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Pan-cancer illumination of TRIM gene family

reveals immunology regulation and potential
therapeutic implications
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Juan Xu*" and Yongsheng Li'*

Abstract

Background: The tripartite motif (TRIM) proteins function as important regulators in innate immunity, tumorigenesis,
cell differentiation and ontogenetic development. However, we still lack knowledge about the genetic and transcrip-
tome alterations landscape of TRIM proteins across cancer types.

Methods: We comprehensively reviewed and characterized the perturbations of TRIM genes across > 10,000 samples
across 33 cancer types. Genetic mutations and transcriptome of TRIM genes were analyzed by diverse computational
methods. A TRIMs score index was calculated based on the expression of TRIM genes. The correlation between TRIMs
scores and clinical associations, immune cell infiltrations and immunotherapy response were analyzed by correlation
coefficients and gene set enrichment analysis.

Results: Alterations in TRIM genes and protein levels frequently emerge in a wide range of tumors and affect expres-
sion of TRIM genes. In particular, mutations located in domains are likely to be deleterious mutations. Perturbations
of TRIM genes are correlated with expressions of immune checkpoints and immune cell infiltrations, which further
regulated the cancer- and immune-related pathways. Moreover, we proposed a TRIMs score index, which can accu-
rately predict the clinical outcome of cancer patients. TRIMs scores of patients are correlated with clinical survival and
immune therapy response across cancer types. Identifying the TRIM genes with genetic and transcriptome alterations
will directly contribute to cancer therapy in the context of predictive, preventive, and personalized medicine.

Conclusions: Our study provided a comprehensive analysis and resource for guiding both mechanistic and thera-
peutic analyses of the roles of TRIM genes in cancer.
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Background
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induced by TRIM proteins have been involved in can-
cer progression and metastasis.

TRIM proteins have been demonstrated to play an
important role in various cancer-related processes.
They are participated in biological processes such as
viral immunity, inflammatory response, autophagy
and tumor growth, and regulate cytokines related to
immune diseases [3, 4]. TRIM proteins may regulate
many oncogenes and tumor suppressors by changing
the stability of ubiquitin ligase, thus affecting the pro-
gression of cancer [5]. For example, TRIM proteins can
interact with P53 and promote its ubiquitination and
degradation, and then affect the activity of P53 related
genes and pathways [6-8]. Moreover, mutations or
deletions of TRIM proteins may also be associated with
a variety of cancers. For instance, the lack of TRIM72
could increase the invasive of cancers and lead to the
increased level of some oncogenes [9]. Mutations in
TRIM26 also resulted in decreased immune response,
which in turn increased the risk of proliferation and
metastasis of cancer [10]. Although these results sug-
gest the genetic alterations of TRIM proteins across
cancer types, the genetic and transcriptome landscapes
of TRIM proteins are unknown in cancer.

The innate immune system is the first line of host
defense against microbial infection, and protein post-
translational modifications (PTMs) are important
mechanisms to activate immune signaling pathways.
Therefore, TRIM protein with ubiquitin ligase activity
may play an important role in regulating innate immu-
nity [11, 12]. Previous studies have indicated that TRIM
proteins may regulate nuclear factor kB (NF-kB) and
IEN regulatory factor (IRF) families of transcription
factors via regulating innate immune signals in defense
against pathogens and immune-related diseases [4,
13]. TRIM60, TRIM41 and TRIM38 have been dem-
onstrated to regulate innate immune and inflammatory
pathways [14, 15]. Furthermore, several TRIM proteins
are abnormally expressed in many cancers and may be
involved in the regulatory process of cancer. The up-
regulation of TRIM59 promotes the ubiquitination and
degradation of P53, inhibits the expression of down-
stream molecules, and leads to the inactivation of p53
signaling pathway, which may promote the proliferation
and metastasis of gastric cancer [6]. In the mouse xeno-
geneic model with TRIM59 knockout, down-regulation
of cyclin was found. TRIM59 may promote the prolif-
eration and metastasis of non-small cell lung cancer,
hepatocellular carcinoma and prostate cancer by regu-
lating cyclin related proteins [16—18]. It was also found
that down-regulation of TRIM59 enhanced the chemo-
sensitivity of esophageal cancer to cisplatin [19]. How-
ever, we still lack a comprehensive knowledge about
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the regulation of TRIM proteins on tumor immune
microenvironments.

To addresses these gaps of TRIM proteins in cancer, we
comprehensively reviewed and characterized the pertur-
bations of TRIM genes across >10,000 samples across 33
cancer types in this study. We found that somatic muta-
tions in TRIM genes and protein levels frequently emerge
in a wide range of tumors and greatly affect the expres-
sion of TRIM genes in cancer. In particular, we found that
somatic mutations located in TRIM protein domains are
likely to be deleterious mutations. Perturbations of TRIM
genes are correlated with expressions of immune check-
points and immune cell infiltrations. The genes correlated
with TRIM genes are significantly enriched in the cancer-
and immune-related pathways. Moreover, we proposed
a TRIMs score index based on the expression of TRIM
genes. We found that TRIMs scores can accurately predict
the clinical outcome of cancer patients. TRIMs scores of
patients are correlated with clinical survival and immune
therapy response across cancer types. All the results pro-
vided a comprehensive review and resource for guiding
both mechanistic and therapeutic analyses of the roles of
TRIM genes in cancer.

Methods

Collection of TRIM genes

We collected the TRIM family proteins, most of which
contain RING-finger domains, from one recent study [1].
In total, 77 members in TRIM family were obtained in this
study and genes were further classified into sub-families
based on gene annotations. In addition, we obtained the
domain coordinates in TRIMs proteins from UniProt [20]
(https://www.uniprot.org/) and Pfam (http://pfam.xfam.
org/) [21].

Somatic mutations across cancer types

Genome-wide somatic mutation datasets across 33 cancers
were obtained from The Cancer Genome Atlas (TCGA,
https://portal.gdc.cancer.gov/). We explored the mutation
frequency of TRIM proteins in 33 cancer types. Based on
the domains of TRIM proteins, all members of TRIM fam-
ily were classified into 12 subtypes.

Mutational effects of TRIMs
We first calculated the mutation frequency of each TRIM
subtype i in cancer j as follows:

n(i))
N (i)

m (i)
M(j)
where m(i, j) is the number of mutated samples of TRIM
subtype i in cancer j. M (]) is the number of all mutated

Mutgyppamily (i) =

samples in cancer j. n(i, j) is the number of members of
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TRIM subtype i mutated in cancer j. N (i) is the num-
ber of all members of TRIM subtype i. The mutation
frequency not only takes into account the number of
mutated samples in each cancer, but also the number of
members in TRIM subtypes.

Based on the mutations and domains of TRIM pro-
teins, we next calculated the frequency of mutations
occurring in domains as follows:

d(aj)

N ()

where d, ;) refers to the number of mutated samples in
domain a in cancer j, N (]) is the number of mutated sam-
ples in cancer ;.

In addition, we investigated the functional impacts of
somatic mutations by ANNOVAR [22]. SIFT [23], Poly-
Phen-2 [24], CADD [25] and conservation scores were
used to evaluate the mutational impacts on the struc-
ture and function of proteins. Wilcoxon rank-sum test
was used to evaluate the differences between the muta-
tions located in domain and other regions of TRIM
genes.

flaj) =

Prioritization of domains enriched somatic mutations

We applied ROI-Driver for identification of TRIM
genes which enriched somatic mutations in protein
domain regions [26]. For each domain in TRIM pro-
teins, we assumed that the observed number of muta-
tions for a domain follows a binomial distribution
[27]. The binomial is (N, p,;), in which N is the total
number of mutations observed in one gene and p,; is
the expected mutation rate for the domain. We next
calculated the p value, which is the probability of
observing > k mutations in the domain out of N total
mutations observed in this gene:

k—1 N
Pazmzbwa<m=1—§(—ﬁﬂrmm”x
X

x=0

where p,; = Ld"L'“a‘“, and Lgomain represents the length of
g

the domain and Lg is the length of gene. In addition, we
calculated the enrichment ratio for each domain as
follows:

k
Edomain = ———————
domain N Ldomain/Lg
The p values were adjusted, and domains with p
adjusted <0.05 and E>2 were identified as significant
domains. Only domains with three or more mutations
were analyzed.
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Gene expression profiles across cancer types

The gene expression datasets of cancer patients were also
downloaded from TCGA (https://portal.gdc.cancer.gov/).
The expressions between different samples from the same
patient are taken as the average. Gene expression was
measured by Fragments Per Kilobase of exon model per
Million mapped fragments (FPKM). Genes that were not
expressed in more than 70% of samples are deleted. The
expressions of genes were log-transformed.

Moreover, we downloaded the gene expression profiles
of 11 cancer types from ArrayExpress (E-MTAB-6690,
pancreatic cancer; E-MTAB-6691, ovarian cancer;
E-MTAB-6692, renal cancer; E-MTAB-6693, gastric can-
cer; E-MTAB-6694, prostate cancer; E-MTAB-6695, liver
cancer; E-MTAB-6696, bladder cancer; E-MTAB-6697,
melanoma cancer; E-MTAB-6698, colorectal cancer;
E-MTAB-6699, lung cancer; and E-MTAB-6703, breast
cancer). All the gene expressions were RMA normalized,
merged, and batch effected via Combat method. Another
six gene expression profiles and corresponding clinical
information were downloaded from Gene Expression
Omnibus and PubMed under the accession numbers
GSE176307 (urothelial cancer), GSE28735 (pancreatic
ductal adenocarcinoma), GSE72970 (colorectal cancer),
GSE76019 (adrenocortical tumors), GSE78220 (melano-
mas), and previous studies [28, 29].

Differential expression of TRIMs
Differential expression analysis was performed in 18 can-
cer types with five or more normal samples. Wilcoxon
rank-sum test was used to evaluate the expression differ-
ences between normal and cancer samples. FDR method
was used to adjust p values, and genes with FDR<0.05
were considered as differentially expressed genes.
Moreover, Spearman Correlation Coefficient (SCC)
between TRIM gene expressions was calculated by rcorr’
function in the Hmisc R package. The difference of SCCs
between the same subtypes and different subtypes was
evaluated by Wilcoxon rank sum test.

Calculation of TRIMs score

We utilized single-sample gene set enrichment analy-
sis (ssGSEA) based on the gene set including TRIM
genes to calculate TRIMs enrichment scores (TRIMs
score) for each sample within the TCGA cohort. The
ssGSEA algorithm firstly rank-normalized the gene
expression value of a single sample S, and the genes are
replaced by their ranks according their absolute expres-
sion L =ry,r9,...,rN. The list is then ordered from
the highest rank N to the lowest 1. Then, it used a sum
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(integration) of the difference between a weighted Empir-
ical Cumulative Distribution Functions (ECDFs) of the
TRIM gene signatures G (P¢) and the ECDF of other
genes NG (Png) to generate enrichment scores (ES):

PEG,S, iy = Y "

1
; Png(G, S, i) = E -
r€G,j<i Zr/eG !ri|a (N — Ng)

ri¢Gj<i
N

ES(G,S) =Y [PE(G,S,i) — PxG(G, S, )]
i=1

where the exponent of this quantity («) is set to 1/4 to add
a modest weight to the rank. This calculation is repeated
for each signature and each sample in TCGA cohort.

We employed the ssGSEA algorithm via R packages
(GSVA) [30] to comprehensively and systematically
assess the potential functional impacts of TRIMs tran-
scriptome alterations.

Functional analysis of TRIMs

To identify the potential functional pathways associated
with TRIM genes, we first calculated the SCCs between
TRIMs scores and expressions of all genes. Genes were
ranked by SCC and subjected into gene set enrichment
analysis (GSEA) using the GSEA function in clusterProfiler
package [31, 32]. The cancer hallmark pathways used in the
analysis were downloaded from MSigDB database [33].

Immune cell infiltrations in cancer

Immune cell infiltration levels of all TCGA samples cal-
culated by CIBERSORT [34] were downloaded from
TIMER2.0 [35]. SCC between TRIMs scores and the pro-
portion of immune cell infiltration across cancer patients
was calculated. The difference of immune infiltration lev-
els between TRIMs scores-high group and low group was
compared by Wilcoxon rank-sum test.

TRIMs-based classification of cancer and normal samples
We used the ‘roc’ function in the pROC package [36]
to evaluate the diagnostic accuracy of TRIMs scores in
determining the presence of disease, with the classifica-
tion data of normal or cancer and TRIMs score for each
sample as input.

Survival analysis

We downloaded the clinical survival information of all
cancers from TCGA, and calculated the hazard ratio
(HR) value of TRIMs score for each cancer using survival
package and survminer package. Based on the ‘surv_cut-
point’ function, the survival information and TRIMs
scores, we divided the samples into high and low groups.
If HR>1 and p<0.05, we considered TRIMs score was
a risky factor, and if HR<1 and p<0.05, we considered
TRIMs score as a protective factor in cancer.
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Results

Somatic mutations of TRIMs across cancer types

To comprehensively investigate the somatic mutations of
TRIM genes in different cancer types, we obtained the
somatic mutations in more than 10,000 patients from 33
cancers in TCGA. In total, we collected 77 TRIM genes,
which were divided into 12 sub-classes according to the
domain annotations (Fig. 1A). The majority of TRIM
genes were classified into C-IV sub-class (Fig. 1A). We
next calculated the mutation frequency of genes in dif-
ferent sub-classes and found that genes in C-IV exhibited
a higher mutation frequency across cancer types, while
genes in C-IX and C-X exhibited lower mutation fre-
quency (Fig. 1B).

Protein domains are important regions for proteins to
play their functions in various pathways [37]. We further
calculated the mutation frequency of TRIM proteins in
the domain levels. We found that the mutations in TRIM
proteins mainly occurred in SPRY, coiled coil, and RING
domains (Fig. 1C). In addition, we evaluated the func-
tional impacts of somatic mutations by SIFT, Polyphen-2,
CADD and conservation scores. We found that somatic
mutations in the domains had significantly higher func-
tional impact scores than mutations outside domains
(Fig. 1D). These results suggested that cancer somatic
mutations tend to occur inside protein domains and play
deleterious functions in cancer.

We next prioritized protein domains enriched somatic
mutations and identified seven genes (TRIM16, TRIM4,
TRIM43, TRIM67, TRIM7, TRIM72 and TRIM73), as
potential drivers (Fig. 1IE-H and Additional file 1: Fig. S1).
These genes were also predicted as potential driver genes
by other computations methods [38—40]. Compared with
mutations in other protein regions, TRIM16 and TRIM4
were significantly enriched mutation in SRRY and coiled-
coil domains (Fig. 1E, G). There were significantly more
mutations in SRRY domain of TRIM16, in which R456C
and A542T were mutated in more than one cancer
patient (Fig. 1E, F E=2.94, p adjust=1.68E—6). TRIM16
has been demonstrated to orchestrate the SQSTM1-
KEAP1-NFE2L2 axis to mediate stress-induced biogen-
esis of protein aggregates, via interacting with NFE2L2
and SQSTM1 through the SPRY domain, and mediat-
ing the K63-link ubiquitination of NFE2L2 to enhance
its stability [41]. In addition, mutations in TRIM4 were
significantly enriched in the coiled-coil domain, with
more than one patient having T228M and K230N muta-
tions (Fig. 1G, H, E=2.33, p adjust=0.0441). Moreo-
ver, PRY was the domains enriching somatic mutations
of TRIM7 and TRIM72 (Additional file 1: Fig. S1), and
SPRY domain plays important roles in substrate recogni-
tion [12, 42]. Together, these results suggested there were
widespread somatic mutations in TRIM gene family and
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cancer mutations were significantly enriched in protein
domains.

Widespread transcriptome alterations of TRIMs in cancer

To investigate the expression pattern of the TRIM fam-
ily proteins in cancer, we analyzed the gene expression
profile of 18 cancers with 5 or more normal samples. In
total, 72 TRIM genes with non-zero expression in at least
30% of samples in each cancer were analyzed. We found
that 71/72 (98.61%) of the TRIM genes were differentially
expressed in at least one cancer (Fig. 2A, FDR<0.05).
Several TRIM genes exhibited similar expression pat-
terns in various cancer types, such as TRIM28 and
TRIM59, which were extensively highly expressed in

cancer (Fig. 2B and Additional file 1: Fig. S2A). In addi-
tion, TRIM58 or TRIM23 exhibited lower expression
in multiple cancer types (Fig. 2C and Additional file 1:
Fig. S2B). TRIM28 was significantly overexpressed in
17 cancer types (Fig. 2B), which was consistent with
the observations that TRIM28 was more prone to pro-
mote tumorigenesis [43, 44]. TRIM28 also played a role
in the development of cancer by reducing autophagy or
inhibiting anti-tumor immunity and immune check-
point blockade [45, 46]. In contrast, TRIM58 was ubiq-
uitously low expressed in 11 cancers (Fig. 2C). Notably,
the expression levels of TRIM58 were negatively corre-
lated with methylation levels in various cancers except
KIRC (Additional file 1: Fig. SSA-E). Almost all TRIM58



Gao et al. Human Genomics (2022) 16:65

Page 6 of 15

A B
M1 A [———] 3 - L L
MiD2 o — lzg
TRIM9 [ ] 2
TRIM67 [ ] 18 <
TRIM36 | 1] 0 2 £
TRIM46 [Sin—] 3 3
TRINS4 — a5 S
TRIMS5 1 - )
TRIVGS | — 2 8 oNomal
TRIM42 [] & @Tumor
= TRIM6 — . =
] TRIM7 A [ [
- 1 TRIM10 -1 Sass 2]
- = T TRIMIT A — &
|| TRIM15 - 1] S-
TRIM17 - — v
g TRIM21 A - c-v
d TRIM26 | | Cc-viI
B TRIM27 I G-vii C
g TRIM35 ] C-Vill
g TRIM38 [ ] C-IX
TRIM39 - | ] Cc-X
. TRIM41 [ | C-XI <15
E : TRIM50 I uc £
CTRIMGS | — s
TRIMEO - 1 8
| TRIM62 ] -
INEE HE EEE _* |TRIMB8 I 2 @Normal
[ ITRIM72 [ | 8 @Tumor
TRIM75P [ ] Moown =
RIM4 - ] =
TRIMS - | muw 5
TRIM22 L ]
TRIM34 - E—
TRIM43 [ ]
| Tives — L S T S T N S T S S N N N A S
TRIM47 + | ]
| ITRIM25 - ] HNSCGBMLUADLUSCBRCAI'HC/S OADESCAREADSTADCHOLLIHCBLCAKICHKIRCKIRPPRADUCEC
TRIMB9 L ]
TRIML1 [_] Cancer types
TRIM48 -
0 O G 1, VR |
0 2 A 7 PML A — E
=1 =] TRIM31 ~ ]
- TRIM40 - | 1
G TRIM56 I
TRIM73 [ ]
TRIM74 L
RNF207 [ ]
[ TRIM52 - | ]
= TRIVG! | IE—
- : © " TRIM24 I
G Y —
- s TRIM33 o ]
“MTRMTT A ]
ST TR | —
S TR 4 —
\ © T TRIM32 [ ]
i TRIM37 |
TRIM23 +
TRIM45 - —
TRIM13 ==
TRINS9 - —
|~ TRIM14 4 e
_* TRIM16 | ]
MEFV ]
TRIM29 |
------ : TRIM44 - —
[-1-1 TRIM66 [ |
- il TRIM16L - [
MYAS ——
‘;_)TRIMLZ 1 ; [ | .
P RO.CX
"? ‘Jqu&&%é)@%& ‘b “_QZ ¥ 10 0 10 20
Number of cancer types
D @i Different @ same
050 "":'5“=
0.25 : : :
g : :
$ 0.00 : :
-0.25 : : :
-0.50} : : : : : : :
\3 O s s sl ) < el o O g QO O
@” & o‘” ¥ ,gg' & o“ @e" Q_«? e;\‘?' Q~° S € & & &
Fig. 2 Perturbations of the expression of TRIM protein family in cancer. A Landscape of differential expression of TRIM proteins family between
normal and tumor samples across cancer types. Heatmap on the left panel showing the log2(fold-changes) of TRIM genes across cancer types,
where *'indicates significant difference. Bar plots on the right panel showing the number of cancers that the corresponding TRIM genes perturbed.
Red represents up-regulated expression in cancer, and blue represents decreased expression. B and C Box plots showing the expression levels of
TRIM28 (B) and TRIM58 (C) between normal and tumor samples across 18 cancer types. The point represents the median value of expression, and
sides of the line represent the upper and lower quartiles of that. Wilcoxon rank sum test, ****p <0.0001, ***p <0.001, **p < 0.01, *p < 0.05. D Boxplots
showing the SCC distributions of TRIM genes within and between different sub-classes. Red represents Spearman correlation coefficient between
the same sub-class, and blue represents that between different sub-classes. Wilcoxon rank sum test, ****p < 0.0001, ***p < 0.001, **p <0.01, *p < 0.05.
E Circos plot showing the co-expression between TRIM genes. Gene pairs with p value <0.05 and SCC>0.75 was plotted. One line indicates strong
correlation in one cancer, and multiple lines between two genes indicate strong correlation in multiple cancers

methylation subtypes are significantly negatively cor-
related with their expression levels in various cancers,
such as LIHC and COAD patients (Additional file 1: Fig.
S3B, C). In addition, we further analyzed the relationship
between methylation of TRIM58 and survival outcomes

of patients using a web tool MethSurv (Additional file 1:
Fig. S3F) [47]. It suggested that renal cancer-related
patients with higher methylation level of TRIM58 are
associated with poor survival (Additional file 1: Fig. S3G,
H, ACC, ¢g20146541, HR=4.204; KIRP, cg26157385,
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HR=2.423). It has been demonstrated that abnormal
methylation of TRIM58 may lead to down-regulation of
its expression, which leads to increased aggressiveness of
cancer cells and reduced survival rate of cancer patients
[48-50]. Recent studies have highlighted the possible
role of TRIM58 as a tumor suppressor gene [50], which
degrades p-catenin through ubiquitination, resulting
in the inactivation of B-catenin signaling. There results
suggested the widespread transcriptome alterations of
TRIM genes in cancer. Furthermore, additional cohorts
were used to analyze the gene expression of TRIMs in 11
independent cancer types. We found that 67 TRIM genes
exhibited differential expression in at least one cancer
type (Additional file 1: Fig. S4A). In particular, TRIM28
exhibited upregulation in seven cancer types, and immu-
nohistochemical results from The Human Protein Atlas
(HPA) database [51] also showed that TRIM28 has higher
expression in liver related cancer tissues than in normal
liver tissues. (Additional file 1: Fig. S4B, D). Consistent
with previous results, TRIM58 was also down-regulated
in various cancers, and the expression of its coding pro-
tein in liver tumor tissues is reduced (Additional file 1:
Fig. S4C, D). It indicated that TRIM28 was an oncogene,
while TRIM58 is more likely to be a tumor suppressor
gene. These results further confirmed the importance of
TRIM gene in tumorigenesis.

In addition, genes do not function in isolation, and
evidence has shown that collaboration among genes
exists in the context of cancer [52]. We found that sev-
eral TRIM genes exhibited similar expression patterns in
various cancers. Therefore, we calculated SCCs between
TRIM genes, and found that TRIM genes belonging to
the same sub-classes exhibited significantly higher SCCs
in the majority of cancer types (Fig. 2D). In particular,
TRIM genes from the same sub-classes were significantly
positive correlation (Fig. 2E), when we considering the
significantly correlated TRIM gene pairs (p adjust<0.05
and R>0.75). Since TRIM family sub-classes were classi-
fied according to the annotations of functional domains,
members from the same sub-classes with similar domains
may play roles in cancer pathways coordinately. All these
results indicated that TRIM genes were dysregulated in
expression across cancer types, and genes in the same
sub-classes tend to be co-expressed in cancer.

TRIMs regulate cancer immunology pathways

TO systematically explore the potential functional
impacts of TRIMs transcriptome alterations in cancer,
we first calculated a TRIMs score for each cancer patient
based on single-sample gene set enrichment analysis
(ssGSEA) algorithm [32]. We next evaluated the correla-
tion between TRIMs scores and expressions of all protein
coding genes. Protein coding genes were ranked by the
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correlation and subjected into gene set enrichment analy-
sis (GSEA). The hallmark gene sets were evaluated across
cancer types. We found that TRIMs scores are signifi-
cantly correlated with cancer- or immune-related path-
ways across cancer types (Fig. 3A, adjusted p <0.05), such
as epithelial-mesenchymal transition (EMT) and inter-
feron response pathways. In particular, EMT and Kras
signaling up pathways were negatively correlated with
TRIMs scores across cancer types (Fig. 3A). Interferon
alpha response and interferon gamma response pathways
exhibited consistently positively correlated with TRIMs
scores across cancer types (Fig. 3A).

EMT is a cellular program, which can enhance tumor-
initiating and metastatic potential, and contribute to
the development of malignant tumors [53]. Interferons
(IFNs) are a family of cytokines that protect against com-
plex diseases by activating immune responses, and of
great significance for preventing and treating cancer [54].
TRIMs scores were significantly negatively correlated
EMT pathway in 29 cancer types, and positively cor-
related with the activation of interferon alpha response
related pathways in 32 cancer types (Fig. 3B, C). These
results were consistent with previous observations that
many members of the TRIM family were induced by IFN
responses, and played an important role in IFN-mediated
innate immune regulation [13, 55, 56]. In addition, we
found that TRIMs scores were correlated with E2F targets
and G2M checkpoint pathways in several cancer types
(Additional file 1: Fig. S5A, B). We further divided the
cancer samples into two groups with high or low TRIMs
scores in each cancer, and identified the differentially
expressed genes (DEGs) between two groups. Functional
enrichment analysis revealed that up-regulated genes
were significantly enriched in immune-mediated, antigen
presentation and response-related functions (Additional
file 1: Fig. S5C). Taken together, all these results sug-
gested that perturbations of TRIMs play important roles
in immune- and cancer-related pathways.

TRIMs correlated with immune checkpoints and immune
cellinfiltrations

To further determine the correlation between TRIMs
scores and immunity in the tumor microenvironment,
we explored the correlation with 78 immune regulatory
factors, which were mainly divided into seven categories:
antigen presentation, cell adhesion, co-inhibition, co-
stimulation, receptor, ligand and others [57]. We found
that TRIMs scores were significantly positively correlated
with immune regulatory factors in the majority of can-
cers (Fig. 4A), such as MHC class I member HLA-A/B/C,
BTN3A family activating T cells, interferon related fac-
tors (IFNA1, IFNG), TNFRSF14, which is a member of
the pro-inflammatory tumor necrosis factor superfamily
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(TNF) and oncogene CD274 (PD-L1) (Additional file 1:
Fig. S6A). There were higher numbers of correlations
observed in gynecological cancers, such as CESC, OV
and UCEC (Additional file 1: Fig. S6B).

We further explored the association between TRIMs
scores and 22 immune cell infiltrations. We found that
TRIMs scores were significantly correlated with immune
cells in cancer (Fig. 4B and Additional file 1: Fig. S6C), in
particular for T cell follicular helper, CD8+ T cell, acti-
vated NK cell, Macrophage M1 and M2 (Fig. 4B). TRIMs
scores were significantly positively correlated with pro-
inflammatory Macrophage M1 and negatively correlated
with anti-inflammatory Macrophage M2 in numerous
cancer types (Fig. 4C, D). Moreover, TRIMs scores were
significantly correlated with T cell follicular helper and
activated NK cell infiltrations in more than ten cancer
types (Additional file 1: Fig. S6D, E). Next, we compared
the immune cell infiltration levels between patients with
low or high TRIMs scores. We found that there were
great differences in the proportion of immune cell infil-
trations between two groups at the pan-cancer level
(Additional file 1: Fig. S6F). For T cell follicular helper,

CD8+ T cell, T cell regulatory (Tregs), activated NK
cell, Macrophage M1 and Mast cell activated, patients in
TRIMs scores high group had a significantly higher pro-
portion of immune cell infiltrations (Additional file 1: Fig.
S6F).

Clinical survival associations of TRIMs with cancer

Considering the associations between TRIMs scores
and immunity in tumor microenvironment, we next
evaluated the impact of TRIMs scores on clinical sur-
vival of cancer patients. We found there were a wide
range of TRIMs scores for patients within the same
cancer and across cancer types (Fig. 5A, ANOVA, p
value <2.2E—16), suggesting the great heterogeneities in
cancer. Patients in acute myeloid leukemia (LAML) have
the highest levels of TRIMs scores on average across all
cancers, whereas patients in lymphoid neoplasm diffuse
large B-cell lymphoma (DLBC) have the lowest TRIMs
scores (Fig. 5A). Next, we compared the TRIMs scores
between tumor and normal samples in 18 cancers with
five or more normal samples. We found that there were
significant differences in TRIMs score between normal
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and tumor samples in 14 cancers (Fig. 5B). TRIMs scores
in cancer samples were significantly higher than those in
normal samples across cancer types (Fig. 5B). We also
explored the proportion of samples with high or low
TRIMs scores in each cancer, and the results showed that
there were more samples in the high TRIMs scores group
(Additional file 1: Fig. S7).

To further evaluate to what extent the TRIMs scores in
distinct the cancer and normal patients, we used pROC
package to calculate the area under the receiver operating

characteristic (ROC) curve (AUC), sensitivity, and
specificity. We selected 14 cancers with 15 or more nor-
mal samples for further analysis. We found that TRIMs
scores can accurately distinguish normal and cancer
samples in the majority of cancer types (Fig. 5C). TRIMs
score achieved better accuracy in kidney related cancer
(AUC=0.94 and 0.97 in KIRC and KIRP), liver related
cancer (AUC=0.91) and lung related disease (AUC=0.8
and 0.86 in LUAD and LUSC) (Fig. 5C). These results
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were consistent with the observations that TRIM genes
expression greatly altered in cancer.

We also evaluated whether TRIMs scores could pre-
dict survival of patients. We found that TRIMs scores
were significantly associated with overall survival in
25/33 (76%) cancer types (Fig. 5D, p value<0.05). We
also obtained other cancer cohorts annotated with clini-
cal information from Gene Expression Omnibus (GEO)
and Published literature [29, 58—61]. Univariable Cox-
regression analyses revealed a cancer-specific association

of TRIMs scores in predicting survival times of patients.
TRIMs scores were a favorable prognosis factor and
patients with higher TRIMs scores were with better sur-
vival in metastatic urothelial cancer (Fig. 5E and Addi-
tional file 1: Fig. S8A, log-rank p =0.002 and HR=10.319),
advanced clear cell renal cell carcinoma (Fig. 5F, log-rank
p=0.011 and HR=0.697) and adrenocortical (Fig. 5G,
log-rank p=0.0024 and HR=0.203). However, patients
with higher TRIMs score were associated with lower
survival rates in colorectal cancer and pancreatic cancer
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(Additional file 1: Fig. S8A). It is consistent with previous
results. All these results suggested that TRIMs scores can
effectively predict the clinical outcome of many cancer
patients.

Potential therapeutic response associated with TRIMs

in cancer

TRIM proteins play important roles in the regulation
of biological behaviors of cancer cells. Next, we further
explored the potential value of TRIMs scores in cancer
treatment. We first analyzed the drug therapy response
of cancer patients based on TRIMs scores. Patients
were classified into progressive disease (PD), stable dis-
ease (SD), partial response (PR) and complete response
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(CR) based on drug treatment responses. We found that
there were significant differences in treatment response
between TRIMs scores high and low groups in ten cancer
types (Fig. 6A). In particular, patients with high TRIMs
scores had a higher proportion of better treatment
response in COAD, ESCA, LUAD, PRAD and SKCM
(Fig. 6A, Fisher’s exact test, p value <0.05).

In addition, we collected other cancer cohorts with
drug therapy from literature. In melanoma patients
treated with anti-PD-1 checkpoint inhibitors [60], we
found patients response to treatment (CR and PR) were
with higher TRIMs scores (Fig. 6B, p=0.019 and 0.0052).
Moreover, a higher proportion of patients in high TRIMs
scores group were likely to response to drug treatment

CESC* COAD* ESCA* LUAD* Lusc

GSE78220

D
GSE78220 1.00

IN
®

PRAD* READ*  SKCM*

high low  high low  high low

1.00 9
0.754
0.504
0.254
0.00+

MESO*

1.00 9
0.754
0.50 4
0.254
0.00+

high low

STAD*

high low

Proportion of patients
TRIM score
»
S

0.019
[wsumm—
X 0.0052
.

o
3
3

== TRIM high
== TRIM low

Proportion of patients
Survival probability

o

o

o

o
N

1,00/ _p=0.0015
075 : )
050 :
025 . 25
0.00

p =0.0039

B PD I SD W PR W CR

E Tavi et al., 2017 F Tavi et al., 2017 G

0.00

low high

0 250 500 750 1000
Time
IMvigor210

p=0.00075 1.00

28 .
26 :
224 «
2.0
p=0.0071 0.00

o
~
(&)
o
3
a

N
IS

TRIM score
o
(]
o

o
o
=]

Proportion of patients
Survival probability

o
N
a

o

N

o

= TRIM high
== TRIM low
p=0.021

1.00

©
3
a

Survival probability
o
19
o

o
N}
&

== TRIM high
== TRIM low
p=0.024

0.00

NR R low high 5

7 5 0 5 fo 15 20 25

Time Time

Fig. 6 Clinical therapeutic response associated with TRIMs in cancer. A The proportions of patients for therapeutic response between TRIMs scores
high and low groups in TCGA cohorts. Patients were classified into progressive disease (PD), stable disease (SD), partial response (PR) and complete
response (CR) based on drug treatment responses. Fisher’s exact test was used to compare statistical difference of two group. B Boxplots showing
the distributions of TRIMs scores for patients with different therapeutic response to anti-PD1 immunotherapy. The statistical difference of three
response stages was compared through the Wilcoxon rank sum test. Patients with better responses have higher TRIMs scores (p value < 0.05). C
Proportions of patients with different therapeutic response to anti-PD1 immunotherapy in TIRMs scores high versus low groups. Fisher’s exact

test was used to compare statistical difference of two group (p value =0.0015). D Kaplan—Meier survival plot of patients grouped by high versus
low TRIMs scores in anti-PD1 immunotherapy cohort (GSE78220). The group with low TRIMs scores (blue) has poorest survival, whereas the high
TRIMs score group (red) is associated with better outcomes (log-rank test p value =0.0039). E Boxplots showing the distributions of TRIMs scores
for patients with different therapeutic response to anti-CTLA-4 immunotherapy. The statistical difference of three response stages was compared
through the Wilcoxon rank sum test (p value =0.0071). F Proportions of patients with different therapeutic response to anti-CTLA-4 immunotherapy
in TIRMs scores high versus low groups (Fisher's exact test, p value =0.00075). G Kaplan—-Meier survival plot of patients grouped by high versus low
TRIMs scores in anti-CTLA-4 immunotherapy cohort. The group with low TRIMs scores (blue) has poorest survival, whereas the high TRIMs score
group (red) is associated with better outcomes (log-rank test p value =0.021). H. Kaplan-Meier survival plot of patients grouped by high versus
low TRIMs scores in IMvigor210 cohorts. The group with low TRIMs scores (blue) has poorest survival, whereas the high TRIMs score group (red) is
associated with better outcomes (log-rank test p value =0.024)




Gao et al. Human Genomics (2022) 16:65

(CR and PR) (Fig. 6C, p=0.0015, Fisher’s exact test). In
addition, patients with higher TRIMs scores were with
better survival (Fig. 6D, log-rank p=0.0039). Moreover,
for melanoma patients treated with CTLA-4 blockade
[28], we found that TRIMs scores of patients response
or not response to drug treatment were significantly dif-
ferent (Fig. 6E, p=0.0071). The proportion of patients
that response to treatment was higher in the high TRIMs
scores group (Fig. 6F, p=0.00075, Fisher’s exact test).
Moreover, patients with high TRIMs scores had better
survival (Fig. 6G, log-rank p=0.021). TRIMs scores can
relatively accurately predict the treatment effects with
anti-PD-1 checkpoint inhibitor or CTLA-4 blockade in
melanoma (Additional file 1: Fig. S8B, AUC=0.84 and
0.82). In the urothelial carcinoma treated with immuno-
therapy, we found that patients with high TRIMs scores
had a better survival than those with low TRIMs scores
(Fig. 6H, log-rank p=0.024), which was consistent with
previous results. In summary, TRIMs scores may be able
to accurately predict drug response and clinical survival
for some cancer types.

Discussion

Emerging evidence has revealed that TRIM proteins as
regulators of cancer growth and immune-related path-
ways. However, the comprehensive genetic and tran-
scriptome landscape of TRIM genes across cancer types
remain unclear, suggesting the need for comprehensive
review analysis. In this study, we performed comprehen-
sive review and analyses of the somatic mutations, tran-
scriptome dysregulation, and clinical relevance of TRIM
genes across cancer types. We found that somatic muta-
tions were likely to be observed in the domain regions
of TRIM proteins. We prioritized several TRIM genes
with enrichment of mutations in protein domain, such as
TRIM16, TRIM4 and TRIM?7. These genes provided can-
didates for further functional validation in cell lines or
animal models.

Moreover, the transcriptome of TRIM genes exhibited
greatly perturbed in cancer. TRIM11, TRIM27, TRIM28
and TRIM59 have higher expression in almost all cancers.
Previous studies have shown that overexpression of these
genes promotes the proliferation, migration and invasion
of many cancers through a variety of mechanisms, such
as beta-catenin signaling, AKT signaling, P53 activity,
and epithelial mesenchymal transition. On the contrary,
TRIM23, TRIM61 and TRIMS58 have lower expression
in cancer. It has been reported that TRIM58 may inhibit
tumor growth through interaction with pyruvate kinase
M2 or beta-catenin signaling [62]. In addition, we found
that methylation and expression of TRIM58 were sig-
nificantly negatively correlated, and patients with hyper-
methylation had poor survival in renal-related cancers.
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Immunohistochemical results further demonstrate the
role of TRIM28 and TRIM58 in cancer. Perturbation of
TRIM genes affected numerous cancer-related pathways.
We proposed the TRIMs scores index for further investi-
gating the functional pathways regulated by TRIM genes.
We found that EMT, interferon alpha response and inter-
feron gamma response were consistently correlated with
TRIMs scores across cancer types. Emerging evidences
suggest that TRIM family play important roles in these
pathways. For example, TRIM50 can suppress pancreatic
cancer progression and reverse EMT via Snaill, which
is a key regulator of EMT [63]. TRIM11 can also pro-
mote proliferation, migration and EMT by activating the
beta-catenin signaling in cancer [64]. In addition, TRIMs
scores were correlated with E2F targets and G2M check-
point pathways, both of which are related to cell cycle.
Several studies have shown that TRIM11 and TRIM59
may promote proliferation and metastasis by regulating
cyclin, and TRIM16 also plays a role in the process of cell
cycle by changing the expression of cyclin D1 and p27.
These results suggested that TRIM proteins play impor-
tant roles in cancer immunology.

TRIM proteins have been intensively studied as essen-
tial modulators in immune responses. We also found
that TRIMs scores were significantly correlated with the
expression of immune checkpoints and immune cell infil-
tration levels in cancer. TRIMs scores were positively cor-
related with M1 macrophage infiltrations and negatively
correlated with M2 macrophage infiltrations. Both M1
macrophages and M2 macrophages have been demon-
strated to be closely related to inflammatory responses,
among which M1 macrophages are mainly involved in
pro-inflammatory responses and M2 macrophages are
mainly involved in anti-inflammatory responses [65]. In
addition, TRIMs scores were significantly associated with
T cell follicular helper cells, CD8" T cell and activated
NK cell infiltration, which are closely related to immune
response. These observations revealed that TRIM pro-
teins play important roles in inflammatory and immune
responses.

Well-established ubiquitylation mechanisms are
understood on some key proteins (such as P53, NE-kb,
and PI3K/AKT) of some signaling pathways. TRIM
proteins have also been found to be targeted by sev-
eral drugs. For example, target therapy of TRIM14 can
inhibit osteosarcoma aggressiveness through the NF-kb
signaling pathway [66]. We found that TRIMs scores
can effectively distinct the normal and cancer patients.
TRIMs scores are also associated with clinical survival
and drug treatment responses, in particular immune
therapies. All these results suggested that TRIM fam-
ily members are potential biomarkers for cancer diag-
nosis and prognosis, and potential therapeutic targets
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in cancer. However, despite the tremendous progress
that has been made in understanding the functions
and signaling pathways of TRIM proteins responsible
for tumor, limited TRIM protein-based therapeutics
for cancers are approved by the U.S. Food and Drug
Administration (FDA) or entering clinical trials.

Our analysis of TRIMs genes was performed by can-
cer type separately. Because of the great heterogeneity
between cancers, the results in each cancer are differ-
ent. For example, in the survival analysis, TRIMs scores
were significantly associated with overall survival in 25
cancer types. In 12 of these cancers, patients with high
TRIMs scores had better survival, while in the remain-
ing 13 cancers, patients with high TRIMs scores were
with poorer survival (Fig. 5D). The additional cohort
obtained similar results. In investigating response to
treatment, results from the TCGA cohort showed that
TRIMs scores were positively associated with treatment
response when as a protective factor in cancer, and
negatively associated with treatment response when as
a risk factor in cancer.

Conclusions

In summary, genome-wide analysis of the somatic muta-
tions and transcriptome supported the important roles
of TRIM proteins in tumorigenesis. This study provided
a comprehensive review and analyses of genetic and
pharmacogenomics landscape of TRIM proteins across
cancer types, which will shed light on the future develop-
ment of therapeutic targets.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540246-022-00441-9.

Additional file 1: Fig. S4. Mutations of TRIM genes across cancer types.
Fig. S2. Perturbations of the expression of TRIM protein family in cancer.
Fig. S3. Methylation of TRIM58 in various cancers. Fig. S4. Perturbations
of the expression of TRIM protein family in additional cohorts. Fig. S5.
Functional pathways of TRIM protein family across cancer types. Fig. S6.
Immune regulation of TRIM protein family across cancer types. Fig. S7.
Proportion of patients with high or low TRIMs scores across cancer types
(Red, TRIMs score high group; Blue, TRIMs score low group). Fig. S8. Clini-
cal associations of TRIMs scores in additional cohorts.

Acknowledgements
Not applicable.

Author contributions

YL, JX and YM contributed to conceptualization; YG, TP and GX designed the
methodology; YG, TP and GX carried out the formal analysis; SL, JG, YZ, QX
and JP contributed to investigation; YG, YL, JX and YM contributed to writ-
ing—original draft preparation; YL and JX contributed to writing—review and
editing; YG, TP and GX contributed to visualization; YL, JX and YM contributed
to supervision; YL, JX and YM contributed to project administration; YL, JX and
YM contributed to funding acquisition. All authors have read and agreed to
the published version of the manuscript.

Page 13 of 15

Funding

This work was supported by the Hainan Province Science and Technology
Special Fund [ZDYF2021SHFZ051]; Hainan Provincial Natural Science Founda-
tion of China [820MS053, 822MS175, LCYX201202]; National Natural Science
Foundation of China [32060152, 32070673, 32170676, 31871338, 31970646,
61873075, 82072880]; Major Science and Technology Program of Hainan
Province [ZDKJ202003]; HMU Marshall Initiative Funding [HMUMIF-21024];
Marshal Initiative Funding of Hainan Medical University [JBGS202103]; Hainan
Province Clinical Medical Center [QWYH202175]; National Key R&D Program of
China [2018YFC2000100]; Natural Science Foundation for Distinguished Young
Scholars of Heilongjiang Province [JQ2019C004]; Bioinformatics for Major
Diseases Science Innovation Group of Hainan Medical University, Heilongjiang
Touyan Innovation Team Program and Innovation Research Fund for Graduate
Students [Qhys2021-350].

Availability of data and materials

All data generated or analyzed during this study are included in this published
article. The gene expression profiles and clinical data can be found at the GDC
portal and GEO (https://www.ncbi.nlm.nih.gov/geo/). Software and resources
used for the analyses are described in each method section and can be
accessed from GitHub (https://github.com/ComputationalEpigeneticsLab/
Pan-cancer-Analysis-of-Tripartite-Motif).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
No potential competing interests were disclosed.

Author details

"Hainan Provincial Key Laboratory for Human Reproductive Medicine

and Genetic Research, Reproductive Medical Center, National Center for Inter-
national Research, The First Affiliated Hospital of Hainan Medical University,
Hainan Medical University, Haikou 571199, Hainan, China. *College of Biomedi-
cal Information and Engineering, Hainan Medical University, Haikou 571199,
Hainan, China. *College of Bioinformatics Science and Technology, Harbin
Medical University, Harbin 150081, Heilongjiang, China.

Received: 27 July 2022 Accepted: 28 November 2022
Published online: 02 December 2022

References

1. Hatakeyama S. TRIM family proteins: roles in autophagy, immunity, and
carcinogenesis. Trends Biochem Sci. 2017;42:297-311.

2. Bhaduri U, Merla G. Rise of TRIM8: a molecule of duality. Mol Ther Nucleic
Acids. 2020;22:434-44.

3. JinZ Zhu Z The role of TRIM proteins in PRR signaling pathways and
immune-related diseases. Int Immunopharmacol. 2021;98:107813.

4. KawaiT, Akira S. Regulation of innate immune signalling pathways by the
tripartite motif (TRIM) family proteins. EMBO Mol Med. 2011,3:513-27.

5. Wang D, Ma L, Wang B, Liu J, Wei W. E3 ubiquitin ligases in cancer and
implications for therapies. Cancer Metastasis Rev. 2017;36:683-702.

6. ZhouZ JiZ,WangY, LiJ, Cao H, Zhu HH, Gao WQ. TRIM59 is up-regulated
in gastric tumors, promoting ubiquitination and degradation of p53.
Gastroenterology. 2014;147:1043-54.

7. LiuJ, Zhang C, Wang XL, Ly P, Belyi V, Xu-Monette ZY, Young KH, Hu W,
Feng Z. E3 ubiquitin ligase TRIM32 negatively regulates tumor suppressor
p53 to promote tumorigenesis. Cell Death Differ. 2014;21:1792-804.

8. Elabd S, Meroni G, Blattner C. TRIMming p53's anticancer activity. Onco-
gene. 2016;35:5577-84.

9. Fernandez-Acenero MJ, Cruz M, Sastre-Varela J, Casal JI, Nieto
MAC, Del Puerto-Nevado L, Garcia-Foncillas J, Cebrian A. TRIM72


https://doi.org/10.1186/s40246-022-00441-9
https://doi.org/10.1186/s40246-022-00441-9
https://www.ncbi.nlm.nih.gov/geo/
https://github.com/ComputationalEpigeneticsLab/Pan-cancer-Analysis-of-Tripartite-Motif
https://github.com/ComputationalEpigeneticsLab/Pan-cancer-Analysis-of-Tripartite-Motif

Gao et al. Human Genomics

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

(2022) 16:65

immunohistochemical expression can predict relapse in colorectal carci-
noma. Pathol Oncol Res. 2020;26:861-5.

Lyu XM, Zhu XW, Zhao M, Zuo XB, Huang ZX, Liu X, Jiang T, Yang XX, Li

X, Long XB, et al. A regulatory mutant on TRIM26 conferring the risk of
nasopharyngeal carcinoma by inducing low immune response. Cancer
Med. 2018;7:3848-61.

. LiuX, Wang Q, Chen W, Wang C. Dynamic regulation of innate immunity

by ubiquitin and ubiquitin-like proteins. Cytokine Growth Factor Rev.
2013,24:559-70.

Wang HT, Hur S. Substrate recognition by TRIM and TRIM-like proteins in
innate immunity. Semin Cell Dev Biol. 2021;111:76-85.

Yang W, Gu Z, Zhang H, Hu H. To TRIM the immunity: from innate to
adaptive immunity. Front Immunol. 2020;11:02157.

Versteeg GA, Benke S, Garcia-Sastre A, Rajsbaum R. InTRIMsic immunity:
positive and negative regulation of immune signaling by tripartite motif
proteins. Cytokine Growth Factor Rev. 2014;25:563-76.

Patil G, Xu L, Wu'Y, Song K, Hao W, Hua F, Wang L, Li S. TRIM41-mediated
ubiquitination of nucleoprotein limits vesicular stomatitis virus infection.
Viruses. 2020;12:131.

ZhanW, Han T, Zhang C, Xie C, Gan M, Deng K, Fu M, Wang JB. TRIM59
promotes the proliferation and migration of non-small cell lung

cancer cells by upregulating cell cycle related proteins. PLoS ONE.
2015;10:0142596.

Ying H, Ji L, Xu Z, Fan X, Tong Y, Liu H, Zhao J, Cai X. TRIM59 promotes
tumor growth in hepatocellular carcinoma and regulates the cell cycle by
degradation of protein phosphatase 1B. Cancer Lett. 2020;473:13-24.

Lin WY, Wang H, Song X, Zhang SX, Zhou PS, Sun JM, Li JS. Knockdown of
tripartite motif 59 (TRIM59) inhibits tumor growth in prostate cancer. Eur
Rev Med Pharmacol Sci. 2016;20:4864-73.

Liu R, Li H, Xu, Li X, Guo X, Shi J, Cui Y, Wang Z, Liu J. Blockade of TRIM59
enhances esophageal cancer cell chemosensitivity to cisplatin by
upregulating p53. Oncol Lett. 2021;21:6.

UniProt C. UniProt: the universal protein knowledgebase in 2021. Nucleic
Acids Res. 2021;49:D480-9.

Mistry J, Chuguransky S, Williams L, Qureshi M, Salazar GA, Sonnhammer
ELL, Tosatto SCE, Paladin L, Raj S, Richardson LJ, et al. Pfam: the protein
families database in 2021. Nucleic Acids Res. 2021;49:D412-9.

Wang K, Li M, Hakonarson H. ANNOVAR: functional annotation of genetic
variants from high-throughput sequencing data. Nucleic Acids Res.
2010;38:e164.

Vaser R, Adusumalli S, Leng SN, Sikic M, Ng PC. SIFT missense predictions
for genomes. Nat Protoc. 2016;11:1-9.

Adzhubei |, Jordan DM, Sunyaev SR. Predicting functional effect of
human missense mutations using PolyPhen-2. Curr Protoc Hum Genet.
2013. https://doi.org/10.1002/0471142905.hg0720s76.

Kircher M, Witten DM, Jain P, O'Roak BJ, Cooper GM, Shendure J. A general
framework for estimating the relative pathogenicity of human genetic
variants. Nat Genet. 2014;46:310-5.

Zou H,PanT, GaoY, Chen R, Li S, Guo J, Tian Z, Xu G, Xu J, Ma Y, Li Y. Pan-
cancer assessment of mutational landscape in intrinsically disordered
hotspots reveals potential driver genes. Nucleic Acids Res. 2022;50:e49.
Cheng F, Zhao J,Wang Y, Lu W, Liu Z, Zhou Y, Martin WR, Wang R, Huang
J,Hao T, et al. Comprehensive characterization of protein-protein interac-
tions perturbed by disease mutations. Nat Genet. 2021;53:342-53.
Nathanson T, Ahuja A, Rubinsteyn A, Aksoy BA, Hellmann MD, Miao D, Van
Allen E, Merghoub T, Wolchok JD, Snyder A, Hammerbacher J. Somatic
mutations and neoepitope homology in melanomas treated with CTLA-4
blockade. Cancer Immunol Res. 2017,5:84-91.

Braun DA, Hou Y, Bakouny Z, Ficial M, Sant’ Angelo M, Forman J, Ross-
Macdonald P, Berger AC, Jegede OA, Elagina L, et al. Interplay of somatic
alterations and immune infiltration modulates response to PD-1 block-
ade in advanced clear cell renal cell carcinoma. Nat Med. 2020;26:909-18.
Hanzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinform. 2013;14:7.

Yu G, Wang LG, Han'Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. OMICS. 2012;16:284~7.
Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette
MA, Paulovich A, Pomeroy SL, Golub TR, Lander ES, Mesirov JP. Gene

set enrichment analysis: a knowledge-based approach for inter-

preting genome-wide expression profiles. Proc Natl Acad Sci USA.
2005;102:15545-50.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

Page 14 of 15

Liberzon A, Birger C, Thorvaldsdottir H, Ghandi M, Mesirov JP, Tamayo P.
The molecular signatures database (MSigDB) hallmark gene set collec-
tion. Cell Syst. 2015;1:417-25.

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, Hoang CD,
Diehn M, Alizadeh AA. Robust enumeration of cell subsets from tissue
expression profiles. Nat Methods. 2015;12:453-7.

LiT,Fu J, Zeng Z, Cohen D, Li J, Chen Q, Li B, Liu XS. TIMER2.0 for analysis
of tumor-infiltrating immune cells. Nucleic Acids Res. 2020;48:W509-14.
Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, Muller M.
PROC: an open-source package for R and S+ to analyze and compare
ROC curves. BMC Bioinform. 2011;12:77.

Yu L, Tanwar DK, Penha EDS, Wolf Y1, Koonin EV, Basu MK. Grammar of
protein domain architectures. Proc Natl Acad Sci USA. 2019;116:3636-45.
Han'Y, Yang J, Qian X, Cheng WC, Liu SH, Hua X, Zhou L, Yang Y, Wu Q,

Liu P, Lu Y. DriverML: a machine learning algorithm for identifying driver
genes in cancer sequencing studies. Nucleic Acids Res. 2019;47:e45.
Wang Z, Ng KS, Chen T, Kim TB, Wang F, Shaw K, Scott KL, Meric-Bernstam
F, Mills GB, Chen K. Cancer driver mutation prediction through Bayesian
integration of multi-omic data. PLoS ONE. 2018;13:€0196939.

Jia P, Wang Q, Chen Q, Hutchinson KE, Pao W, Zhao Z. MSEA: detection
and quantification of mutation hotspots through mutation set enrich-
ment analysis. Genome Biol. 2014;15:489.

Jena KK, Mehto S, Kolapalli SP, Nath P, Sahu R, Chauhan NR, Sahoo PK,
Dhar K, Das SK, Chauhan S, Chauhan S. TRIM16 governs the biogenesis
and disposal of stress-induced protein aggregates to evade cyto-
toxicity: implication for neurodegeneration and cancer. Autophagy.
2019;15:924-6.

van Gent M, Sparrer KMJ, Gack MU. TRIM proteins and their roles in antivi-
ral host defenses. Annu Rev Virol. 2018;5:385-405.

Czerwinska P, Mazurek S, Wiznerowicz M. The complexity of TRIM28
contribution to cancer. J Biomed Sci. 2017;24:63.

Bacon CW, Challa A, Hyder U, Shukla A, Borkar AN, Bayo J, Liu J, Wu SY,
Chiang CM, Kutateladze TG, D'Orso I. KAP1 Is a chromatin reader that
couples steps of RNA polymerase Il transcription to sustain oncogenic
programs. Mol Cell. 2020;78(1133-1151):e1114.

Pineda CT, Potts PR. Oncogenic MAGEA-TRIM28 ubiquitin ligase down-
regulates autophagy by ubiquitinating and degrading AMPK in cancer.
Autophagy. 2015;11:844-6.

Pineda CT, Ramanathan S, Fon Tacer K, Weon JL, Potts MB, Ou YH, White
MA, Potts PR. Degradation of AMPK by a cancer-specific ubiquitin ligase.
Cell. 2015;160:715-28.

Modhukur V, lljasenko T, Metsalu T, Lokk K, Laisk-Podar T, Vilo J. MethSurv:
a web tool to perform multivariable survival analysis using DNA methyla-
tion data. Epigenomics. 2018;10:277-88.

Qiu X, Huang Y, Zhou'Y, Zheng F. Aberrant methylation of TRIM58 in
hepatocellular carcinoma and its potential clinical implication. Oncol Rep.
2016;36:811-8.

GanY, Cao C, Li A, Song H, Kuang G, Ma B, Zhang Q, Zhang Q. Silencing of
the TRIM58 gene by aberrant promoter methylation is associated with a
poor patient outcome and promotes cell proliferation and migration in
clear cell renal cell carcinoma. Front Mol Biosci. 2021;8:655126.

Liu M, Zhang X, Cai J, Li Y, Luo Q, Wu H, Yang Z, Wang L, Chen D.
Downregulation of TRIM58 expression is associated with a poor patient
outcome and enhances colorectal cancer cell invasion. Oncol Rep.
2018;40:1251-60.

Uhlen M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu
A, Sivertsson A, Kampf C, Sjostedt E, Asplund A, et al. Proteomics. Tissue-
based map of the human proteome. Science. 2015;347:1260419.
Barabasi AL, Gulbahce N, Loscalzo J. Network medicine: a network-based
approach to human disease. Nat Rev Genet. 2011;12:56-68.

Dongre A, Weinberg RA. New insights into the mechanisms of epithelial-
mesenchymal transition and implications for cancer. Nat Rev Mol Cell
Biol. 2019;20:69-84.

Parker BS, Rautela J, Hertzog PJ. Antitumour actions of interferons: impli-
cations for cancer therapy. Nat Rev Cancer. 2016;16:131-44.

Wang L, Ning S. TRIMming type | interferon-mediated innate immune
response in antiviral and antitumor defense. Viruses. 2021;13:279.
Carthagena L, Bergamaschi A, Luna JM, David A, Uchil PD, Margottin-
Goguet F, Mothes W, Hazan U, Transy C, Pancino G, Nisole S. Human TRIM
gene expression in response to interferons. PLoS ONE. 2009;4:e4894.


https://doi.org/10.1002/0471142905.hg0720s76

Gao et al. Human Genomics

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

(2022) 16:65

Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou Yang TH, Porta-
Pardo E, Gao GF, Plaisier CL, Eddy JA, et al. The immune landscape of
cancer. Immunity. 2018;48(812-830):e814.

Rose TL, Weir WH, Mayhew GM, Shibata Y, Eulitt P, Uronis JM, Zhou M,
Nielsen M, Smith AB, Woods M, et al. Fibroblast growth factor receptor 3
alterations and response to immune checkpoint inhibition in metastatic
urothelial cancer: a real world experience. Br J Cancer. 2021;125:1251-60.
Pinto EM, Rodriguez-Galindo C, Choi JK, Pounds S, Liu Z, Neale G, Finkel-
stein D, Hicks JM, Pappo AS, Figueiredo BC, et al. Prognostic significance
of major histocompatibility complex class Il expression in pediatric
adrenocortical tumors: a St. Jude and children’s oncology group study.
Clin Cancer Res. 2016;22:6247-55.

Hugo W, Zaretsky JM, Sun L, Song C, Moreno BH, Hu-Lieskovan S, Berent-
Maoz B, Pang J, Chmielowski B, Cherry G, et al. Genomic and transcrip-
tomic features of response to anti-PD-1 therapy in metastatic melanoma.
Cell. 2016;165:35-44.

Zhang G, Schetter A, He P, Funamizu N, Gaedcke J, Ghadimi BM, Ried T,
Hassan R, Yfantis HG, Lee DH, et al. DPEP1 inhibits tumor cell invasiveness,
enhances chemosensitivity and predicts clinical outcome in pancreatic
ductal adenocarcinoma. PLoS ONE. 2012;7:e31507.

Yuan P, Zhou Y, Wang R, Chen S, Wang Q, Xu Z, Liu Y, Yang H. TRIM58
interacts with pyruvate kinase M2 to inhibit tumorigenicity in human
osteosarcoma cells. Biomed Res Int. 2020;2020:8450606.

LiR, Zhu L, Peng Y, Zhang X, Dai C, Liu D. TRIM50 suppresses pancreatic
cancer progression and reverses the epithelial-mesenchymal transi-

tion via facilitating the ubiquitous degradation of snail1. Front Oncol.
2021;11:695740.

Lan Q Tan X, He P, Li W, Tian S, Dong W. TRIM11 promotes proliferation,
migration, invasion and EMT of gastric cancer by activating beta-catenin
signaling. Onco Targets Ther. 2021;14:1429-40.

Yunna C, Mengru H, Lei W, Weidong C. Macrophage M1/M2 polarization.
Eur J Pharmacol. 2020;877:173090.

LiYJ, Zhang GP, Zhao F, Li RQ, Liu SJ, Zhao ZR, Wang X. Target therapy

of TRIM-14 inhibits osteosarcoma aggressiveness through the nuclear
factor-kappaB signaling pathway. Exp Ther Med. 2018;15:2365-73.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 15 of 15

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Pan-cancer illumination of TRIM gene family reveals immunology regulation and potential therapeutic implications
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Collection of TRIM genes
	Somatic mutations across cancer types
	Mutational effects of TRIMs
	Prioritization of domains enriched somatic mutations
	Gene expression profiles across cancer types
	Differential expression of TRIMs
	Calculation of TRIMs score
	Functional analysis of TRIMs
	Immune cell infiltrations in cancer
	TRIMs-based classification of cancer and normal samples
	Survival analysis

	Results
	Somatic mutations of TRIMs across cancer types
	Widespread transcriptome alterations of TRIMs in cancer
	TRIMs regulate cancer immunology pathways
	TRIMs correlated with immune checkpoints and immune cell infiltrations
	Clinical survival associations of TRIMs with cancer
	Potential therapeutic response associated with TRIMs in cancer

	Discussion
	Conclusions
	Acknowledgements
	References


