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Background. Rheumatoid arthritis (RA) remains one of the most prevalent chronic joint diseases. However, due to the heteroge-
neity among RA patients, there are still no robust diagnostic and therapeutic biomarkers for the diagnosis and treatment of RA.
Methods. We retrieved RA-related and pan-cancer information datasets from the Gene Expression Omnibus and The Cancer
Genome Atlas databases, respectively. Six gene expression profiles and corresponding clinical information of GSE12021,
GSE29746, GSE55235, GSE55457, GSE77298, and GSE89408 were adopted to perform differential expression gene analysis,
enrichment, and immune component difference analyses of RA. Four machine learning algorithms, including LASSO, RF,
XGBoost, and SVM, were used to identify RA-related biomarkers. Unsupervised cluster analysis was also used to decipher the
heterogeneity of RA. A four-signature-based nomogram was constructed and verified to specifically diagnose RA and osteoarthritis
(OA) from normal tissues. Consequently, RA-HFLS cell was utilized to investigate the biological role of CRTAM in RA. In addition,
comparisons of diagnostic efficacy and biological roles among CRTAM and other classic biomarkers of RA were also performed.
Results. Immune and stromal components were highly enriched in RA. Chemokine- and Th cell-related signatures were signifi-
cantly activated in RA tissues. Four promising and novel biomarkers, including CRTAM, PTTGIIP, ITGB2, and MMP13, were
identified and verified, which could be treated as novel treatment and diagnostic targets for RA. Nomograms based on the four
signatures might aid in distinguishing and diagnosing RA, which reached a satisfactory performance in both training (AUC =
0.894) and testing (AUC = 0.843) cohorts. Two distinct subtypes of RA patients were identified, which further verified that these
four signatures might be involved in the immune infiltration process. Furthermore, knockdown of CRTAM could significantly
suppress the proliferation and invasion ability of RA cell line and thus could be treated as a novel therapeutic target. CRTAM
owned a great diagnostic performance for RA than previous biomarkers including MMP3, S100A8, S100A9, IL6, COMP, LAG3, and
ENTPDI. Mechanically, CRTAM could also be involved in the progression through immune dysfunction, fatty acid metabolism,
and genomic instability across several cancer subtypes. Conclusion. CRTAM, PTTGI1IP, ITGB2, and MMP13 were highly expressed
in RA tissues and might function as pivotal diagnostic and treatment targets by deteriorating the immune dysfunction state.
In addition, CRTAM might fuel cancer progression through immune signals, especially among RA patients.
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1. Introduction

As an often-debilitating systemic autoimmune disease, rheu-
matoid arthritis (RA) is one of the most common autoimmune
diseases [1-3]. RA is an autoimmune disease characterized by
chronic inflammation and affects approximately 0.5%—1% of
the world’s population, most of whom are women [4]. There
are four main signs and symptoms of RA: hyperplastic syno-
vium, persistent synovitis, injuries to joints and cartilage, etc.
[5, 6]. There are several causes of RA, including environmental
factors and genetic factors [7]. To date, relatively little is known
about the causes and mechanisms of RA, not to mention robust
and reproductive biomarkers. Thus, it is imperative to develop
novel RA-related targets for better diagnosis and management
of RA patients, which is the focus of current studies.

The development of high-throughput sequencing technol-
ogy has resulted in the emergence of an increasing number of
RA-related datasets [8-11]. Although several RA biomarker-
related studies have emerged, most of the research was based
on a single RA dataset and applied one type of machine learning
algorithm, which might cause data bias and unreliability of the
results. Using biomarker profiling with machine learning allows
for evidence-based clinical management [12]. A growing num-
ber of interest studies have emerged with the use of machine
learning (ML) for RA biomarker development. Zhao et al. [13]
downloaded three Gene Expression Omnibus (GEO) datasets
with RF, SVM, and Lasso algorithms, which suggested that
BTN3A2, CYFIP2, ST8SIA1, and TYMS could be adopted for
RA diagnosis. Zhou et al. [14] applied the Wilcoxon test and
LASSO regression from five RA microarray datasets and found
that CCL5, CXCR4, GZMA, and CD8A could be treated as diag-
nostic biomarkers for RA. A study from Jiang et al. [15] also
reported that three hub genes, CKS2, CSTA, and LY96, had high
diagnostic values for RA after applying weighted gene coexpres-
sion network analysis (WGCNA) and LASSO regression. Even
though those findings might help better understand RA and
provide new perspectives on RA systematic diagnosis and ther-
apy, the sample size and limited algorithm numbers might
weaken the reliability and robustness to some extent. More
advanced algorithms, such as Xgboost, could serve as an effective
approach to identify novel RA-related biomarkers. In addition,
the presence of sustained inflammation is one of the hallmarks of
tumor promotion, which correlates with the poor prognosis of
multiple types of cancer. Whether RA can increase tumor sus-
ceptibility and progression remains largely unlearned.

In this study, we aimed to integrate all public RA datasets
containing more than 10 samples to discover and verify
promising RA biomarkers. We adopted six corresponding
cohorts and four mainstream and advancing machine learn-
ing algorithms to extract RA-related biomarkers. The differ-
ences in biological processes and immune components were
investigated. We illustrated the inner association of those
biomarkers and the immune heterogeneity of RA. Moreover,
the potential impact of RA on cancer progression was also
investigated in our work.
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2. Materials and Methods

2.1. Data Collection and Processing. Six public RA datasets
from GEO were downloaded and processed, which consisted
of GSE12021 (N=21, normal tissue =12, RA tissues =9),
GSE29746 (N =235, normal tissue=9, RA tissues =26),
GSE55235 (N=235, normal tissue=9, RA tissues =16),
GSE55457 (N =20, normal tissue=9, RA tissues=11),
GSE77298 (N =23, normal tissue =7, RA tissues = 16), and
GSE89408 (N =180, normal tissue =28, RA tissues =152)
[16-21]. The former five datasets were integrated, and the batch
was removed to construct a training cohort, while GSE89408 was
treated as an independent test cohort. GSE55235, GSE55457,
GSE82107, GSE12021, and GSE1919 (N =180, normal tissue
=5, OA tissues =152, RA tissues=5) were adopted to test
whether biomarkers could distinguish OA and RA from normal
tissues [22]. The baseline information of six datasets was sum-
marized in Supplementary 1. In addition, five fresh unpaired
patients collected from joint surgery, derived normal and RA
tissues from Changzheng Hospital, were collected for different
expression validation. For RA cohorts from public databases,
institutional review board approval and informed consent
were not needed. In addition, pan-cancer information, including
33 types of cancers, was retrieved from the GDC The Cancer
Genome Atlas portal to identify the role across various can-
cers [23].

2.2. Batch Effect Removal. To remove the batch effect derived
from study design, sequence platform, and technological repli-
cation, we filtered only normal and RA tissue expression matri-
ces and clinical characteristics from five cohorts, including
GSE12021, GSE29746, GSE55235, GSE55457, and GSE77298.
Then, the batch effect was removed with the use of the default
function from the package sva. Principal component analysis
(PCA) was adopted to visualize the efficacy of batch removal.

2.3. Differential Expression and Enrichment Analysis. We
used the limma package to identify differentially expressed
genes (DEGs) between normal and RA tissues in the merged
expression matrix. The threshold to filter significantly DEGs
was as follows: p value <0.05 and abstract log fold-change
>1.2. Then, the packages Clusterprofiler, ggpplot2, and
enrichplot were adopted to further perform enrichment
analysis of DEGs [24]. Gene ontology (GO), Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) and gene set enrich-
ment analysis (GSEA) were performed to better understand
the biological role of those DEGs. The significantly different
enrichment terms or pathways were identified by the thresh-
old p value < 0.05 and g value < 0.05.

2.4. Identification and Verification of RA-Related Biomarkers.
After identifying DEGs from the combined expression profile
from five GEO datasets, we next sought to identify the most
relevant RA-derived biomarkers. We adopted four machine-
learning algorithms, including least absolute shrinkage and
selection operator (LASSO) logistic, random forest (RF),
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eXtreme Gradient Boosting (Xgboost), and support vector
machine (SVM), to select reliable markers to distinguish
between normal and RA tissues. LASSO logistics is a model
for classification problems that uses L1 regularization for
feature selection and parameter reduction (the detailed
parameters were as follows: alpha =1, maximum number of
iterations = 5,000, tol =1e —4). Random forest works as an
integrated learning algorithm that combines multiple decision
trees to perform classification or regression (the detailed
parameters were as follows: n_estimators = 80, criterion = gini,
min_samples_split=2, min_samples_leaf=1). XGBoost is a
gradient boosting tree algorithm that performs classification or
regression by integrating multiple decision trees in a boosting
framework (the detailed parameters were as follows:
n_estimators =200, max_depth =6, reg_alpha =0, colsample_
bytree=1). SVM functions as a classic classification and
regression algorithm and a well-labeled input were required,
and the combined datasets were divided into training and test
cohorts with the parameter of fivefold to perform cross
validation (the detailed parameters were as follows: tol=1e — 3,
max_iter = —1). Biomarkers with ROC value large than 0.75 to
distinguish RA from normal tissues in each machine learning
were selected, and the interaction of biomarkers with high
accuracy were finally selected to constructed diagnostic
model. The receiver operating characteristic (ROC) curve
was adopted to further evaluate the accuracy of filtered
biomarkers in the training and testing cohorts with the use
of the package pROC. Furthermore, biomarkers owing ROC
value large than 0.75 in each machine learning algorithm were
selected to construct the diagnostic model of RA.

2.5. Immune Component and Cell Differences between
Normal and RA Tissues. The input file for immune deconvolu-
tion analysis was based on transcriptome expression matrix of
RA. Two deconvolution algorithms, single sample gene set
enrichment analysis (ssGSEA) and ESTIMATE, were enrolled
in our work. ssGSEA and bulk sequenced-based deconvolution
algorithms from R packages GSVA and estimate, respectively,
were utilized to detect different immune cells and components
between normal and RA tissues [25]. The ssGSEA algorithm is a
method for GSEA, which differs from the traditional GSEA
algorithm in that it can perform GSEA on a single sample and
is suitable for small samples or single cell data. ESTIMATE
algorithm is a method for estimating the proportion of
stromal and immune cells in tissue. The basic idea is to use
gene expression data to infer the amount of normal tissue cells
in the tissue and thus indirectly the amount of stromal and
immune cells. The gene sets used for ssGSEA consisted of 28
types of immune cells, including activated B cells, activated CD4
T cells, activated CD8 T cells, activated dendritic cells, CD56
bright natural killer cells, CD56 dim natural killer cells, central
memory CD4 T cells, central memory CD8 T cells, effector
memory CD4 T cells, effector memory CD8 T cells,
eosinophils, gamma delta T cells, immature B cells, immature
dendritic cells, macrophages, mast cells, MDSCs, memory B
cells, monocytes, natural killer cells, natural killer T cells,
neutrophils, plasmacytoid dendritic cells, regulatory T cells, T
follicular helper cells, type 1 T helper cells, type 17 T helper cells,

and type 2 T helper cells. Estimate algorithms contained three
scores: ESTIMATE, immune score, and stromal score. The
deconvolution file for ssGSEA were summarized in
Supplementary 2. The details for estimate algorithm were as
follows: among which, ESTIMATE score for each sample was
calculated by solving a linear regression model by inversion
using a known normal gene expression dataset as a reference.
ESTIMATE score represented the amount of nondiseased cells
in the sample. Then, ESTIMATE score was used to adjust the
gene expression data to remove the nonlesioned component to
obtain pure lesioned gene expression data and then to calculate
the number of stromal cells in the sample using a collection of
marker genes for the stromal cells. Finally, the gene expression
data were also adjusted using ESTIMATE score and then the set
of marker genes for the immune cells in question was used to
calculate the number of immune cells in each sample.

2.6. Validation of RA-Related Biomarkers in Clinical Samples
and Investigating the Role of CRTAM. Based on the proto-
col’s instructions, we extracted total RNA from patient-
derived tissues (after joint surgery in Changzheng Hospital)
using TRIzol reagent (Invitrogen, Carlsbad, CA, USA). The
Reverse Transcription Kit was utilized to perform qRT-PCR
assays (Takara, Dalian, China). We also used the Fast Real-
Time PCR 7500 System (Applied Biosystems, Foster City, CA,
USA) to quantify gene expression levels. GAPDH was amplified
and treated as the internal control. The relative quantification
values for the four biomarkers were calculated by the 27"
method. The primers were as follows: CRTAM (forwards primer:
GACGCTCACTCTAAAGTGTGTC; and reverse primer:
CTTGCAGGGTTACGTTAGGCA), PTTGIIP (forwards
primer: GTCTGGACTACCCAGTTACAAGC; and reverse
primer: CGCCTCAAAGTTCACCCAA), ITGB2 (forwards
primer: TGCGTCCTCTCTCAGGAGTG; and reverse primer:
GGTCCATGATGTCGTCAGCC), MMP13 (forwards primer:
ACTGAGAGGCTCCGAGAAATG; and reverse primer:
GAACCCCGCATCTTGGCTT), and GAPDH (forwards
primer: ACAACTTTGGTATCGTGGAAGG; and reverse
primer: GCCATCACGCCACAGTTTC). RA-related cell line,
RA-HFLS, was obtained from Immocell, Inc., and cultured in
DMEM medium containing 10% FBS and 1% penicillin/
streptomycin. The siRNAs, including siNC and siCRTAM,
were purchased from Shanghai GeneChem Co., Ltd. The
interferon effect was tested by Western blotting and a-PCR.
The growth curve of RA were detected via cell counting Kit-8
assay, and all procedures were performed with the reference of
protocols of manufacturer. Cell cycle assays were performed by
flow cytometer with the use of PI staining, which were quantified
by FACSCalibur (Becon Dickinson, NY, USA). Annexin VFITC
and PI staining kits were purchased from BD Biosciences in the
USA for the purpose of analyzing apoptosis in RA-HFLS cells.
Migration assays were carried out using Transwell chambers
(Corning; catalog no. 3422). The transfected cells were seeded
into the upper chamber with serum-free medium, specifically 1
% 10* cells, while the bottom of the chamber contained DMEM
supplemented with 20% fetal bovine serum (FBS). Following a
48 hr incubation period, the cells were fixed and stained with
crystal violet. Quantification of the migrated or invaded cells was



performed by counting the number of cells in three random
fields at a magnification of X100 using an inverted light
microscope from Leica, model DMI3000. Additionally, the
impact of CRTAM on RA-HFLS cell proliferation was
assessed through a colony formation assay. In addition, we
applied the Spearman correlation to investigate the potential
biological role of CRTAM in RA. The correlation index
between CRTAM and remained m RNA signatures of
combined RA transcriptome were calculated. Then, we ranked
all genes according to correlated index to perform KEGG and
GAVA analysis, and the top 500 most relevant genes were
chosen to perform GO analysis.

2.7. Identification of Different Subtypes of RA. To further
reveal the heterogeneity of RA, we performed an unsuper-
vised cluster analysis based on the four novel biomarkers
with the use of the ConsensusClusterPlus package [26].
The optimal cluster number was identified based on the
cumulative distribution function (CDF) curve and PCA algo-
rithm. Then, estimates and immune differences were also
compared between subtypes.

2.8. Statistical Analysis. All data processing, statistical tests,
and result visualization were completed in R software (version
4.1.2). We used the t-test or Kruskal-Wallis test to compare
quantitative variables with the ggpubr package. Kaplan—Meier
plotter was adopted to analyze the prognostic impact of CRTAM
on different cancers. The variable’s correlation index was
calculated through Pearson and Spearman correlation tests.
Correlation analysis and genemania website were applied to
investigate the biological roles of CRTAM and other publica
biomarkers including MMP3, S100A8, S100A9, IL6, COMP,
LAG3, and ENTPDI. All validation experiments were repeated
three times independently. All two-sided p values (<0.05) were
considered statistically significant.

3. Results

3.1. Extracting Hub Signatures of RA Tissues. The study data-
set processing and whole workflow are briefly summarized in
Figure 1(a). To construct a more comprehensive dataset con-
taining balanced ratios of normal and RA tissue samples, we
selected GSE12021, GSE29746, GSE55235, GSE55457, and
GSE77298 to build a novel cohort for further DEG and
machine learning processes. The batch effect was satisfacto-
rily removed, and datasets were integrated, which included
107 samples (RA: 60, normal tissues: 47) (Figure 1(b)).
Differential expression analysis further identified 117
DEGs (84 upregulated and 33 downregulated genes) in RA
tissues compared with normal tissues (Figure 2(a)). In addi-
tion to cell-cell regulation, those DEGs were also annotated
in regulation of immune effector process and neutrophil
migration in biological process; MHC protein complex,
immunological synapse, and dystrophin-associated glyco-
protein complex in cellular component; serine hydrolase
activity, active ion transmembrane transporter activity, and
anion transmembrane transporter activity in molecular func-
tion (Figure 2(b), Supplementary 3). In addition, these DEGs
were enriched in cytokine—cytokine receptor interactions
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and protein interactions with cytokines and cytokine
receptor-related processes in KEGG analysis (Figure 2(c)).
Furthermore, through GSEA, we found that, in addition to
the classic RA pathway, chemokine signaling and Th17, Th1,
and Th2 cell differentiation were also activated in the pro-
gression of RA, while tyrosine metabolism, insulin signaling,
calcium, and AMPK signaling pathways were downregulated
in RA (Figures 2(d) and 2(e)).

3.2. Identification of RA-Related Signatures through
Multimachine Learning Algorithms. In this part, we aimed
to find the most relevant and promising RA-related biomarkers.
We first retracted the 107 DEGs identified previously and con-
structed expression profiles of normal and RA tissues. Then, four
algorithms, including LASSO logistic, SVM recursive feature
elimination, RF algorithms, and XGBoost, were introduced to
identify RA-related signatures (Figure 3(a)-3(d)). After
integrating the merged signatures, four novel RA-related
biomarkers (CRTAM, PTTGI1IP, ITGB2, and MMPI13) were
identified (Figure 3(e)). We next used ROC curves to evaluate
the specificity and sensitivity of those four signatures to
distinguish RA and normal tissues. As Figure 3(f) indicates, all
the AUC values of CRTAM, PTTGIIP, ITGB2, and MMPI3
were higher than 0.75, and the AUC value of CRTAM reached
0.875. All these findings were further validated in the GSE89408
cohort (Figure 3(g)). Our findings suggested the potential of
CRTAM, PTTGIIP, ITGB2, and MMPI3 as promising
diagnostic biomarkers for RA patients. We also decided to test
whether the four signatures could distinguish OA from normal
tissues, since several promising studies revealed that several
targets were applicable to achieve improved and synergistic
treatment efficiency between RA and OA. The AUC values
from five OA datasets suggested that four signature-based
predictors could also work as specific biomarkers for OA, and
nearly all signatures were more highly expressed in OA tissues
(Supplementary 4). All these findings proved that our model
might be useful to distinguish RA and OA from normal
tissues, respectively.

3.3. RA Displayed an Immune-Activated State Compared
with Normal Tissues. Previous results in this study reminded
us that the immune-related signature might be involved in the
pathogenesis of RA. We next compared the potential immune
difference between RA and normal tissues. The estimated
results indicated that RA displayed a significantly higher
ESTIMATE, immune score, and stromal score than normal
tissues (Figure 4(a)). We also found that most immune cells,
including activated B cells, activated CD4 T cells, activated
CD8 T cells, activated dendritic cells, central memory CD4
T cells, effector memory CD8 T cells, gamma delta T cells,
MDSCs, monocytes, natural killer T cells, regulatory T cells,
and type 1 T helper cells, were more highly enriched in RA
tissue, while eosinophils and memory B cells were less
infiltrated in RA tissues (Figure 4(b)). In addition, we
validated such an immune hot or higher infiltrated state
through another immune signature set (Figure 4(c)), which
suggested that the whole immune process was activated in RA
tissues.
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Ficure 1: Workflow and batch removal. (a) Overall workflow of this study. (b) PCA plot illustrating the efficiency of batch effect removal (left:

before; right: after batch effect removal).

3.4. Impact of Signatures on RA Immunological Infiltration
and Biological Role of CRTAM. Figure 5(a) indicates that
CRTAM, PTTGIIP, ITGB2, and MMP13 were more highly
expressed in RA tissues, and we utilized patient-derived tis-
sues to further validate these differences (Supplementary 5).
Since CRTAM led the best discriminative power between RA
and normal tissues (Figures 3(f) and 3(g)), we next aimed to
investigate the detailed biological function of CRTAM in RA.
The knockdown efficacy was verified by WB and q-PCR
(Supplementary 5); thus, we chose the optimal siRNA of
CRTAM to perform in vitro experiments. The proliferation
ability of HFLS was significantly inhibited in CRTAM knock-
down group (Supplementary 5). Furthermore, CRTAM knock-
down could trigger HELS cell cycle arrest in G1 phase compare

with NC group (Supplementary 5). Furthermore, our investiga-
tion revealed that the inhibition of CRTAM expression led to
increased early apoptosis in HELS cells, as demonstrated through
Annexin V/PI staining (Supplementary 5). Remarkably, the
invasive capacity of HFLS cells was significantly diminished
with the use of si-CRTAM compared to siNC (Supplementary 5).
Additionally, our research uncovered a negative correlation
between the expression level of CRTAM and the formation of
cell colonies in HFLS cells (Supplementary 5). These noteworthy
findings strongly suggest that CRTAM plays a crucial role in
facilitating the proliferation and invasion capabilities of RA.
Next, we performed a correlation analysis of CRTAM in
RA transcriptome, and the detailed correlation index was
summarized in Supplementary 6. We found that CRTAM
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might regulate T cell activation, cytokine receptor activity in GO
term, and fatty acid degradation, pyruvate metabolism in KEGG;
S—acyltransferase, L—amino acid transmembrane transporter
activity in GSEA analysis (Supplementary 7). We also found that
CRTAM displayed a significantly negative correlation with
PTTGIIP and a positive correlation with ITGB2 and MMP13
(Figure 5(b)). In addition, MMP13, ITGB2, and CRTAM were
positively correlated with ESTIMATE, immune score, and stro-
mal score (Figure 5(c)). We further verified this phenomenon in
two independent correlation analyses. ITGB2 was significantly
related to the antigen processing machinery (APM) and CD8 T
effector signature (Figure 5(d)). Such a relationship was found in
Figure 5(e), since ITGB2 was positively correlated with nearly all
immune cell signatures, and the highest correlation index was
found in effector memory CD8 T cells, MDSCs, and regulatory
T cells.

3.5. Construction and Verification of the RA-Related Risk
Model. Based on the expression level and coefficients of
four signatures, we constructed a novel RA-related risk score
prediction model based on the training dataset (Figure 6(a)).
The RA risk score was calculated by summing the scores of
the gene expressions multiplied by the corresponding coeffi-
cients. The ROC value of the training dataset reached 0.976,
which was proven by the calibration curve, which was nearly
identical to the ideal model (Figure 6(b)). In addition, such
high accuracy and sensitivity were detected in the test cohort

from GSE89408, which also displayed a high AUC value
(0.843) and satisfactory calibration curve (Figure 6(c)).

3.6. Two Distinctive RA Subtypes Led to Distinctive Immune
Phenotypes. In this part, we divided RA samples into two dis-
tinctive subtypes based on the CRTAM, PTTGIIP, ITGB2, and
MMPI3 expression matrix (Figure 7(a)). The optimal cluster
number was determined through consensus CDF and relative
changes in regions under the CDF curve (Figures 7(b) and 7(c)).
The PCA plot further showed the heterogeneity between sub-
types (Figure 7(d)). Figure 7(e) reveals the significantly different
expression levels of CRTAM, ITGB2, and MMP13, which also
reinforces the significant role of the three signatures in explain-
ing the heterogeneity of RA samples. We also found an immune-
activated state of C1 among RA samples, since ESTIMATE,
immune score, and stromal score were higher in this subtype
(Figure 7(f)). Most immune cell infiltration scores were also
higher in the C1 subtype (Figure 7(g)). Combined with the
higher expression of CRTAM, ITGB2, and MMPI13 in C1, we
presumed that the three signatures could exacerbate RA immune
dysregulation and be involved in RA progression.

3.7. Impact of CRTAM across Various Cancers. Since several
studies found that the consistent immune dysregulated state
was not only involved in RA but also affected cancer patients,
we further decided to link the relationship of CRTAM across
cancers based on its high AUC value in both the training and
testing cohorts. Figure 8(a) shows that CRTAM was more
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FiGURE 3: Identification and verification of RA-related signatures. (a) LASSO, (b) SVM-RFE, (c) RF, and (d) XGBoost algorithms were applied
to identify RA-related biomarkers based on DEGs in the discovery cohort. (e) Intersections of features from the four machine learning
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distinguish RA and normal tissues in the discovery and validation cohorts.

highly expressed in tumor tissues among BRCA, CESC,
ESCA, STES, KIRP, KIPAN, COAD, READ, STAD, HNSC,
KIRC, SKCM, THCA, OV, PAAD, TGCT and LAML, while
it displayed the opposite trend among GBM, LGG, LUAD,
LUSC, WT, READ, and ALL. In addition, the CRTAM
expression level was higher in advanced stage samples
across STES, KIPAN, STAD, PRAD, KIRC, READ, and

(f)

BLCA, while it was more highly expressed in early-stage
samples among LUAD, HNSC and THCA (Figure 8(b)).
Through prognostic analysis, we found that CRTAM could
affect OS among GBM/LGG, KIRAN, LGG, UVM, and
LAML, PFI among GBM/LGG, KIRAN, LGG, CESC, ACC,
SKCM, HNSC, and CHOL, DSS among GBM/LGG, KIRAN,
LGG, UVM, SKCM, CESC, HNSC and PRAD, and DFI in
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KIRP (Figure 8(c), Supplementary 8). Regarding the immune
impact of CRTAM in cancers, we surprisingly found that
CRTAM was positively related to nearly all immune-related
modulators, including chemokines, chemokine receptors,
MHCs, immune inhibitors, and immune stimulators
(Figure 8(d)). Through the Xcell algorithm, we found a
paradigmatic positive correlation between CRTAM and aDC,
CDS8 naive T cells, CD8 T cells, CD8 Tems, ¢cDCs, DCs,
macrophages, M1 macrophages, M2 macrophages, monocytes,
pDCs, immune score and microenvironment score, and a
negative relationship with MEPs and osteoblasts among all
cancers (Figure 9(a)). CRTAM could paradigmatically
activate TNF, KRAS, interferon, inflammatory, IL6-JAK-
STATS3, IL2-STATS5, epithelial-mesenchymal transition, and
complement-related signatures across cancers (Figure 9(b)).
In addition, we also found that CRTAM displayed a
significant correlation with DNA mismatch repair (MMR)
signatures, including MLHI, MSH2, MSH6, PMS2, and
EPCAM, among COAD, HNSC, KICH, KIRC, LIHC,
PAAD, PCPG, PRAD, and STAD (Figure 9(c)). For DNA
methylation catalyzed by DNMTs, we investigated the
correlation between CRTAM expression and the expression
of four essential DNMTSs across cancers and found that
CRTAM was significantly related to DNMTs in PAAD,
PCPG, PRAD, STAD, TGCT, UVM, BLCA, COAD, KICH,
KIRC, and LTHC (Figure 9(d)). All these findings reminded us
that CRTAM might be involved in oncogenesis by influencing
DNA methylation.

3.8. CTRAM Owned a Better Performance in Predicting RA
than Classic Biomarkers. To investigating that whether
CRTAM owned a better diagnostic efficacy than classic RA
related biomarkers, we carried a systematic comparison

analysis between CTRAM and those genes, including
MMP3, S100A8, SI00A9, IL6, COMP, LAG3, and ENTPDI. As
shown in Supplementary 9, we found that the expression level of
CRTAM, MMP3, S100A8, SI00A9, and ENTPDI was higher in
RA tissues in both training and testing cohorts. Surprisingly,
CTRAM led the highest AUC value in both training and testing
cohort (0.875 and 0.948, respectively) (Supplementary 9). To
better understanding and comparing the distinctive biological
roles of those signatures, we conducted a systematic correlation
analysis in RA expression matrix. The results reminded us of that
CTRAM was mainly involved in leukocyte proliferation,
regulation of T cell activation, and osteoclast differentiation
with NECTIN2 and CADMI1 (Supplementary 9 and
Supplementary 10). According to correlation analysis, our
findings were consistent with the other seven classic genes
reported in previous works because of MMP3 mainly
involving in leukocyte migration and RA by interacting with
TIMP2, TIMP1, and MMPI10 (Supplementary 9 and
Supplementary 10), SIO0A8 and SI100A9 regulating leukocyte
mediated immunity, phagosome and RA with SI00A12 and
CDC34 (Supplementary 9 and Supplementary 10), IL6
participating in cytokine mediated and IL —17 signaling
pathway with IL6R and IL6ST (Supplementary 9 and
Supplementary 10), COMP involving in focal adhesion by
interacting with MATN3, MATN1, MATN4, ADAMTS7, and
ADAMSI12 (Supplementary 9 and Supplementary 10), LAG3
activating cytokine mediated signaling pathway and Thl and
Th2 cell differentiation with FGL1 and CENPJ (Supplementary
9 and Supplementary 10), ENTPDI characterized with histone
modification and Insulin signaling pathway in RA with ENTPD
family members (Supplementary 9 and Supplementary 10). All
those results suggested us that CRTAM was a novel and
independent biomarker for RA.



14

Expression

Expression

Mediators of Inflammation

g

P

.

T

Sadniedn

23)
292)
397)
668) —
879)

349)
359)

211)

44)
397)
558)

28) -

338)

88) -

78)

337)

337)

3)

9)

LI T LI T T T T T T T LI
N ) ® % N 2 S © S = o )
2229 n s 8 g N~ s =2 A TR RN [ -
- = = " T T (T TR N TR oo I [l ez oz
v Z ez Z 2z 2z 222z hzezza izt hznz b2z lz g
Z 2283 S s FSS RS S S S FND S LRSS ]
g~ @/ BB I ARIBFgSIFZTIFITEETARTRS
L AN S L [ Sl = PR T )
- == e T (T S I T S I T S
fdrlasnSeeseeebeetsSenssefegSoegong =g
- <= = A =<85%z008219 Q9 QK < 5 aE 22 5 I
FggSgfi33EEE2256:2:¢83:5¢88°588°28.22¢8°
CEEERE R R R - ze 2
3 2
© o]
Group
B Tumor
B Normal
(a)
Lo - . s shak a€ak % axx % * L * . * . . . * -
—+r . t+. 1.ttt 1.ttt t t_ t Tt Tt t Tt Tt T Tt Tt 1T T 1T
S ®» g 2 2 © 2 2 T B T 3 S @ @ @ @ 8 @ 8 F @ ® 8 = @
= 2§ 8 8 78822 =28=238=23==77%73 828 =279
L T A e A I N N IS po Lononnn .
szl seoggesgezagesileegrzet
D O S P Y T - S St PSS
S 5 88 & T g8 B g a8 g R T 4d 8T = d 8 9487
N O N B e (. S é [ - é
EZ2app S i B prpeepgeeeSee g foef
F B S S T R - T T T T T Y -
2 F g P SRR SR - - M- S N = g ]
VR TR B A d T e g2 g R R 2 oy Lo L Ly L
g ooy L A AN S il g I c E
e g8 A1 g AAAreef pREERERSE L ZES
F e = L g 5 g & + <+ = A
T g e s <9 ;.= 4 4 R T 2 7T %9 5 =2 2 °]
e v = g T 2§ 4 4 2R = = 400 O ¢ 5§ & -~ 0T F
T o= & g & g % ¢ a ¢ 57 o0 2 . g g B % 5 0 B 50
= 0 oz L = 1% [ oo 1 Z = 5 N 4
E - = og [ [T o L Lz o0 B Z Q
=~ K S = = = -~ E % = E E & =~ a A (a2
2 T 2 8 E ¢ & & = E S ST 9 E Q= S < =
42 3 5 < & g z 2 g g8 % s €& &2 9
5 °2g & 28 Z=2=z2°¢ =
2 ) 2 e} =
Q
o]
Group
o 12 ® 13
o1 ® T4
Cancer code p value Hazard ratio (95% CI)
TCGA-GBMLGG (N =619) 1.6e-12 1.33 (1.23, 1.43)
TCGA-KIPAN (N = 855) l.le-4 1.14 (1.07, 1.22)
TCGA-LGG (N = 474) 8.le-4 1.21 (1.09, 1.36)
TCGA-UVM (N = 74) 1.8¢-3 1.28 (1.09, 1.50)
TCGA-LAML (N = 144) 0.03 1.18 (1.02, 1.37)
TCGA-GBM (N = 144) 0.09 1.09 (0.99, 1.21)
TCGA-KIRP (N = 276) 0.10 1.17 (0.97, 1.42)
TCGA-THYM (N = 117) 0.11 1.67 (0.88, 3.15)
TCGA-TGCT (N =128) 0.17 2.29(0.72,7.27)
TCGA-ESCA (N =175) 0.24 1.07 (0.95, 1.21)
TCGA-PAAD (N = 172) 0.28 1.07 (0.94,1.22)
TCGA-STES (N = 547) 0.38 It 1.03 (0.96, 1.10)
TCGA-KICH (N = 64) 0.42 Fqe—= 1.16 (0.81, 1.66)
TCGA-STAD (N =372) 0.46 Ipd 1.03 (0.95, 1.12)
TCGA-BLCA (N = 398) 0.47 P 1.03 (0.96, 1.10)
TCGA-PCPG (N = 170) 0.50 P — 1.16 (0.76, 1.79)
TCGA-LUSC (N = 468) 0.68 b 1.02 (0.93,1.12)
TCGA-COAD (N =278) 0.76 e 1.02(0.91, 1.13)
TCGA-KIRC (N =515) 0.86 (2] 1.01(0.92, 1.11)
TCGA-SKCM (N = 444) 8.7e-7 | 0.88 (0.84, 0.93)
TCGA-SKCM-M (N =347) 5.5e-5 . 0.89 (0.84, 0.94)
TCGA-HNSC (N = 509) 2.0e-3 1e4] 0.90 (0.84, 0.96)
TCGA-CESC (N =273) 5.8e-3 ro| 0.87 (0.78, 0.96)
TCGA-LUAD (N = 490) 0.04 e 0.89 (0.80, 0.99)
TCGA-SARC (N = 254) 0.04 red 0.91 (0.83, 0.99)
TCGA-CHOL (N = 33) 0.05 -—e— 0.70 (0.48, 1.01)
TCGA-ACC (N =77) 0.13 1—e-h 0.90 (0.78, 1.03)
TCGA-SKCM-P (N = 97) 0.15 1ok 0.90 (0.77, 1.04)
TCGA-PRAD (N = 492) 018 +r——e—lu 0.75 (0.49, 1.14)
TCGA-OV (N = 407) 0.19 1ok 0.96 (0.90, 1.02)
TCGA-UCEC (N = 166) 0.22 1~k 0.92 (0.80, 1.05)
TCGA-DLBC (N = 44) 0.27 -l 0.77 (0.49, 1.22)
TCGA-READ (N =90) 0.31 el 0.90 (0.74, 1.10)
TCGA-LIHC (N = 341) 0.34 1ol 0.96 (0.88, 1.05)
TCGA-BRCA (N = 1044) 0.36 reli 0.95 (0.86, 1.06)
TCGA-MESO (N = 84) 0.37 robly 0.92 (0.76, 1.10)
TCGA-UCS (N = 55) 0.60 r ol 0.95(0.79, 1.15)
TCGA-THCA (N = 501) 0.66 v —ol o 0.94(0.72,1.23)
TCGA-COADREAD (N = 368) 0.91 vy 0.99 (0.91, 1.09)

-1.0 -0.5 0.0 0.5

Log2(hazard ratio(95%CI))

(©)

FiGure 8: Continued.

10 1.5 2.0 25 3.0



Mediators of Inflammation 15

Correlation coefficient

O

-1.0-0.5 0.0 0.5 1.0

p value
CD276
0 0.5 1

VEGFA 0. 0

ADORA2A
KIR2DL1
KIR2DL3
CTLA4
PDCD1
HAVCR2
SLAMF7
TIGIT
IL10
Cl10orf54
CD274
IDO1
BTLA
LAG3
HMGBI1

A/ Mddd A ddd. A4 d4dd 44 /dd IPNAL
AAAA AAAAAAA dddddd uuuuu’a IENA2
A‘ 4 FYY 2444,

‘ **************** CX3CL1
‘ l ‘ | ICOSLG
***** AM V A‘ A u ‘* 1A
AAAAAA4 4 AAAAAAAAAAAAAAAAAAAAAAAAA | B oo
R AR A AR AN A AN AN AR AN et
R A A AN R A A A A A AR B
RERRNANA A S A A AN AN A A A R
i AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA o B e
AHRPBRANA AA A A AR AN AR A S A A A AR AAAN BT
AN AN A A A SN AR A AR A AR A AN AN B
dAA SRR A AR AR AN AR A A AR A
BN A AN A A AN AN ASB AN AN AR N Eaisd
ABARAAAAAAAAAMAAAAAAAAAARSapaaaddd ] [
******* AL SRR AR AN SR A B
R AN AN ASH A AN A SO MR AN AR A A A Bt
A' RN AN AN A AN AN A AN A B
********** AAAR A AR S AN AR AR A R
......... AA444484 A4444 AN BN

AHARARRAAAAA Y B

PR RSP N BT
ARSI E Ea
A A T A TR

CD40
CD70
12
******** | SELP
****** « A« Ml < TNFRSF18
IL1B

AR AR A L ER ] e
SRR Aﬁ

FVAALAAAAAAAAA A48 A ************ Lo ] o
***************** TNFRSF14
TNFRSF4

ACC(N=77) [+
LAML (N=173) |«
GBM (N =153
MESO (N = 87
PCPG (N = 177)

(d)

Ficure 8: Characteristics of CRTAM across cancers. (a) Expression level of CRTAM between cancer and normal tissues. (b) Differential
expression of CRTAM in different stages of pan cancer. (c) Univariable Cox analysis of CRTAM on overall survival. (d) Correlation of
CRTAM and immune-related signatures. *P<0.05, **P<0.01, ****P-value is too small, close to zero.



Mediators of Inflammation

NN

A4"

*

*

A4 -F VX V4

A A A A
AL A VY IV
ERF & - SV &
NAAA WY AT
A 4 A A A P A
W A AT

y

*

4

* *

*
»
)

4444
Ad-4HFF 4
4

N\

E,

N
N

k)
*

5,

bbb
[

&

Y.

TV

*

*

*

h

*

*

*

*

S N

N
NN
TN

*

TCGA-BRCA (N = 1,077)
TCGA-KIPAN (N = 878)
TCGA-STES (N = 569)
TCGA-LUSC (N = 491)
TCGA-THCA (N = 503)
TCGA-SKCM (N = 452)
TCGA-LUAD (N = 500)
TCGA-HNSC (N = 517)
TCGA-STAD (N = 388)
TCGA-SKCM-M (N = 351)
TCGA-BLCA (N = 405)
TCGA-COADREAD (N = 373)
TCGA-PRAD (N = 495)
TCGA-KIRC (N = 528)
TCGA-COAD (N = 282)
TCGA-SARC (N = 258)
TCGA-LIHC (N = 363)
TCGA-KIRP (N = 285)
TCGA-CESC (N = 291)
TCGA-TGCT (N = 132)
TCGA-OV (N =417)
TCGA-PAAD (N = 177)
TCGA-UCEC (N = 178)
TCGA-ESCA (N = 181)
TCGA-GBMLGG (N = 656)
TCGA-SKCM-P (N = 101)
TCGA-PCPG (N = 177)
TCGA-LGG (N = 504)
TCGA-UVM (N = 79)
TCGA-READ (N = 91)
TCGA-KICH (N = 65)
TCGA-CHOL (N = 36)
TCGA-THYM (N = 118)
TCGA-ACC (N =77)
TCGA-UCS (N = 56)
TCGA-MESO (N = 85)
TCGA-LAML (N = 149)
TCGA-DLBC (N = 46)
TCGA-GBM (N = 152)

*

A

*

aDC ¥ w ¥

ry_T-cells |«

Astrocytes
CD4+_naive_T-cells |

Adipocytes

CD4+_memo

CD4+_T-cells [+ » Moo

CD4+_Tem |«

CD8+_naive_T-cells |+

CD8+_Tem |

cDC |=
Chondrocytes

CD4+_Tem |+
CD8+_T-cells |=
CD8+_Tem |+

Becells |+ B x x

Class-switched_memory_

CLP [+
A

CMP

DC |«
MPP |
MSC

MEP | =
NKT |«
Osteoblast [, |

iDC |#
Mesangial_cells [j b

Keratinocytes

ly_Endothelial_cells

GMP |#
Hepatocytes |+
HSC
Myocytes
naive_B-cells |«
Neurons
Neutrophils |«
NK_cells

Monocytes |«

Eosino_phils
Erythrocytes [ha.
Fibroblasts
Macrophages
Melanocytes
Memory_B-cells

Macrophages_M1

Endothelial_cells
Epithelial_cells |«
Macrophages_M2 |«
Mast_cells | =
Megakaryocytes [

mv_Endothelial_cells

pDC [+ x
Pericytes |» M

Plasma_cells

Platelets [h,

Preadipocytes

pro_B-cells [+ x b

Sebocytes |

Skeletal_muscle
Smooth_muscle

Tgd_cells

Tregs |«

ImmuneScore |« ¥ x| % % xwx w w wlx

StromaScore

MicroenvironmentScore |+

Th1_cells
Th2_cells

Xenobiotic_metabolism
‘WNT_beta_catenin_signaling
UV _response_UP
UV_response_DN
UNfolded_protein_response
TNFA_signaling_via_NFKB
TGEF_beta_signaling
Spermatogenesis
Reactive_oxygen_species_pathway
Protein_secretion
PI3K_AKT_mtor_signaling
Peroxisome
Pancreas_beta_cells
P53_pathway
Oxidative_phosphorylation
Notch_signaling
Myogenesis
MYC_targets_V2
MYC_targets_V1

MTORCI _signaling
Mitotic_spindle
KRAS_signaling UP
KRAS_signaling DN
Interferon_gamma_response
Interferon_alpha_response
Inflammatory_response
IL6_JAK_STAT3_signaling
L2_STAT5_signaling
Hypoxia

Heme_metabolism
Hedgehog_signaling
Glycolysis

G2M_checkpoint
Fatty_acid_metabolism
Estrogen_response_late
Estrogen_response_early
Epithelial_mesenchymal_transition
E2F_targets

DNA_repair

Complement

Coagulation
Cholesterol_homeostasis
Bile_acid_metabolism
Apoptosis

Apical_surface
Apical_junction
Angiogenesis
Androgen_response
Allograft_rejection
Adipogenesis

nes EHBEEM

-3-2-10 1 2

CESC {c@ecce0@c - 0@-00:0:0Q000 0@
KICH-{ - ®@-00:-®- -00- - Qo0

KIRP {0@c0000@00 00 -

LIHC |- @®-e000

LUAD {* @-000@c 0@

ESCA |- @- 0000 -
GBM {@@e0co0@0 o
HNSC |- @+ 000 c0@ -

.
[ d
.
°
°
.
[
.
T
2
[}
o}

BLCA { @ 0@e@®¢
BRCA |- @- 0000+ -0@ -

CHOL —
KIRC -

—Logl0(FDR)
* 00
® 25

o
n o

(b)

FiGure 9: Continued.

LUSC {e@c0cceoc .00

PAAD |(*e@c- @000 - 0@

PRAD |- @® e00®:- -00
READ |- @c@00c0: :-00

STAD |- @- 2000 -000 -

THCA -

UCECH @c00e@c 0@ -0ccoccec: QOOO@ - @: ¢+ ccc0ccocsco@cocscse

Correlation coefficient

-0.5 0.0 05

p value

— —

00 05 1.0 15 20



Mediators of Inflammation 17

* * % * %k *
MLH1
* * % * % * *
MSH2
*) 3k )k ok * %
MSH6
* * * % * %k Kk ok
PMS2
* % * * * * %
EPCAM
w
RECSQREBUOELEENMMY " S2305 Ze2ERSEBE2EES"P
Pearson’s rho —Log10(p value)

=029 -0.15 0 015 029 0 17 34 5.09 679

(©)

dgo-=y- .

8L000°0

daco-=y

9000

(d)

FiGure 9: Biological influence of CRTAM across cancers. (a) Correlation of CRTAM and immune infiltration based on the Xcell algorithm.
(b) GSEA results based on high CRTAM expression group vs. low CRTAM expression group. (c, d) Correlations of CRTAM expression with
the expression levels of MMR and DNA methyltransferase signatures. *P<0.05, **P<0.01, **P<0.001.
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4. Discussion

RA is a systemic inflammatory autoimmune disease charac-
terized by swelling and pain in multiple joints as well as
symmetric polyarthritis [4, 27, 28]. Chronic joint deformi-
ties, disability, and increased mortality can result from
untreated RA [29]. As life expectancy increases worldwide,
the number of elderly people with RA is also rising, and
young people are becoming more susceptible to the disease
[2]. Thus, it is urgent to identify novel pathogenesis-related
targets to prevent the progression of RA at an early stage
[30]. In recent years, some novel molecular biomarkers have
been identified for the diagnosis of RA [31-33]. However,
those previous studies were based on small sample sizes,
which might influence the reliability of their findings. Com-
monly, RA is notorious for sustained inflammation of the
tendon, which leads to bone and cartilage destruction. Hor-
mone level, family history, and carraraite consumption func-
tioned as susceptibility factors for RA [34, 35]. All this
accumulating evidence suggests that RA is a polygenic dis-
ease with multiple signatures evolving in its progression.
Based on this hypothesis, the underlying mechanism of RA
remains unclear and requires further investigation. Advances
in sequencing technology followed by bioinformatics aided
the reanalysis of previous datasets of RA to identify the
mechanism and pathogenesis-related targets. Applying
machine learning algorithms to biomedicine largely pro-
motes a better understanding and deconvolution of high-
sequence information. Several studies have tried to decipher
the heterogeneity of RA to some extent and have made lim-
ited advances in better understanding RA [33, 36]. While the
obsolete algorithm limited the reliability of clinical practice, a
comprehensive understanding of RA in multiple cohorts
with advanced machine learning algorithms is extremely
urgent.

In this study, we identified and verified four biomarkers
with the use of four machine learning algorithms for the
prediction of RA susceptibility from six RA datasets contain-
ing nearly 300 samples. We first constructed integrated data-
sets derived from five RA datasets from the GEO platform
after batch effect removal. We then screened out DEGs
between RA and normal tissues, and the DEGs were anno-
tated into several novel immune-related signatures in addi-
tion to the classic RA pathway, such as the activation of
chemokines, Thl, 2, 17 cell differentiation, and inhibition
of tyrosine metabolism, insulin, calcium, and AMPK signal-
ing pathways. Part of these findings were consistent with
previous works. Since RA is characterized by an imbalance
of Tregs and Th17s, numerous studies have suggested that
targeting Th cell subtypes could alleviate RA progression. Ye
et al. [37] utilized the CK2 inhibitor CX4945 to inhibit Th1
and Th17 cell responses while promoting Th2 cell responses
in RA, which significantly dampened IFN-y and IL-17A pro-
duction and alleviated the inflammatory state. Rao et al. [38]
identified an expanded population of PD-1" CXCRS5-
“peripheral helper T (TPH) cells that express factors that
enable the activation of B cells, including IL-21, CXCL13,
ICOS, and MAF, with the application of multidimensional

Mediators of Inflammation

cytometry, transcriptomics, and functional assays”. Tradi-
tional disease-modifying antirheumatic drugs (DMARDs),
including methotrexate (MTX) and leflunomide (LEF), are
the mainstay of RA symptomatic treatment, the purpose of
which is to reduce inflammation and prevent the progression
of disease. As DMARDSs have been extensively used in world-
wide clinical treatment, drug resistance has also become a
problem, and new therapies are urgently needed. On the
other hand, we found that several metabolism-related path-
ways were inhibited in RA, which could be treated as novel
therapeutic approaches with specific agonists. Previous stud-
ies have indicated that targeting tyrosine kinase-related path-
ways could alleviate RA patients’ symptoms and decrease the
adverse effect of immune-mediated disorders, e.g., SLE
[39, 40]. Numerous studies have also found that the inhibited
state of the energy sensor AMPK could aggravate mitochon-
drial insufficiency, thus enhancing the early stages of toler-
ance breakdown and the late stages of tissue inflammation in
RA. In addition, we first found in our work that activating
insulin- and calcium-related pathways could be a new
weapon for treating RA.

In addition, a risk score nomogram constructed and
tested based on four signatures was able to distinguish RA
from normal tissues. The AUC values of the training and test
cohorts were both greater than 0.8, which revealed the high
accuracy of our model. It should be mentioned that several
studies have reported the association between OA and RA
[41]. The nomogram constructed based on RA-related sig-
natures could also perform well in OA patients. Several sig-
natures of the four genes have been reported previously.
Yang et al. [42] reported several hub genes involved in RA
containing ITGB2, which had the highest diagnostic value
and higher expression in RA compared with OA. Nearly all
extracellular matrix components are degraded in RA by
MMPs induced by inflammatory cytokines such as IL-15
and TNF-a. Due to their role as rate-limiting enzymes in
collagen degradation, MMPI and MMPI3 collagenases
play an important role in RA [43, 44]. MMP]I is produced
by synovial cells, while MMP13 is produced by chondrocytes
in cartilage [45]. Our study further verified the diagnostic
value of MMPI13 in RA in addition to its therapeutic poten-
tial. A study from Chen et al. [46] found that overexpression
of circ-PTTGI1IP was detected in RA patients and RA-FLSs,
and knockdown of circ-PTTGIIP suppressed cell prolifera-
tion, migration, invasion, and inflammation. The results
from those studies proved the reliability of our findings.
Meanwhile, it should be mentioned that the diagnostic value
of CRTAM in RA was first investigated in this work, and the
exact biological role of CRTAM in RA patients still warrants
further studies.

To investigate the role of the four signatures in RA
immune infiltration, we also conducted a comprehensive
correlation analysis between genes and pathways. Except
for PTTGI1IP, MMPI13, ITGB2, and CRTAM were strongly
related to immune, stromal score, and immune infiltration
degree. The higher expression levels of the three genes in RA
tissues and the positive correlation coefficient reminded us
that MMP13, ITGB2, and CRTAM might be involved in the



Mediators of Inflammation

progression of RA by activating abnormal immune infiltra-
tion. ITGB2 (CD18), as an integrin subunit, is a heterodimeric
surface receptor expressed specifically by leukocytes. In gen-
eral, ITGB2 is involved in the development, metastasis, and
invasion of a wide range of tumor types, including liver can-
cer, colon cancer, breast cancer, and leukemia [47-49]. Xu
et al. [50] revealed that the expression of ITGB2 stratifies
glioma patients into high and low subgroups, with different
clinical outcomes and immune activation states; a higher level
of ITGB2 expression in glioma patients was associated with a
better immune response, which was consistent with our find-
ings that the ITGBI expression level positively correlated with
immune infiltration in RA. Philllips [45] found that blockade
of MMP13 alleviated posttraumatic osteoarthritis through
inhibition of immune restructuring, angiogenesis, innate
immune response, and proteolysis. Our study emphasized
its role in immune cell recruitment in RA tissues and its
high sensitivity to predict RA susceptibility.

Previous studies found that RA was correlated with vari-
ous cancers. There is evidence that RA increases the risk of
cancer, including lung cancer, lymphoma, and breast cancer
[51-53]. Meanwhile, immunosuppressive agents used to
treat RA have been shown to increase cardiovascular disease
and cancer risk factors [54]. Thus, we further investigated
CRTAM’s role in pan cancer since the ROC values of
CRTAM displayed the highest score in both the training
and test cohorts. CRTAM, a cytotoxic and regulatory T-cell
molecule that encodes a type I transmembrane protein with
Ig domains such as V and Cl in CD4-positive and CD8-
positive T cells, controls T-cell activation and differentiation,
as well as tissue retention, by mediating heterophilic cell-cell
adhesion. We thus hypothesized that consistently elevated
expression of CRTAM in RA patients could increase the
probability of several cancer types. Through pan cancer anal-
ysis, we found that CRTAM was more highly expressed and
functioned as a hazardous factor of prognosis in GBM, LGG,
KIPAN, UVM, and LAML. Kuo et al. [55] performed a
genetic association study and found that three loci, including
CRTAM, could increase the susceptibility of nonhuman pap-
illomavirus (HPV)-driven oropharyngeal cancer. Moreover,
CRTAM expression levels were strongly correlated with che-
mokine receptor, immune inhibitor, DC, CD8 Tcm cell, Tem
cell, macrophage, and Treg cell levels across cancers, which
was consistent with the enrichment analysis in this work.
According to our prior results, these high infiltration frac-
tions of cells are consistent with the CRTAM we observed in
RA. These high correlation coefficients of CRTAM among
cancers and RA tissues largely reminded us of that CRTAM
could play a paradigmatic role in immune infiltration.

To the best of our knowledge, this work is the largest
sample-based and multialgorithm study in RA. Even our
study made some advances and novel findings in RA, which
might help a better understanding of RA and cancers. There
are still some limitations as follows. First, most of our work
was based on bioinformatics, and even though we collected
tissues to verify the different expression levels of the four
novel biomarkers, the sensitivity and specificity of those
genes need to be explored in larger prospective studies.
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Second, nearly all datasets enrolled in our work belong to
Western countries, and whether the findings are applicable
to other ethnic groups remains unknown. Lastly, we have
investigated the potential biological roles by association anal-
ysis, while the detailed influence of CRTAM on RA and
tumors requires more experiments for validation.

5. Conclusion

In general, this study applied machine learning algorithms
to large sample-based RA cohorts to identify specific hub
signatures between RA and normal tissue. Four promising
biomarkers, CRTAM, PTTGIIP, MMPI3, and ITGB2, were
found and verified. Targeting metabolic pathways, especially
activating tyrosine metabolism and the insulin, calcium, and
AMPK signaling pathways, was first proposed in our work.
We also connected the potential impact of CRTAM in vari-
ous cancers, which broadened researchers” understanding of
RA and carcinoma.
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