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Abstract
Purpose: The pathogenesis of ankylosing spondylitis is not yet clear. Identi�cation of new marker genes
and cellular subtypes of immune cells in the blood of patients and exploration of new genetic loci in the
pathogenesis of ankylosing spondylitis.

Methods: We downloaded single-cell RNA-seq pro�les (GSE157595) and microarray datasets (GSE25101
and GSE73754) from the Gene Expression Omnibus (GEO) database and performed principal component
analysis, GO enrichment analysis, KEGG pathway analysis, t-distribution random-adjacent embedding
analysis, and analysis using SVM and WGCNA to identify marker genes. The intersection of SVM and
single cell sequencing marker genes: CAPZA2 and TRIB1, were taken for testing of diagnostic model
building ROC curves and immunohistochemical validation analysis.

Results: CAPZA2 and TRIB1 were identi�ed as new diagnostic genes for AS. These two genes showed
signi�cant differential expression between AS and controls, and immunohistochemical results showed
that the expression of CAPZA2 and TRIB1 was signi�cantly higher in AS than in controls.

Conclusion: CAPZA2 and TRIB1 may be key factors in the pathogenesis of ankylosing spondylitis.

Introduction
Ankylosing spondylitis is a chronic in�ammatory disease, but the mechanism is not clear[1]. The main
sites of disease are the sacroiliac joints, spine and peripheral joints, with associated reactive arthritis,
psoriasis and in�ammatory bowel disease, etc. AS was once thought to be more common in men, with a
male to female ratio of 10.6:1, but recent reports suggest that the prevalence of ankylosing spondylitis in
men and women is comparable, almost equal, except that women have a more delayed onset of the
disease, which is less severe and progresses more slowly than men[2]. The disease progresses more
slowly in women than in men. The age of onset is usually between 15 and 30 years, with a signi�cant
decrease in the incidence in children over 30 years of age and under 8 years of age. Studies have found a
strong association between AS patients and human leukocyte antigen B27 (HLA-B27, or B27 for short);
the rate of B27 positivity is 5%-7% in the general population in China, but up to 90% in AS patients, and
there is a tendency for AS to run in families[3].

The cause of AS is not known, but there is a genetic, infectious and autoimmune correlation, and the joint
changes in AS are characterised by granulomatous synovitis with synovial thickening, �brosis and
ossi�cation, and in�ltration of plasma cells, macrophages and lymphocytes[4]. As a chronic disease, AS
causes severe irreversible physical damage as well as psychological and �nancial devastation to the
patient. There is therefore an urgent need to identify its pathogenesis and more accurate biomarkers.

However, there have been few reports on the analysis of ankylosing spondylitis, particularly its
pathogenesis and biomarkers, through the use of single cell DNA. Spine surgeons can use single-cell
RNA-Seq to identify differences between each cell and also to discover more precisely how different
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genes are differentially expressed in different cell populations. On the one hand, the identi�cation of
marker genes from individual cell-to-cell transcriptional data reveals more accurate cellular biomarker
genes and differences in gene expression between cell populations[5]. On the other hand, the
identi�cation of cell subtypes from each cell and a three-dimensional time tree of cell differentiation to
understand the progression of ankylosing spondylitis may have implications for the clinical management
of patients[6]. In this study, we used single-cell RNA-seq data downloaded from the Gene Expression
Omnibus (GEO) database to illustrate marker genes and cell subtypes in ankylosing spondylitis peripheral
blood cells, and validated them with microarray data, and correlation experiments.

Methods
Data download, quality control, data �ltering and normalisation

We downloaded three AS datasets from the Gene Expression Omnibus (GEO) database: the single-cell
RNA-seq pro�le GSE157595 and the microarray datasets GSE25101 and GSE73754 for the analysis of
diagnostic markers for AS. The data used in this study came from patients with and without ankylosing
spondylitis and the speci�c inclusion criteria can be reviewed in the original article. The dataset contained
data from a total of 114 patients, with 72 patients with ankylosing spondylitis as the experimental group
and 42 patients without ankylosing spondylitis as the control group. Single cell sequencing analysis
included only cells of su�cient quality for ampli�cation and next generation RNA sequencing[7]. We used
the software package Seurat for data analysis to assess the number of genes in each cell and the
number of genes sequenced, with quality control and data �ltering performed accordingly. The average of
duplicate gene expression was taken. Gene expression found in fewer than three cells was excluded, and
cells with fewer than 50 identi�ed genes sequenced were also excluded. The percentage of mitochondrial
genes was calculated for this study, and violin plots showing the number and sequence of genes, and the
percentage of mitochondrial genes. Data were normalised after the above adjustments[8]. The top 1500
genes with large normalised variance were selected for the following analysis. The symbols of the top 10
genes were labelled[8]. In addition, two AS datasets were downloaded from the Gene Expression Omnibus
(GEO) repository and used for analysis of possible diagnostic markers. In addition the GSE25101 and
GSE73754 datasets contained a total of 102 samples. We �rst matched the probe names of both
datasets to their corresponding gene symbols using the programming language PERL, and then de-
batched and normalised both datasets so that they could be analysed at the same level[9]. We combined
the AS samples from the dataset and controls into one �le for uniform analysis. In this study, we used the
turning language PERL for text processing and the turning language R for statistical analysis and image
plotting[10].

Principal component analysis

Principal component analysis was performed on the single-cell dataset GSE157595. The principal
component analysis was performed using 1500 screened genes with large normalised variance and the
top 20 principal components were selected for the following analysis. The top 20 genes in each principal
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component will be plotted. an overview of the PCA and heat map will be plotted in the �gure. P-values for
each principal component are used for the following analyses.

TSNE analysis and identi�cation of marker genes

Principal component analysis was followed by t-distribution random neighbourhood embedding (TSNE)
analysis. Cells were sorted into different clusters. Heat maps were then used to show the marker genes in
the different clusters. A violin plot was used to show the expression levels of marker genes in each
cluster. Bubble plots were used to show the expression levels in each cluster.

Clustering of ankylosing spondylitis cells

Ankylosing spondylitis cells are clustered using the algorithm developed in the R package "Monocle". The
number of clusters was chosen automatically by the R package "Monocle" according to the method
described earlier. Fourteen clusters were identi�ed: clusters 0 to 13.

Notes on cell types

We used the "SingleR" package to perform cell annotation. The identi�ed clusters were annotated. Each
cell is also annotated.

Pseudo-time and trajectory analysis

The R packages "Monocle", "clusterPro�ler", "org.Hs.eg.db", " enrichplot" and "ggplot2" for cell trajectory
and pseudo-time analysis.

GO and KEGG analysis

To gain more insight into the molecular function (MF), biological process (BP), cellular composition (CC)
and pathway enrichment of these differentially expressed genes, we used the 'clusterPro�ler' package, the
'org.Hs.eg.db' package, the 'richplot' package, the 'ggplot2' package and the 'GOplot' package. "package,
the "richplot" package, the "ggplot2" package and the "GOplot" package. The "enrichment plot" package,
the "ggplot2" package, and the "GOplot" package perform GO enrichment on GO enrichment analysis and
KEGG pathway enrichment analysis were performed on differentially expressed genes. Enrichment
analysis. GO and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed using the
'digest' and 'GOplot' R packages. The R package of "digest" and "GOplot" was used to perform the
analysis. The names of the tagged genes were transferred to the gene IDs. Bar charts, bubble charts,
circle charts and cluster charts are used to show the results in different directions.

Disease Ontology Enrichment Analysis (DO) and Gene Set Enrichment Analysis (GSEA)

DO enrichment analysis is important for understanding complex pathogenesis, diagnosis and early
prevention of major diseases. We use the 'ggplot2' package, the 'org.Hs.eg.db' package, the 'enrichment
plot' package, the 'clusterPro�ler' package, the 'GSEABase' package and the 'DOSE' package.
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"clusterPro�ler" package, "GSEABase" package and "DOSE" package to perform DO enrichment analysis
and visualize the results of all differentially expressed genes. GSEA enrichment analysis is a genome-
wide expression pro�ling microarray data analysis method that integrates a priori knowledge of gene
localisation, biological signi�cance and function. We use the 'clusterPro�ler' package, the 'org. h.s.eg .db'
package, the 'limma' package, and the 'richplot' package. 'richplot' package to enrich the genes and
visualise the results.

Support vector machine (SVM) analysis, veen plots, ROC diagnostic curve analysis

Support vector machine analysis is a class of generalised linear classi�ers that perform binary
classi�cation of data in a supervised learning manner, where the convenience of the decision is to learn
the maximum marginal plane that the sample can be solved for, i.e. to separate the hyperplanes and
solve for the correctly partitioned dataset with the maximum geometric spacing. The venn diagram was
constructed using the R data package "VennDiagram" to obtain the intersection of the marker genes from
the GSE157595 dataset and the difference genes from the GSE25101 and GSE73754 datasets. The ROC
curve was constructed using the R package "pROC".

Differential analysis of immune cell correlations

The 'limma' package, the 'ggExtra' package, the 'ggpubr' package and the 'reshape2' package are used to
associate immune cells with genes. "package were used to associate immune cells with genes. The
proportion of immune cells and the differences between the AS and control groups were also plotted
using Lollipop.

Immunohistochemical analysis

In this paper, �ve cases of interspinous ligaments diagnosed as AS with posterior convexity deformity
and surgically removed from the First Clinical A�liated Hospital of Guangxi Medical University were used
as the experimental group, and three cases of interspinous ligaments diagnosed as spinal fracture and
removed intraoperatively were used as the normal control group to detect the difference in expression of
CAPZA2 and TRIB1 between as and control groups: //abclonal.com.cn/catalog/A2054, catalogue
number:A2054) at a dilution ratio of 1:200. TRIB1-speci�c antibody was purchased from ABclonal
(https://abclonal.com.cn/catalog/A10134, item number:A10134) at a dilution ratio of 1: 1000.
Interspinous ligament tissue was isolated and preserved by immersion in formalin solution for 10
minutes. Subsequently, after laboratory operations such as wax sealing, sectioning, antigen repair,
antibody hybridization, colour development and tissue closure, we obtained all 16 immunohistochemical
sections with completed staining. We observed them under an inverted microscope, with separate image
intercepts for the AS and control groups.

Results
Data download, quality control, data �ltering, standardisation of single cell sequencing
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We downloaded three AS datasets from the Gene Expression Omnibus (GEO) database: the single-cell
RNA-seq pro�le GSE157595 and the microarray datasets GSE25101 and GSE73754 and. The single-cell
RNA-seq pro�le GSE157595 contains six AS patients extracted and mixed into one experimental sample
and six healthy patients extracted and mixed into one control sample. The X-axis represents the names of
the samples and the dots in the graph represent the cells for each assessment[11]. The Y-axis re�ects the
number of genes in each cell. The distribution of genes in each cell is shown in Figure 1A and the depth
of sequencing of the samples is shown in Figure 1B, the mitochondrial gene content was not screened in
this study (Figure 1C). The X-axis represents the sequencing depth of each sample, and the Y-axis
represents the number of mitochondrial genes. A correlation coe�cient of 0 means that there is no direct
relationship between the sequencing depth of the sample and the number of mitochondrial genes (Figure
2A). x-axis represents the sequencing depth of each sample, and the Y-axis represents the number of
sequenced genes. A correlation coe�cient of 0.13 means that there is a positive relationship between the
sequencing depth of the sample and the number of sequenced genes (Figure 2B). x-axis represents the
average expression of each gene. The X-axis represents the mean expression of each gene. The Y-axis
represents the normalized variance. Genes with large normalised variances were screened and selected
for the following analysis as they represent heterogeneity between cells. A total of 581 genes with large
normalised variances were obtained (Figure 3A). The top 10 genes with normalised variance are shown in
Figure 3B. The top 10 genes with normalised variance can be seen as: IGHA, IGHG3, IGLC2, LCN2, SRGN,
CAMP, IGHG4, JCHAIN, IGHM, IGHG1.

Principal Component Analysis (PCA)

The main sources of variation were calculated in this study using variable genes as shown in PCA[12].
the aim of PCA was to identify the characteristics of these variable genes. Figure 4A shows the overall
distribution of cells in the samples in PC1 and PC2. Figure 4B shows the p-value values for each PC, with
smaller p-values indicating greater importance in the main components of the samples. Figure 4C shows
the top 20 signature genes expressed by each PC. Figure 4D shows the expression of the top 20 signature
genes for each cell in each PC expression. pc1 was considered to be one of the most dominant principal
components in PCA, with the top 20 genes being:DENND4B, KLK3, CCDC14, AR, RCE1, SAE1, ZNF577,
TXNDC16, AMACR, ASH1L FBXO41, HNRNPC, SBNO1, KRR1, MALAT1, KLK2, COMMD2, ZNF254,
C22orf29, FAM219B.

TSNE analysis of cell types and identi�cation of marker genes

The results of the TSNE analysis classi�ed the cells into 14 clusters (Figure 5C). After annotation (Figure
5D), we found that these cells could be divided into cluster 3 for T cells, clusters 0 and 12 for tissue stem
cells, clusters 2 and 11 for monocytes, cluster 10 for progenitor B cells, cluster 13 for macrophages,
clusters 1, 5 and 8 for B cells, clusters 4, 7 and 9 for erythrocytes and cluster 6 for myeloid cells. The
scatter plot (Fig. 5A) shows the expression of the top 10 genes with the highest normalised variance in
each cluster. The violin plot (Figure 5B) shows the expression of the top two genes in cluster 0, LEPR and
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COL1A2, in each cluster. The heat map shows the expression of the signature genes in each cluster 0-13
(Fig. 5E).

Pseudo-time and trajectory analysis

Fourteen clusters were annotated according to marker genes: clusters 0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12,
13. Figure 6 shows the pseudo-temporal and trajectory analysis, clusters 0, 1 due to stem cells; clusters
11, 12, 13 by macrophages, monocytes; clusters 2, 5, 6 by T cells; clusters 3, 4, 10 by B cells; clusters 7, 8,
9 by erythrocytes.

GO and KEGG analysis

We performed GO enrichment analysis on these differentially expressed genes to analyse their BP, CC and
MF and obtained the results of all enrichment analyses while visualising the top 10 most important genes
(Fig. 7A)[13]. Figure 7A shows that GO entries were mainly enriched for neutrophil, leukocyte chemotaxis,
granulocyte, interferon, extracellular matrix, intracellular matrix, cell adhesion molecule binding,
myocardin, actin and endoplasmic reticulum composition. The clustering diagram in Figure 7B
demonstrates the enriched GO term[14]. The KEGG pathway (Figure 7C) is mainly enriched for
phagosomes, regulatory actin, atherosclerosis, cell adhesion molecules, Rap1 signalling pathway,
rheumatoid arthritis, Th17 cell differentiation, haematopoietic cell lineage and allograft rejection[15]. The
clustering diagram in Figure 7D demonstrates the enriched KEGG term[14].

Disease Ontology Enrichment Analysis (DO) and Gene Set Enrichment Analysis (GSEA)

Disease ontology enrichment analysis (Figure 8E) showed enrichment mainly in primary
immunode�ciency diseases, hereditary coagulation, atherosclerosis, bacterial infections, fungal
infections, renal diseases, and urinary tract diseases[16]. Analysis of GSEA enrichment in the AS group
showed that the main pathways of GO enrichment were cotranslational protein targeting to membrane,
establishment of protein localization to endoplasmic reticulum, mitochondrial translation, ncrna
metabolic process and ncrna processing (Figure 8A), whereas the KEGG pathway was predominantly
enriched. in complement and coagulation cascades, citrate cycle tca cycle, graft versus host disease,
oxidative phosphorylation and proteasome (Fig. 8C)[17].

CAPZA2 and TRIB1 are genes used as diagnostic models for AS

We obtained the intersection by constructing venn diagrams from the single-cell dataset marker genes
and the microarray dataset SVM, and the two genes CAPZA2 and TRIB1 met all our screening
requirements (Figure 8G)[18]. We then constructed ROC diagnostic model curves to test our analysis and
found that the area under the curve for the AS diagnostic model constructed by CAPZA2 was 0.741 with
95% CI of 0.637-0.835, (Figure 9C)[19]. The area under the curve for the diagnostic model of AS
constructed by TRIB1 was 0.727, 95% CI 0.617-0.828 (Figure 9D). the area under the curve for the
diagnostic models of CAPZA2 and TRIB1 was much greater than 0.5, indicating a more accurate
diagnostic curve. box plot analysis of the differences between the CAPZA2 and TRIB1 diagnostic models
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in AS and controls (Figure 9A, 9B), the The differences were statistically signi�cant (p<0.05), suggesting
the signi�cance of the CAPZA2 and TRIB1 diagnostic models in the diagnosis of AS. Pseudotime and
trajectory analysis demonstrated a possible correlation between the development of ankylosing
spondylitis and in�ammatory cell differentiation[20]. Pathogenic enrichment analysis revealed
enrichment mainly in primary immunode�ciency disease, hereditary coagulation, atherosclerosis, and
bacterial infection[21].

Differential analysis of immune cell correlations

Fitted curves were constructed for the correlation between the two genes and immune cells for the
diagnostic model (Figures 10, 11)[22]. Figure 12A shows that 7 immune cells were associated with
CAPZA2 (p < 0.05) and Figure 12B shows that 6 immune cells were associated with TRIB1 (p < 0.05).

Immunohistochemical analysis

We performed immunohistochemical staining of CAPZA2 and TRIB1 in the interspinous ligaments of �ve
patients with AS and three patients with spinal fractures, respectively. The results showed that the
speci�c expression of each of CAPZA2 and TRIB1was signi�cantly higher in AS than in the control group
(Figure 13A1-D2). After detecting the positive rate of all immunohistochemical images with Image J
software, the positive rate data of CAPZA2 and TRIB1 were imported into R software for statistical
analysis[23]. The positive rate of CAPZA2 and TRIB1 were statistically found to be much higher in AS
than in the control group, and the difference was statistically signi�cant (P<0.05), indicating that CAPZA2
and TRIB1 in AS and the control group there was a signi�cant difference.

Discussion
In our study, we performed GO enrichment analysis of 114 samples obtained from the GEO database for
differentially expressed genes and showed that GO entries were mainly enriched in neutrophils, leukocyte
chemotaxis, granulocytes, interferons, extracellular matrix, intracellular matrix, cell adhesion molecule
binding, myocardin, actin and endoplasmic reticulum components[24]. The KEGG pathway is mainly
enriched in phagosomes, regulatory actin, atherosclerosis, cell adhesion molecules, Rap1 signalling
pathway, rheumatoid arthritis, Th17 cell differentiation, haematopoietic cell lineage and allograft
rejection. Cells were classi�ed into 14 clusters by TSNE analysis. The �rst 2 upregulated genes in cluster
0 were LEPR and COL1A2. venn diagrams were constructed from the single cell dataset marker genes
and the microarray dataset SVM to obtain 2 intersecting genes, CAPZA2 and TRIB1[25].

CAPZA2 (Capping Actin Protein Of Muscle Z-Line Subunit Alpha 2) is a Protein Coding gene. Diseases
associated with CAPZA2 include Alacrima, Achalasia, And Mental Retardation Syndrome. Among its
related pathways are Cytoskeleton remodeling Neuro�laments and Innate Immune System . Yan Huang et
al. reported two pediatric probands who carry damaging heterozygous de novo mutations in CAPZA2
(HGNC: 1490) and exhibit neurological symptoms with shared phenotypes including ...expression of the
CAPZA2 (HGNC: 1490) and exhibit neurological symptoms with shared phenotypes including global
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motor development delay, speech delay, intellectual disability, hypotonia and a history of seizures
.Expression of the CAPZA2 variants affects bristle morphogenesis, a process that requires extensive actin
polymerization and bundling during development[26].

TRIB1 (Tribbles Pseudokinase 1) is a Protein Coding gene. Hamish D McMillanet al. reported that TRIB1
has been most well characterised structurally and plays roles in diverse cancer types[27]. The most well-
understood role of TRIB1 is in acute myeloid leukaemia, where it can regulate C/EBP transcription factors
and kinase pathways. Structure-function studies have uncovered conformational switching of TRIB1
from an inactive to an active state when it This conformational switching is centred on the active site of
TRIB1, which appears to be accessible to small-molecule inhibitors in Beyond myeloid neoplasms, TRIB1
plays diverse roles in signalling pathways with well-established roles in tumour Beyond myeloid
neoplasms, TRIB1 plays diverse roles in signalling pathways with well-established roles in tumour
progression[28].

Our study showed that the area under the curve for the diagnostic models of CAPZA2 and TRIB1 was
much greater than 0.5, indicating a more accurate diagnostic curve[29]. box plot analysis of the
differences between the CAPZA2 and TRIB1 diagnostic models in AS and controls showed a statistically
signi�cant difference (p < 0.05)[30]. Correlations between the two genes used to construct the diagnostic
model and the six immune cells were found to be p < 0.05[31]. We performed immunohistochemistry for
CAPZA2 and TRIB1 in the interspinous ligaments of �ve AS cases and three spinal fractures, respectively,
and found that the expression of CAPZA2 and TRIB1 was signi�cantly higher in the AS group than in the
normal control group, with a difference of statistically signi�cant (P < 0.05).

We �rst screened the differentially expressed genes in AS by GEO single-cell sequencing dataset, then
performed GO enrichment analysis, KEGG pathway enrichment analysis[32]. We then combined the two
microarray datasets to perform GO enrichment analysis, KEGG pathway enrichment analysis, DO
enrichment analysis, GSEA enrichment analysis, followed by SVM analysis, WGCNA, and Venn diagram
cross-tabulation of differentially tagged genes from single cell sequencing analysis and SVM analysis of
the two microarray datasets. Diagnostic modelling and immune cell differential analysis of the genes
CAPZA2 and TRIB1 were also performed. Finally, we also analysed CAPZA2 and TRIB1 staining by
immunohistochemistry separately and the results showed that CAPZA2 and TRIB1 had more gene
expression in AS than in normal controls. Similar to other studies, there are limitations to our study. First,
the sample size was insu�cient. A total of 114 samples were used in our bioinformatics analysis,
including 72 AS samples and 42 control samples. Secondly, we did not have more laboratory analyses to
test our results, which is not nearly enough.

Conclusion
Upregulation of CAPZA2 and TRIB1 may be a key factor in the progression of ankylosing spondylitis,
providing a new direction for research and treatment of the pathogenesis of ankylosing spondylitis.
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Figures

Figure 1

Results of quality control, data �ltering. (A) Distribution of identi�ed genes in each cell. (B) Distribution of
identi�ed genes by sequencing depth. (C) Percentage of mitochondrial genes.

Figure 2

Results of data �ltering and normalization. (A) Sequencing depth versus mitochondrial gene content. (B)
Sequencing depth versus number of genes sequenced.



Page 14/16

Figure 3

Results of data �ltering and normalization. (A) A total of 581 genes with large normalized variances. (B)
The top 10 genes of the 581 genes with normalized variance are shown. The X-axis represents the mean
expression of each gene. The Y-axis represents the normalized variance.

Figure 4

Results of principal component (PC) analysis. (A) Overview of the cell distribution for each donor in PC1
and PC2. (B) P-value values for each PC. (C) Heat map showing the expression of key genes in each pc1-
pc4. (D) The top 4 principal components (PCs) and the top 20 genes expressed in each PC.

Figure 5

TSNE and marker gene results for cell types. (A) Scatter plot showing the distribution of each cell among
the top 10 normalized variance gene marker genes. (B) Gene expression of the top 2 key genes highly
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expressed in cluster 0 in each cluster. (C, D) Cell annotations. (E) Expression of signature genes in each
cluster 0-13.

Figure 6

Pseudo-time and trajectory analysis.

Figure 7

Results of GO and KEGG analysis. (A) Results of GO analysis for identi�ed marker genes. (B)
Presentation of GO terms in the clustering diagram. (C) Results of KEGG analysis in identi�ed marker
genes. (D) The KEGG pathway is shown in the clustering diagram.

Figure 8

GSEA, DO analysis, SVM analysis, venn diagram. (A-D) shows GO and KEGG results from GSEA
enrichment analysis showing the results of SVM analysis. (E) Shows results from DO enrichment
analysis. (F) SVM analysis. (G) shows the crossover results of single cell sequencing analysis and SVM
analysis.

Figure 9

ROC curve analysis and difference box plot analysis. (A, B) Difference box plots for the 2 genes of the
model. (C -D) ROC curves for the 2 genes of the model are shown.

Figure 10

Correlation analysis of CAPZA2 with immune cells. (A-F) Correlation analysis of CAPZA2 and 6 immune
cells is shown. If R > 0, this indicates higher gene expression and higher immune cell content; if R < 0, this
indicates higher gene expression and lower immune cell content.

Figure 11
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Correlation analysis of TRIB1 with immune cells. (A-F) shows the correlation analysis between CAPZA2
and 6 immune cells. If R > 0, this indicates higher gene expression and higher immune cell content; if R <
0, this indicates higher gene expression and lower immune cell content

Figure 12

Immune-related lollipop plot. (A) Immune cells showing signi�cant differences in TRIB1 in AS and
controls. (B) Immune cells showing signi�cant differences in CAPZA2 in AS and controls.

Figure 13

Immunohistochemistry. (A1-D2) shows speci�c expression of CAPZA2 and TRIB1 in AS and controls.

 


