coloration, and hematoxylin was used for coun-
terstaining.

CD274 and CTLA4 staining were defined as positive
when colon cells or immune cells showed cytomembrane
staining. A staining score was defined by adding the stain-
ing intensity score and the positive staining percentage
score. The staining intensity was categorized into 3 grades:
score 1, yellow; score 2, light brown; score 3, brown. Posi-
tive staining percentage patterns were categorized into 4
groups: score I, 0% to 25% staining of colon cells or
immune cells; score 2, 25% to 50% staining of colon cells
or immune cells; score 3, 50% to 75% staining of colon
cells or immune cells; score 4, 75% to 100% staining of
colon cells or immune cells. The percentage and intensity
scores were added as the final results.

Statistical analysis

Correlations between variables were explored using
Spearman coefficients. Continuous variables fitting a
normal distribution between binary groups were com-
pared using a t-test. Otherwise, the Kruskal-Wallis test
were applied. “limma” package and empirical Bayesian
approach were used for performing differential analy-
sis on enrichment results or expression level. Survival
analysis was based on the Kaplan-Meier method and
log-rank test; univariate and multivariable Cox regres-
sion were used for calculating hazard ratios (HRs) and
identifying independent prognostic factors. Receiver
operating characteristic (ROC) curves were used to
assess the specificity and sensitivity of the TIIsno score
based on the pROC package. The cut off points of the
TIIsno score was determined using the surv_cutpoint
algorithm. P values or adjusted p values less than o.05
were considered statistically significant. Data process-
ing, analysis, and visualization were performed in R

(3-6.3).

Ethics statement
This study was reviewed and approved by the Xiangya
Hospital Medical Ethics Committee of Central South
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University (No.201905131), and got the consent from all
participates.

Role of funding source
Funders had no role in study design, data collection,
data analyses, interpretation, or writing of report.

Results

Identification of tumour immune infiltration-
associated snoRNAs

To maximize the obtained expression levels of immune
cell-related snoRNA, we screened the immune cell data
set in the GEO database for the past 10 years, and identi-
fied 4 data sets (GSEi476s5, GSE133145, GSE13563s,
GSE1o7011). These data sets contained a total of 188
RNA-Seq cell samples, including 9 major categories
and 21 sub-classification immune cell types (Figure Sia,
Figure 2a-b). Then, we sorted the expression level of all
snoRNAs and snoRNAs with expression level greater
than o as the candidate snoRNAs (Figure 1, Figure
S1a-b). In order to identify snoRNAs most expressed by
immune cells, known as housekeeping snoRNAs, we
calculated the TSI score of the candidate snoRNAs.
SnoRNAs with a lower TSI score are expressed in more
immune cells, suggesting that they play a basic biologi-
cal role in most immune cells. We used different TSI
cut-off values to reduce dimensionality and screen out
housekeeping snoRNAs. In addition, we collected RNA-
Seq data from 43 types of colon cancer cell lines using
the CCLE and ranked snoRNAs expression level in all
tumours (Figure Sic). We performed the analysis in o,
0.1, 0.15, 0.20, 0.25, 0.30 and 0.35. When it came to
0.35, the TIIsno score model has the most satisfactory
AUC in OS and predicting capacity of immune micro-
environment. After comparing the expression levels of
housekeeping snoRNAs in immune cells and tumour
cell lines, we identified 7 snoRNAs (SNORDs59A,
SNORD63B, SNORDIoo, SNORDg99, SNORDG3,
SNORD12C, SNORD19) whose expression levels were
significantly reduced in tumours and increased in
immune cells. We defined these snoRNAs as tumour
immune infiltration-associated snoRNAs (TIIsno)
(Figure 1).

We have performed the analysis in the 43 types of
colon cancer cell lines, and the results showed the
expression levels of the 7 snoRNAs were pretty low,
which is consistent with our previous analyses as
expected. (Figure S4). To further confirm the expression
level of TIIsno in immune cells, we analyzed the expres-
sion and origin of TIIsno. The results showed that each
TIIsno was expressed in all 9 immune cell categories
(Figure 2a). Most tumour immune infiltration-associ-
ated snoRNAs were highly expressed within the 21
immune cell subtypes simultaneously, suggesting that
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we have successfully screened out the housekeeping
snoRNAs of immune cells (Figure 2b-i).

Development of Tllsno score model

To explore the role of tumour immune infiltration-asso-
ciated snoRNAs in colon cancer, we obtained snoRNAs
expression and survival data from colon cancer patients
using TCGA, TCGA-COAD-IIlumina-HiSeq was
selected as the training set and a TIIsno score model
was constructed using a random survival forests (RSF)
model (Figure 1). Meanwhile, the surv_cutpoint algo-
rithm was used to obtain the best TIIsno score cut-off
value, which was confirmed to be 9.392. Patients with a
TIIsno score above the cut-off value were defined as the
high group, while patients with a TIIsno score below
the cut-off value were defined as the low group. At the
same time, the expression levels of SNORDgg and
SNORD1g are inversely proportional to the TIIsno
score, while the expression levels of SNORDj59A,
SNORDG3B, SNORD1oo, SNORDG63 and SNORD12C
are directly proportional to the TIIsno score (Figure 3a).
We found that with the exception of SNORDg9, expres-
sion levels of other TIIsno were significantly different
between high TIIsno score group and low TIIsno score
group (Figure 2j).

In addition, the survival analysis of the TIIsno score
model showed that the prognosis of the high TIIsno
score group was poorer than that of the low TIIsno score
group (Figure 3b, Table 1), with HR: 5.385 (2.561-11.319),
P<o.oor of multivariate COX regression analysis
(Figure 3d, Table 1). Furthermore, the predicted Area
under the ROC curve (AUC) of the 3-years survival rate
and s5-years survival rate were 0.81 and 0.82, respec-
tively, indicating that our model has considerable pre-
dictive power (Figure 3c).

Low TlIsno score shapes an inflamed
microenvironment in colon cancer

To evaluate the role of TIIsno in the immune microen-
vironment of colon cancer, we explored the relationship
between TIIsno and (1) immune cell infiltration, and (2)
immune checkpoints. We used ssGSEA to calculate the
activation level of 23 types of tumour immune infiltrat-
ing cell-related gene sets according to Charoentong
et al** (Table S1). We then analyzed the correlation
between the TIIsno score and the activation level of
tumour immune infiltrating cells. This analysis showed
that there were significant correlations between 14 types
of tumour immune infiltrating cells and TIIsno score.
All types of tumour immune infiltrating cells were neg-
atively correlated, with the exception of the CD56dim
natural killer cell, which was positively correlated.
(Rank by the spearman’s r: Type 2 T helper cell (Th2),
Activated CD4+ T cell, Natural killer T cell (NKT),
Gamma delta T cell, Mast cell, Macrophage, Activated
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dendritic cell (DC), Natural killer cell (NK), Regulatory
T cell (Treg), T follicular helper cell (Tth), Immature
dendritic cell, Myeloid-derived suppressor cells
(MDSC), Type 1 T helper cell (Thr)) (Figure 4a, Table
S2). In addition, we also analyzed the correlation
between the expression levels of 19 inhibitory immune
checkpoint genes and the TIIsno score. The 19 inhibitory
immune checkpoints were obtained from studies by Aus-
lander et al** and Hu et al.*> The results showed that there
were correlations between the expression level of 9
immune checkpoints and T1Isno score. The g checkpoints
were all negatively correlated. (Rank by the spearman’s r:
CD276, CTLA4, TIGIT, CD86, HAVCR2, CD274, IDO1,
PDCDi1LG2, CD80o) (Figure 4b, Table S2).

To further compare the differences of tumour
immune infiltrating cells between high TIIsno score
group and low TIIsno score group, we used the normal-
ized enrichment scores algorithm. The results showed
that the activation level of 11 immune cells in the high
TIIsno score group significantly decreased (Rank by
the LogFC: Regulatory T cell, Mast cell, Macrophage,
Type.2 T helper cell, Natural killer T cell, Activated
CD4+ T cell, Gamma delta T cell, T follicular helper
cell, Eosinophil, Natural killer cell, Activated den-
dritic cell) (Figure 4c). These immune cell infiltrat-
ing levels are all negatively correlated with the
TIIsno score in the above analysis, suggesting that
the results of our two analyses are consistent. Based
on the correlation analysis between the TIIsno score
and immune checkpoints, we further analyzed the
expression of immune checkpoints in the high
TIIsno score group and the low TIIsno score group.
However, the results showed different findings from
the previously explained analysis, as there are only 6
immune checkpoints whose expression levels are sig-
nificantly different between the high and low TIIsno
score groups (CD2y4, CTLA4, CD86, CD270,
HAVCR2, TIGIT) (Figure 4d-k, Figure S2).

TlIsno score is a potential biomarker for
immunotherapy response

To further explore the relationship between TIIsno
and immunotherapy, we analyzed the relationship
between TIIsno score and (I) immune score, (II)
MSI status, (III) neoantigen, (IV) TMB, and (V)
immune subtype. We found that the TIIsno score
was correlated with immune score and MSI status,
while the neoantigen, TMB, and immune subtype
were not significantly different between the high and
low TIIsno score groups (Figure 5). TIIsno score is
negatively correlated with immune score (R=-0.155,
P=0.0129), and immune score is lower in the high
TIIsno score group compared to low TIIsno score
group (Figure sa-b). In addition, the TIIsno score of
MSI-H patients was lower than that of MSI-L and
MSS patients (Figure 5c). Our analysis indicated that
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Figure 3. The Tllsno score model and survival time of colon cancer in the training cohort. (a) The cut-off value of the Tllsno score
according to the survival time (n=255). (b) Overall survival time in different Tllsno score groups (n=255, log-rank test). (c) AUC of
3-year and 5-year survival rate. (d) Multivariable cox regression analysis of overall survival (n=255).

patients with a low TIIsno score may be more likely
to benefit from immunotherapy. This is consistent
previous results, where were we demonstrated, that
patients with low TIIsno scores have an inflamed
microenvironment in colon cancer (Figure 4). These
findings suggest that, TIIsno score may be a poten-
tial biomarker for immunotherapy response.

Possible mechanisms of TlIsno in colon cancer

To explore the possible biological functions and mecha-
nisms of TIIsno, we conducted a GO analysis. In the
GO analysis, we first calculated the activation level of
the GO function for each sample using ssGSEA, fol-
lowed by a comparison between the high and low
TIIsno score groups. We found differences among a
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Variables subgroup Patients Univariate analysis Multivariate analysis
HR 95% CI P Value HR 95% CI P Value

TCGA-COAD lllumina-HiSeq

Age >65 160 1.262 0.727-2.19 0.409 1.805 0.995 - 3.275 0.052
<65 95 1 1

Gender Male 136 1.574 0.905 - 2.738 0.108 1.164 0.657 - 2.062 0.603
Female 119 1 1

Stage n-1v 86 3455 1.991 - 5.997 < 0.001 4.663 2.531-8592 < 0.001
I 169 1 1

Tllsno Score High 156 4416 2.142-9.103 < 0.001 5.385 2.561-11.319 < 0.001
Low 99 1 1

TCGA-COAD lllumina-GA

Age >65 80 1919 0.655 — 5.620 0.235 1.926 0.637 — 5.822 0.246
<65 38 1 1

Gender Male 61 0.589 0.257 - 1.349 0.211 0.729 0.308-1.724 0.472
Female 57 1 1

Stage n-1v 33 1914 0.850-4.313 0.117 3.324 1.41-7.839 0.006
I 85 1 1

Tlisno Score High 40 11.597 3.932-34.202 < 0.001 14.273 4.57 - 44.571 < 0.001
Low 78 1 1

Xiangya cohort

Age >65 24 1.213 0.487-3.021 0.678 0.957 0.380-2.406 0.925
<65 48 1 1

Gender Male 35 0.941 0.382-2.317 0.895 0.961 0.389-2.375 0.931
Female 37 1 1

Stage -Iv 31 4.843 1.833-12.800 0.001 3.496 1.301-9.391 0.013
I 41 1 1

Tlisno Score High 45 6.374 1.471-27.62 0.0133 5223 1.176-23.202 0.03
Low 27 1 1

Table 1: Cox regression analysis of overall survival in the different datasets.

total of 78 biological functions, most of which were
immune-related. 75 biological functions were down-reg-
ulated in the high TIIsno score group while 3 biological
functions were up-regulated. In the high TIIsno score
group,  negative_regulation_of_interleukin_1_media-
ted_signaling_pathway was downregulated to the great-
est extent, while the somatic_diversification_
of_T_cell_receptor_genes were upregulated to the great-
est extent (Figure 6a, Table S3).

To explore other roles of TIIsno in colon cancer, we
selected 50 hallmark pathways of cancer to calculate the
degree of pathway activation and enrich them using
GSVA. The results showed that 26 hallmark pathways
differed between the two TIIsno score groups. Only 3
hallmark pathways had greater activation in the high
TIIsno score group, while the other 23 had a higher
degree of activation degree in the low TIIsno score
group (Figure Gb, Table S4).

The validation cohorts for Tlisno score model
To verify the role of the TlIsno score model in colon
cancer, we selected two other independent data sets for
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analysis (TCGA-COAD-IITumina-GA cohort, Xiangya
real-world cohort). The survival analysis based on the
two data sets showed that the high TIIsno score group
had a poorer prognosis than the low TIIsno score group,
which was consistent with the results from the training
set. At the same time, the TIIsno score model has dem-
onstrated excellent predictive performance whether the
data had been analyzed with log-rank or multivariate
COX regression. Surprisingly, in the TCGA-COAD-
[ITumina-GA cohort, the AUC of the 3-year survival rate
and the 5-year survival rate are 0.87 and 0.89, respec-
tively, values which are higher than that seen in our
training set. In the Xiangya real-world cohort, the AUC
of 3-year survival rate and 5-year survival rate are o.71
and o.80, respectively, findings that are approximately
the same as those seen in the training set. Survival anal-
ysis verification testified that the TIIsno score model
was a great independent prognostic factor in colon can-
cer (Figure 7, Table 1, the expression levels of TIIsno in
Xiangya real-world cohort were showed in Figure S3.).
To evaluate the predictive value of the TIIsno score
model on immunotherapy response, we selected CD274
and CTLA4, two immune checkpoints approved for



Articles

10

P Value
<0.001
<0.01
<0.05

-
-
-
=== Not Applicable
-

ns

Activated B cell
Activated CD4 T cell
Activated CD8 T cell

Gamma delta T cell
Immature B cell
Regulatory T cell

T follicular helper cell
Type 1T helper cell

Type 17 T helper cell

Type 2T helper cell
Activated dendritic cell
CD56bright natural killer cell
CD56dim natural killer cell
Eosinophil

Immature dendritic cell
Macrophage

Mast cell

MDsC

Monocyte

Natural killer cell

Natural Killer T cell

spearman's r

09
l 06
03
0.0

-0.3

b 3 ¢
Qy"? & & £ N 'o
S0 Ko FF L e ¢ FE TS S
FESF I TSP EL SR S TF TS

spearman's r
ADORA2A

BTLA
CD200
CD200R1

- 0.25
w—0.50

m—0.75
= 1.00 cb274
CD276
cD8o
HAVCR2
cD86
CEACAM1
LGALS2
LAIR1

PDCD1
PDCDILG2
TIGIT

Tlisno Score

Relations
=== 1.Positive Relation

= = 2.Negative Relation

Neutrophil
Plasmacytoid dendritic cell
Tlisno Score
ARAARBEEEESEIESEAFRALL s
O SN S T
Gty Y
v A
<.°4°°° d Q)
C e
fa— Tlisno Score ® High & Low Tlisno Score ® High ® Low
. 00082
5 s
S B
® 15 2
g g
H S
) S
; s 3 o
i Naurlile el w,,
H o $20 :
3 > s
H Macophage | T e ® 8 H
e s Actedendricl o ] :
Masst [ s [ H
i I S . < 10
[rrm—— NS ' . S
Nttt Msore N i =
R e B —
Ao~ S — o
W O O, — 0
E High Low High Low
f Tlisno Score ® High ® Low g Tlisno Score ® High & Low h Tlisno Score ® High ® Low
0.036 0.00033 < 0.027
< — < 160 S
S5 2 K]
w " a2 2
g g g
s 8120 S
5y X I}
Wso L: 3
g S 2
2 S 80 S i
® I
- 3 Q5
[} S @
s o - &
©
8 N 40 S
8 5 s | N
Q
0.0 To
High Low High Low High Low
i w
1 Tlisno Score ® High ¥ Lo
0.013
s 15
8
a
g
X' 10
W
2
s
3s
3
~
] —
= 0 ==
High Low

Figure 4. The correlation of immune infiltration level, inhibitory immune checkpoint, and Tllsno score. (a) The correlation of immune
infiltration level and TlIsno score. (b) The correlation of inhibitory immune checkpoint and Tlisno score. (c) The differences of tumour
immune infiltrating cells between the two TlIsno score groups. (d-i) The differences of inhibitory immune checkpoints between the
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clinical treatment, for further verification of the model.
We collected pathological tissues from the 69 patients
in Xiangya real-world cohort. Tissue was used to make
tissue arrays and for immunohistochemical staining.
The results show that both CD274 and CTLA4 were
highly expressed in the low TIIsno score group com-
pared with the high TIIsno score group, a finding con-
sistent with the results of our bio-informatics analysis.
Our research further verified that patients with a low
TIIsno score could benefit from immunotherapy to a
greater degree than those with a high TIIsno score.
(Figure 8). As such, TIIsno score may be a potential bio-
marker for immunotherapy response.

The host genes of Tlisno signature

To investigate if the host genes can recapitulate its
snoRNAs, we have checked the host gene of our TIIsno
signature. There are 6 host genes: ATP5FiB, RPSi2,
SNHGi2, HSPA9, ZFAS1, GNL3 (Table S6). (SNORD
63 and SNORD 63B have the same host gene) We have
analyzed the expression level of 6 host genes in the 43
types colon cancer cell lines, the results showed most of
the 6 host genes have a high expression level, especially
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RPS12 and ATP5F1B (host gene of SNORD1oo and
SNORDj59A), while all the TIIsno signature have a low
expression level (Figure Ss5). At the same time, we con-
ducted the analysis of host genes signature base on the
RSF model. The survival analysis of the host genes score
model showed that the prognosis of the high host gene
score group was poorer than that of the low TIIsno score
group in training cohort, however, there is no signifi-
cant difference in test cohort. What's more, the AUC is
lower than that in TIIsno signature (Figure S6a-d). In
the analysis of the immune microenvironment, the host
gene score has little positive connection with immune
cells and immune checkpoints, while TIIsno score has
negative connection with immune cells and immune
checkpoints, which is distinct (Figure S6e-f). Our analy-
ses indicated that the role of TIIsno signature and its
host genes may be different in colon cancer.

Discussion

We successfully identified 7 TIIsno through this study:
SNORD59A, SNORDG3B, SNORDioo, SNORDg,
SNORDG3, SNORD12C, SNORD1g. We tried to use
COX regression to develop the score model, but the

1
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Figure 7. The Tllsno score model and survival time of colon cancer in a test cohort and xiangya real-world validation cohort. (a)
Overall survival time in different Tllsno score groups in a test cohort (n=118, log-rank test). (b) AUC of 3-year and 5-year survival rate
in a test cohort. (c) Multivariable cox regression analysis of overall survival in test cohort (n=118). (d) Overall survival time in different
Tlisno score groups in the xiangya real-world validation cohort (n=72, log-rank test). (e) AUC of 3-year and 5-year survival rate in the
xiangya real-world validation cohort. (f) Multivariable cox regression analysis of overall survival in the xiangya real-world validation

cohort (n=72).

AUC showed low predictive power, and we therefore
used random survival forest model instead. (Table Ss).
Based on TIIsno expression level and survival data, the
TIIsno score model established by RSF showed that
patients with high TIIsno score had shorter survival
time when compared with the low TIIsno patients. In
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addition, the model was demonstrated to have good pre-
dictive power. Meanwhile, TIIsno score is negatively
correlated with the (I) infiltration level of most immune
cells, (II) the inhibitory immune checkpoints expression
level, and (III) the immune score. In addition, the
TIIsno score of MSI-H patients is lower than that in
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MSS/MSI-L, suggesting that patients with a low TIIsno
score may have a better response to immunotherapy.
Multiple immune-related pathways were discovered to
be down-regulated in patients with a high TIIsno score.
Our research suggests that the TIIsno score is an inde-
pendent prognostic factor for colon cancer patients. Fur-
thermore, it can be a potential biomarker that assists
with screening the dominant population of immuno-
therapy patients.

There are 3 snoRNAs that have been reported among
our identified 7 TIIsnos. SNORD59A was a positive
prognostic factor in bladder cancer.”> Shang et al*®
found that SNORDG3 was elevated in the plasma and
tumour tissues of patients with clear cell renal cell

carcinoma, such that SNORDG3 can be used as a diag-
nostic marker. The expression of SNORD12C was sig-
nificantly increased in colorectal cancer,’” and it played
an important role in tumourigenesis, through the
ZFAS1-NOP58-SNORD12C/78-EIF4A3/LAMC2 signal-
ing axis.*® At this time, there are no detailed reports or
related studies regarding the other 4 TIIsno.

The immune microenvironment is closely related to
the prognosis of tumours and the efficacy of immuno-
therapy.®" A high level of immune cell infiltration is a
positive prognostic factor for colorectal cancer, and
patients with high levels of immune cell infiltration are
also the dominant populations of immunotherapy.>® In
our research, TIIsno score is negatively correlated with
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the infiltration level of most immune cells, which may
be the reason for the poor prognosis of patients with a
high TIIsno score. Activated CD4+ T cells can recruit
cytotoxic T cells together with dendritic cells to enhance
anti-tumour immunity in immunotherapy.*® NKT cells
are also an anti-tumour immune cell, as higher NKT
cell infiltration level is associated with better prognosis
of cancer patients. At the same time, PD-1 inhibitors
can decrease the emergence of type I NKT anergy,
thereby enhancing the anti-tumour effect of NKT.*' PD-
1 can inhibit the anti-tumour effect of gamma delta T
cells, suggesting that gamma delta T cells have a posi-
tive effect on anti-PDr1 therapy.** NK cells are prone to
failure under the regulation of immune checkpoints,
however the use of immune checkpoint inhibitors can
effectively restore activity of NK cells, enhancing the
anti-tumour effect.*> In breast cancer, immune check-
point blockade activates Ttfh cells in the anti-tumour
response.** Modulation of tumour-infiltrating myeloid
cells by IFN-y-producing Thr effector cells is partially
responsible for the success of ICls therapy.*® Given the
level of infiltration of these immune cells in colon can-
cer is negatively correlated with TIIsno score, TIIsno
score can be used as an immunotherapy biomarker. For
this reason, patients with a low TIIsno score are more
likely to benefit from immune checkpoint inhibitors
therapy.

MSI-H is the only biomarker that can guide the
immunotherapy of colorectal cancer. However, there
are still a large number of patients with MSI-H that do
not respond to immunotherapy.* A possibility reason
for this finding is that MSI-H cannot completely distin-
guish the anti-tumour immune microenvironment
from the suppressed tumour immune microenviron-
ment.*® Unfortunately, the TIIsno score cannot either.
Infiltration levels of some immune cells involved in
immunosuppression were also negatively correlated
with TIIsno score, such as Th2, Treg, mast cell, and
macrophage. However, survival analysis showed that
the prognosis of the low TIIsno score group was much
better than that of the high TIIsno score group, suggest-
ing that anti-tumour immune cells play a major role in
the low TIIsno score group. In addition, we found that
colon cancer had a different immune environment
from other tumours in our analysis, indicating that the
immunotherapy strategy of colon cancer needs to be
adjusted, such as the combination of multiple immune
targets. In this way, it can not only enhance the effect of
anti-tumour immune cells, but also regulate immuno-
suppressive cells to polarize towards the anti-tumour
direction. MSI-H, an immunotherapy biomarker, does
not integrate survival status. Although MSI-H can iden-
tify patients that have high levels of immune infiltra-
tion, which contains immunosuppressive cells, such
that it may result in poor treatment effects in some
patients.*® Unlike the MSI status, we combined survival
data to construct the TIIsno score model, which can be

www.thelancet.com Vol 76 Month February, 2022

used as an effective prognostic indicator. Furthermore,
the selected patients with high levels of immune infil-
tration also have a good prognosis, suggesting that anti-
tumour immunity plays a major role in these patients,
and they are more likely to benefit from immunother-
apy, further verification by the immunotherapy cohort
is required.

In the low TIIsno score group, as the immune cell
infiltration level increased, the expression level of
immune checkpoints such as CD274 and CTLA4 also
increased, a result verified by our real-world cohort.
CD274 and CTLA4 are currently in clinical use.*”
Increased expression of CD274 demonstrates a better
therapeutic effect in the contemporary immune check-
point inhibitor therapy,*® suggesting that TIIsno score
can predict the response rate of immunotherapy. How-
ever, this finding is both an opportunity and a chal-
lenge. Given the expression of immune checkpoints is
synergistic, the increase in the expression of other
immune checkpoints also hinders immunotherapy.
Our research once again suggests that immune check-
point inhibitors should be applied to multiple targets in
colon cancer.

However, our research also has limitations. It is bet-
ter to prepare the small RNA library in the detection
process of small RNAs. However, there are no enough
specific snoRNA datasets to perform the analysis.
Indeed, the biggest limitation of RNA-Seq is that it may
not detect all snoRNAs, and the key problem is some
small RNA may be washed out. However, RNA-Seq can
identify some snoRNAs, which has been confirmed by
many researchers. Meanwhile, we have done our best to
reduce the bias caused by RNA-Seq by ruling out the
datasets that washed the small RNA out. What’s more,
our analyses indicated that the role of TIIsno signature
and its host genes may be different in colon cancer. To
investigate the connections of host genes and the 7
snoRNAs, the molecular mechanism researches will be
needed.

In conclusion, by integrating expression data from
cell lines and tumour tissues, as well as clinical
information from databases and a real-world cohort,
we successfully identified TIIsno, and constructed a
TIIsno score model that can effectively predict the
prognosis of colon cancer patients. TIIsno score is a
potential biomarker for immunotherapy response
and may provide new clues for the diagnosis and
treatment of colon cancer.
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