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microarray studies to establish
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of Crohn’s disease and
ulcerative colitis based

on a metalloproteinase-
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Disease, Shijiazhuang, Hebei, China

Background: The ulcerative colitis (UC) and Crohn's disease (CD) subtypes of
inflammatory bowel disease (IBD) are autoimmune diseases influenced by
multiple complex factors. The clinical treatment strategies for UC and CD
often differ, indicating the importance of improving their discrimination.

Methods: Two methods, robust rank aggregation (RRA) analysis and merging
and intersection, were applied to integrate data from multiple IBD cohorts, and
the identified differentially expressed genes (DEGs) were used to establish a
protein—protein interaction (PPI) network. Molecular complex detection
(MCODE) was used to identify important gene sets. Two differential
diagnostic models to distinguish CD and UC were established via a least
absolute shrinkage and selection operator (LASSO) logistic regression, and
model evaluation was performed in both the training and testing groups,
including receiver operating characteristic (ROC) curves, calibration plots and
decision curve analysis (DCA). The potential value of MMP-associated genes
was further verified using different IBD cohorts and clinical samples.

Results: Four datasets (GSE75214, GSE10616, GSE36807, and GSE9686) were
included in the analysis. Both data integration methods indicated that the
activation of the MMP-associated module was significantly elevated in UC. Two
LASSO models based on continuous variable (Model_1) and binary variable
(Model_2) MMP-associated genes were established to discriminate CD and UC.
The results showed that Model_1 exhibited good discrimination in the training
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and testing groups. The calibration analysis and DCA showed that Model_1
exhibited good performance in the training group but failed in the testing
group. Model_2 exhibited good discrimination, calibration and DCA results in
the training and testing groups and exhibited greater diagnostic value.
The effects of Model_1 and Model_2 were further verified in a new
IBD cohort of GSE179285. The MMP genes exhibited high value as
biomarkers for the discrimination of IBD patients using published cohort and
immunohistochemistry (IHC) staining data. The MMP-associated gene levels
were statistically significantly positively correlated with the levels of the
differentially expressed cell types, indicating their potential value in
differential diagnosis. The single-cell analysis confirmed that the expression
of ANXAL in UC was higher than that in CD.

Conclusion: MMP-associated modules are the main differential gene sets
between CD and UC. The established Model_2 overcomes batch differences
and has good clinical applicability. Subsequent in-depth research investigating
how MMPs are involved in the development of different IBD subtypes is

necessary.

KEYWORDS

crohn’s disease, ulcerative colitis, robust rank aggregation, microarray, metalloproteinases,
differential diagnostic models

Introduction

Inflammatory bowel disease (IBD) leads to chronic intestinal
inflammation, is associated with significant morbidity, and
results from the intersection of genetic and environmental
factors that influence immune responses (1). Crohn’s disease
(CD) and ulcerative colitis (UC) are the two main types of
inflammatory bowel disease. Despite certain common
pathological and clinical characteristics, CD and UC have
several differences that indicate they are two distinct disease
types. CD is characterized by fissuring ulceration,
granulomatous inflammation and submucosal fibrosis.
However, the characteristic histological findings in UC include
crypt distortion, lymphocyte infiltration and chronic
inflammation of the rectum, which is usually limited to the
lamina propria (2, 3). Clinically, the diagnosis of IBD is usually
established by a collective assessment of the clinical presentation
and endoscopic, histopathological, radiographic and laboratory
findings (4, 5).

An objective and clear discrimination between CD and UC
diagnoses in patients with IBD colitis is currently vital for a
tailored treatment plan since each disease involves different
therapeutic and coping mechanisms (6-9). However, the
differential diagnosis of these subtypes remains a remarkable
clinical challenge since there is no single diagnostic gold
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standard for either UC or Crohn’s colitis (6-11). According to
the public literature, approximately 5% to 15% of patients do not
meet the strict criteria for either UC or CD (12-14), and the
diagnoses of up to 14% of patients change over time (15-19).
Therefore, the diagnostic assessment of IBD is often challenging;
discriminating between CD and UC can be particularly
challenging in patients in whom the inflammatory lesions are
limited to the colon (20).

In recent years, with the development of high-throughput
microarray technology, several studies have reported miRNAs as
candidate biomarkers in IBD diagnostic assessment (21);
however, few studies reported that mRNAs can be directly
used for the differential diagnosis of CD and UC.
Metalloproteinases (MMPs) belong to a large group of zinc-
dependent proteolytic enzymes involved in degrading and
remodeling the extracellular matrix (ECM) by cleaving specific
components (22). In this study, we integrated data obtained
from multiple IBD cohorts using two methods to identify
important functional gene sets that differed between CD and
UC and identified that the activation of the MMP-associated
module was significantly elevated in UC. Furthermore, using
different analytical methods, we established two differential
diagnostic models to distinguish CD and UC via a least
absolute shrinkage and selection operator (LASSO) logistic
regression and further verified the models’ efficiency in several

frontiersin.org


https://doi.org/10.3389/fimmu.2022.1022850
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Deng et al.

different cohorts. Finally, we explored the roles of these genes in
immunity during the progression of UC, providing evidence that
the expression of MMP-associated genes is correlated with the
presence of multiple immune cell types. Thus, our diagnostic
models provide promising diagnostic tools that might soon
improve clinical practice.

Materials and methods
Search strategy for microarray datasets

In total, 139 datasets were collected from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.
nih.gov/geo/) by systematic retrieval using the following
keywords: (“Inflammatory Bowel Diseases”[MeSH Terms] OR
Inflammatory Bowel Diseases [All Fields]) AND “Homo
sapiens”[porgn] AND (“Expression profiling by array”[Filter]
AND (“2008/01/01”[PDAT]: “2021/01/01”[PDAT]). The
inclusion criteria were (1) a sample size > 15 (2); the inclusion
of both CD and UC samples (3); sample sources of
“ileum/colon”; and (4) available gene annotation information.
To further verify the effectiveness of the models, a newly
published IBD cohort, GSE179285, was used to evaluate the
two models simultaneously. Another dataset, GSE125527,
generated from single-cell sequencing was analyzed to
investigate the role of MMP-associated genes in different cell
clusters. The flow of the experimental design and data analysis is
shown in Figure 1. The detailed information of the
characteristics of the included datasets is shown in Table 1.

Retrieval Strategy
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Robust rank aggregation analysis and
identification of differentially expressed
genes in the integrated cohort

Using RRA, all genes in each dataset were sorted and ranked
based on their log fold-change (logFC) values using the limma
package. The DEGs were then ranked using the ranked list and
aggregated using the RRA package in R software. Using this
method, an adjusted P value determines the likelihood that
DEGs will be identified in the datasets with highly ranked
genes. LogFC values > 0.7 and adjusted P values < 0.05 were
set as the criteria for identifying DEGs.

Identification of DEGs by merging
and intersection

To increase the sample size of the IBD cohort, three datasets
(GSE10616, GSE36807, and GSE9686) from the same platform were
merged and named Combined Datasets. The ComBat function was
used to remove batch effects using the SVA package. Then, the DEGs
were identified in the Combined Datasets and GSE75214 with the
criteria of LogFC values > 0.6 and adjusted P values < 0.1. The final
DEGs were identified by considering the intersection of the DEGs
between the two IBD cohorts.

Functional and pathway
enrichment analyses

We performed a Gene Ontology biological process (GO-BP)
analysis and Kyoto Encyclopedia of Genes and Genomes
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FIGURE 1
Flowchart of the overall study design.
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TABLE 1 Characteristic of the included microarray datasets.

10.3389/fimmu.2022.1022850

GSE ID Participants Analysis  Platform  Year Tissues Sex  Included in the Network address
(CD/UC) type (Male:  RRA analysis
Female)
GSE75214 59/74 Array GPL6244 2017 8 Colon and 51 Tleum in Not Yes https://www.ncbi.nlm.nih.gov/
CD/74 Colon in UC determined geo/query/acc.cgi?acc=
GSE75214
GSE10616 32/10 Array GPL5760 2009 14 Colon and 18 Ileo- Not Yes https://www.ncbi.nlm.nih.gov/
(identical to colonic in CD/10 Colon in  determined geo/query/acc.cgi?acc=
GPL570) ucC GSE10616
GSE36807 13/15 Array GPL570 2013 Not determined 9:4 in CD/ Yes https://www.ncbi.nlm.nih.gov/
8:7 in UC geo/query/acc.cgi?acc=
GSE36807
GSE9686 11/5 Array GPL5760 2008 11 Colon in CD/5 Colon Not Yes https://www.ncbi.nlm.hih.gov/
(identical to in UC determined geo/query/acc.cgi?acc=GSE9686
GPL570)
GSE179285 37/23 Array GPL6480 2021 14 Colon and 33 Ileo in Not No https://www.ncbi.nlm.nih.gov/
CD/23 Colon in UC determined geo/query/acc.cgi?acc=
GSE179285
GSE125527 717 Single-cell GPL20301 2020 7 Rectum in CD/7 Rectum Not No https://www.ncbi.nlm.nih.gov/
Sequencing in UC determined geo/query/acc.cgi?acc=

(KEGG) analysis of the DEGs identified by the RRA analysis
using the limma and clusterProfiler packages. The enrichment
analysis of the DEGs was performed with the criteria of adjusted
P values of < 0.05 (23).

Establishment of a PPl network and
MCODE analysis

Using the DEGs obtained by the RRA analysis/intersection, a
PPI network was established using the STRING website (https://
cn.string-db.org/), with a parameter of confidence of > 0.4.
Visualization of the PPI network was performed by Cytoscape
(v3.7.2), and molecular complex detection (MCODE) (a plug-in
in Cytoscape) was used to identify the functional modules (24).

Establishment of model_1 via LASSO
logistic regression

For the logistic regression, to achieve a high performance,
LASSO was applied to reduce the dimensions of the analysis. The
candidate genes were collected from the combination of two MMP-
associated modules identified in the PPI network, including MMP3,
MMP1, MMP12, PLAU, MMP9, CXCL1, MMP10, PTGS2, TIMP1,
MMP7, CXCL13, S100A12, S1I00A8, S100A9, and ANXAI. The
combined datasets were set as the training group, while GSE75214
was used as the testing group to verify the effect of the model.

The LASSO procedure involved performing a logistic
regression with an L1 regularization penalty, which has the
effect of shrinking the regression weights of the least predictive
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features to 0. To determine the coefficients of optimal penalty,
we performed tenfold cross-validation, and binomial deviation
was used as a performance measure. Therefore, the function
cv.glmnet was used with the following parameters: alpha = 1,
To obtain

parsimonious models, the largest lambda, which was within

nfolds = 10, and type.measure = “deviance”.

one standard error of the minimum training deviance as
recommended, was used to establish the final model.

Establishment of model_2 via LASSO
logistic regression

To correct the model application problems caused by the
batch differences across different platforms, we used another
method to generate the model. A binary variable translation was
performed with 15 candidate MMP-associated genes to obtain a
new index for each MMP-associated gene in each sample. For
genes with increased expression in UC, the binary variable of
MMP-associated genes was assigned a value of 1 if the
expression value of a gene was greater than the median of the
expression value of that gene in all samples; otherwise, the index
was defined as 0. For genes with increased expression in CD, the
binary variable of MMP-associated genes was assigned a value of
1 if the expression value of a gene was less than the median of the
expression value of that gene in all samples; otherwise, the index
was defined as 0. Therefore, the expression values of 15 genes
were converted from continuous variables into binary variables.
Similar to the method used to establish Model_1, the combined
datasets were set as the training group, while GSE75214 was used
as the testing group to verify the effect of the model.
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Model 2 was generated using a different method than
model_1. To determine the coefficients of optimal penalty, we
performed 8-fold cross-validation, and the area under the
receiver operator characteristics (ROC) curve was used as a
performance measure. Thus, the function cv.glmnet in the
package glmnet v2.0-16 was used with the following
parameters: alpha = 1, nfolds = 8, and type.measure = “auc”.
To obtain parsimonious models, the largest lambda, which was
within one standard error of the maximal training AUC as
recommended, was used to generate the final model.

Evaluation of the differential
diagnostic models

The models were developed and strictly validated according
to the Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis (TRIPOD)
guidelines (25). Specifically, we used ROC analyses and the
AUC to assess the discriminatory ability of the model in
discriminating CD from UC cases. Calibration plots were
drawn to assess the goodness of fit of each model. A decision
curve analysis (DCA) was performed to assess the clinical net
benefit of each model and compare the model with the use of all
strategies and random chance. The equations used in the final
models are presented as nomograms. Importantly, the ROC
analysis, calibration plot assessments and DCA were performed
in both the training and testing groups, while the nomogram was
illustrated only in the training group according to the TRIPOD
guidelines. All analyses were conducted using R version 4.1.3.

Evaluation of
immunohistochemical staining

To validate the results of the genetic analysis at the
transcriptional level, human intestinal mucosal tissues were
collected from the Department of Gastroenterology at the
Second Hospital of Hebei Medical University between 2020-
2021. The histopathologic diagnosis was made by two
pathologists, and the sample set included 15 CD samples and
23 UC samples.

The collected intestinal mucosa of the patients were fixed
with 4% paraformaldehyde (PFA) and embedded in paraffin.
IHC staining was performed as previously described (26). The
following antibodies were used: MMP7 (A20701), ANXAI
(A1118), MMP10 (A3033), HRP-labeled goat anti-rabbit
antibody (AS014; 1:200 dilution, all from ABclonal, Wuhan,
China), CXCL13 (bs-2553R), and CXCL1 (bs-10234R, all from
Bioss, Beijing, China; 1:200 dilution).

The samples were scored by two trained pathologists
according to the percentage contribution of the high positive,
positive, low positive, and negative samples. The immunoreactive
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score (IRS) was evaluated as follows: 4, high positive; 3, positive; 2,
low positive; and 1 negative (27).

Landscape of immune cell infiltration

To evaluate immune cell infiltration, CIBERSORT was used
to quantify 22 tumor-infiltrating immune cell subgroups in the
CD and UC groups in both the Combined Datasets and the
GSE75214 dataset. Because the MMP-associated genes exhibited
a higher level in UC in this study, the relationships between the
expression of immune cell subgroups and MMP-associated
genes in UC were further examined by a Spearman
correlation analysis.

Single-cell sequencing analysis

The single-cell sequencing analysis was based on public data
(GSE125527, including 7 CD and 7 UC patients) downloaded
from the GEO website and analyzed via R software according to
the following steps: 1) the “Seurat” package was adopted to
convert 10x scRNA-seq data as a Seurat object; 2) the
“FindVariableFeatures” function was adopted to filter the top
2000 highly variable genes; 3) a principal component analysis
(PCA) was performed based on the 2000 genes, and the data
from different samples were further merged via harmony
integration; 4) a clustering analysis was performed to find
subtypes, and uniform manifold approximation and projection
(UMAP) was used for dimensionality reduction and
cluster identification.

Statistical analysis

All statistical tests were implemented using R software
4.1.3. A Wilcoxon test was used to analyze the significance of
the differences between the groups. Spearman’s correlation test
was used to determine the correlation between the variables.
Statistically significant results were defined as those with
P values < 0.05.

Results

Characteristics of the included
microarray datasets

After conducting a systematic search based on the inclusion
criteria described in the Materials and Methods, in total, four
microarray datasets of IBD patients were retrieved from the
GEO database, including GSE75214 (N=59/74, x/y=the number
of CD/UC included in the research) (28), GSE10616 (N=32/10)
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(29), GSE36807 (N=13/15) (30), and GSE9686 (N=11/5) (31).
Therefore, in total, 115 cases of CD and 104 cases of UC were
finally included in the analysis.

Identification of DEGs by an RRA analysis
and functional enrichment analysis

Considering that the collected data were generated from
different microarray platforms, combining the datasets by using
direct merging inevitably led to erroneous conclusions caused by
bias. Therefore, the RRA method was first applied to identify
DEGs in the four GEO datasets.

First, the datasets were standardized to correct batch differences
within the datasets, and the results showed that the homogeneity of
the data met the requirements (Supplementary Figure 1). A volcano
map of each dataset was produced using the Limma package in R
software, and the DEGs are indicated as green and red points in
Figures 2A-D. The results showed that the DEGs greatly differed
across the different datasets. In the GSE75214 dataset, many DEGs
were identified, while few DEGs were identified in the GSE10616,
GSE36807, and GSE9686 datasets as indicated in the figures,
suggesting that the data collected from the cohorts across
different sources were heterogeneous.

After the RRA analysis, in total, 141 DEGs (86 overexpressed
in UC and 55 overexpressed in CD) were finally identified, and a
heatmap of the expression data of the top 20 DEGs is shown in
Figure 2E. The top 10 significant genes that were aberrantly
expressed in UC included five genes [SLC6A14 (P = 2.78E-08),
TNIP3 (P = 1.03E-07), MMP7 (P = 4.45E-07), MMP10 (P =
1.68E-06), and CXCL13 (P = 2.09E-06)], and five genes were
overexpressed in CD [GBA3 (P = 7.48E-07), PCK1 (P = 3.27E-
06), AQP8 (P = 8.98E-06), MEP1B (P = 1.82E-05), and GUCA2A
(P = 3.48E-05)]. The overall results of the RRA analysis are listed
in Supplementary Table 1.

The DEGs were subjected to a GO-BP analysis and KEGG
analysis, and the top five results are listed in Figures 2F, G. The
results showed that the short-chain fatty acid metabolic process,
cellular lipid catabolic process, drug catabolic process, fatty acid
metabolic process and cellular response to xenobiotic stimulus
were the top five enriched BPs, while bile secretion, drug
metabolism - cytochrome P450, tyrosine metabolism, steroid
hormone biosynthesis, and phenylalanine metabolism were the
top five enriched KEGG pathways in CD. In the UC samples,
negative regulation of proteolysis, extracellular matrix
organization, collagen catabolic process, extracellular matrix
disassembly, and extracellular structure organization were the
top five enriched BPs, while the IL-17 signaling pathway,
rheumatoid arthritis, cytokine—cytokine receptor interaction,
NF-kappa B signaling pathway and TNF signaling pathway
were the top five enriched KEGG pathways. The detailed
results are listed in Supplementary Table 2.
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Identification of DEGs by merging
and intersection and a functional
enrichment analysis

To identify the DEGs more comprehensively, we adopted
another method. Because the data in the GSE10616, GSE36807
and GSE9686 datasets were collected using the same platform,
combined datasets (named Combined Datasets, N=56/30) were
generated by merging the GSE10616, GSE36807 and GSE9686
datasets by removing batch effects via the SVA package in R
software. The distribution of the data before and after correction
was tested by a principal component analysis (PCA)
dimensionality reduction (Figures 3A, B). The results showed
that the distribution of each dataset was quite different before the
batch correction, while the distribution of the data after
correction overlapped well.

The differentially expressed genes in the GSE75214 dataset
and Combined Datasets were analyzed (Figures 3C, D). The final
DEGs were determined by considering the intersection of the
differentially expressed genes, and in total, 65 DEGs were
identified as listed in Figure 3E and Supplementary Table 3.

The DEGs, including 45 overexpressed in UC and 20
overexpressed in CD, were subjected to a GO-BP analysis and
KEGG analysis, and the top five results are listed in Figures 4F,
G. The results showed that bicarbonate transport, positive
regulation of guanylate cyclase activity, regulation of guanylate
cyclase activity, chloride transport, and positive regulation of
cyclase activity were the top five enriched BPs, while nitrogen
metabolism, proximal tubule bicarbonate reclamation,
glycolysis/gluconeogenesis, the PPAR signaling pathway, and
bile secretion were the top five enriched KEGG pathways in the
CD samples. In the UC samples, humoral immune response,
neutrophil degranulation, neutrophil activation involved in
immune response, antimicrobial humoral response, and
granulocyte chemotaxis were the top five enriched BPs, while
the IL-17 signaling pathway, amoebiasis, TNF signaling
pathway, cytokine-cytokine receptor interaction, and
complement and coagulation cascades were the top five
enriched KEGG pathways. The detailed results are listed in
Supplementary Table 4. Notably, although we used two
different methods to identify the DEGs, the results showed
that the identified enriched signaling pathways were highly
similar, including the IL-17 signaling pathway, TNF signaling
pathway, and cytokine—cytokine receptor interaction in UC.

MMP-associated module is the most
important network module in both
PPI networks

For clarity, we named the DEGs identified in the RRA
analysis RRA-DEGs, and the DEGs identified from the
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FIGURE 2

intersection of the GSE75214 dataset and Combined DataSets
were named Intersection-DEGs. Two PPI networks based on the
RRA-DEGs and intersection-DEGs were generated to better
explore the differences in complex regulatory mechanisms
between CD and UC using the STRING website, and the
results were visualized by Cytoscape software.

The network generated by using the RRA-DEGs is shown in
Figure 4A and includes 101 nodes and 464 edges. The Molecular
Complex Detection (MCODE) function module is a commonly
used module in the establishment of PPI networks. This module
can be used to identify important subnetworks and genes in a
large PPI network according to the relationship between the
edges and nodes to facilitate the following analysis. Through a
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Identification of DEGs by an RRA analysis and functional enrichment analysis. Volcano plots of the DEG distributions in the GSE75214 (A),
GSE10616 (B), GSE36807 (C), and GSE9686 (D) datasets. Upregulated genes are indicated by red points, while downregulated genes are
indicated by green points. Genes with no significant differences in levels are indicated by black points. (E) Heatmap of the expression data of the
top 10 DEGs identified in the RRA. The genes upregulated in CD are indicated in blue, and those upregulated in UC are indicated in orange.
Functional enrichment analysis of DEGs, including (F) a GO-BP analysis and (G) a KEGG pathway analysis.
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MCODE analysis, we observed that the most important
subnetworks mainly involved MMP family genes,
including MMP1, MMP12, PLAU, MMP9, CXCL1, MMP10,
PTGS2, TIMP1, and MMP7, with MMP3 as the seed gene
(Figure 4B). Through a gene enrichment analysis, we observed
that extracellular matrix disassembly, collagen catabolic
process, collagen metabolic process, extracellular matrix
organization, and extracellular structure organization were the
top five enriched BPs, while the IL-17 signaling pathway, TNF
signaling pathway, rheumatoid arthritis, prostate cancer, and
NF-kappa B signaling pathway were the top five enriched
KEGG pathways (Figure 4C and details in Supplementary
Table 5).
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FIGURE 3

|dentification of DEGs by merging and intersection and a functional enrichment analysis. The GSE10616, GSE36807 and GSE9686 datasets were
merged, and batch effects were further removed. PCA plots of different datasets are illustrated before (A) and after (B) batch effects were
removed. Volcano plots of the DEG distributions in the GSE75214 dataset (C) and Combined Datasets (D). (E) The intersection of DEGs in the
GSE75214 dataset and Combined Datasets is displayed as a Venn diagram. Functional enrichment analysis of DEGs, including (F) a GO-BP

analysis and (G) a KEGG pathway analysis.

Then, we used the intersection-DEGs to generate another
PPI network. The results are shown in Figure 4D, which shows
49 nodes and 190 edges. As before, the MCOD plug-in was used
to identify important subnetworks and key genes. Although
fewer DEGs were used to generate the PPI network in this
analysis, the key subnetworks finally identified still mainly
involved the MMP family, including MMP12, MMP10,
MMP3, MMP9, TIMP1, CXCL1, PLAU, S100A9, CXCL13,
S100A8, ANXA1 and S100A12, with MMP7 as the seed gene
(Figure 4E). Through a gene enrichment analysis, we found that
extracellular matrix disassembly, collagen catabolic process,
granulocyte chemotaxis, granulocyte migration, and myeloid
leukocyte migration were the top five enriched BPs, while the
IL-17 signaling pathway, prostate cancer, TNF signaling
pathway, transcriptional misregulation in cancer, and
rheumatoid arthritis were the top five enriched KEGG
pathways (Figure 4F and details in Supplementary Table 5).
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Notably, the results of both PPI networks independently
identified the MMP family as a pivotal module, and the results of
the gene functional enrichment analysis of both MMP modules
were quite similar to those obtained by analyzing all DEGs in the
RRA/intersection analysis as shown in Figures 2F, G and
Figures 3F, G; this finding indicates that the module of the
MMP family is the main differential gene set between CD
and UC.

Establishment of model_1 based on the
MMP-associated module via a LASSO
logistic regression

Based on the above results, we speculated that the MMP

family module was the main differential gene set between UC
and CD. Therefore, the genes in two MMP subnetworks were
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Visualization and module identification using two different PPl networks. (A) RRA-DEGs were mapped using Cytoscape software (genes mainly
expressed in CD are indicated in blue, and genes mainly expressed in UC are indicated in orange). Using the MCODE plug-in, the module with
the highest scores was identified (indicated in yellow). (B) The identified module comprised MMP1, MMP12, PLAU, MMP9, CXCL1, MMP10,
PTGS2, TIMP1, and MMP7 (indicated in orange), with MMP3 as the seed gene (indicated in yellow). Functional enrichment analyses of the genes
in the MMP-associated module were performed (C). (D) The intersection-DEGs were mapped using Cytoscape software (genes mainly
expressed in CD are indicated in blue, and genes mainly expressed in UC are indicated in orange). Using the MCODE plug-in, the module with
the highest scores was identified (indicated in yellow). (E) The identified module comprised MMP12, MMP10, MMP3, MMP9, TIMP1, CXCL1, PLAU,
S100A9, CXCL13, SI00A8, ANXAL and S100A12 (indicated in orange), with MMP7 as the seed gene (indicated in yellow). Functional enrichment

analyses of the genes in the MMP-associated module were performed (F).

merged and served as candidates for establishing the LASSO
logistic regression model. The combined datasets were set as
the training group, while the GSE75214 dataset was set as the
testing group. After the model reached the minimum-+1 standard
error lambda, an MMP-related signature with 4 components
was built discriminate between CD and UC (Figure 5A).
The diagnostic score was defined as -3.7469+[expression
level of ANXA1 x (0.4213)]+[expression level of MMP10 X
(0.2944)]+[expression level of MMP1 x (0.0826)]+[expression
level of CXCL13 x (0.0351)], and the optimal features and their
coefficient values are shown in Figure 5B. Notably, the diagnostic
score was a scoring system used only for differential diagnosis, and
the score was positively correlated with UC and negatively
correlated with CD.

In the next investigation, we evaluated the diagnostic
efficiency of Model_1 in discriminating between CD and UC.
The methods of the evaluation strictly complied with the
guidelines of the TRIPOD (Transparent Reporting of a
multivariable prediction model for Individual Prognosis Or
Diagnosis) Statement (25), including discrimination (ROC
curve and AUC), calibration (calibration plot), decision curve
analyses and a nomogram. The results of the ROC curve showed
that the AUC achieved in the training group was 0.839, and that
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achieved in the testing group was 0.815 (Figures 5C, D). In
addition, the calibration curve showed that the diagnostic score
had a better prediction accuracy in the training group and poor
calibration in the testing group (Figures 5E, F). Similarly, the
DCA results showed that the diagnostic score in the training
group served as a better indicator during clinical decision-
making than that in the testing group (Figures 5G, H). The
nomogram for the differential diagnosis of CD and UC is
illustrated in Figure 5I. For example, for a patient with a
CXCL13 value of 1.0416, MMPI1 value of 2.6360, ANXA1
value of 1.9737, and MMP10 value of 1.5244, the predicted
probability of the patient having UC was 0.0987, while the
predicted probability of the patient having CD was 0.9013.
According to a cutoff value of 0.5, the patient was identified as
having CD based on Model_1.

Establishment of model_2 based on the
MMP family module via a LASSO
logistic regression

Based on the poor calibration and clinical applicability of
Model_1, a better method for establishing a diagnostic model
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FIGURE 5

Establishment and evaluation of Model_1 with the MMP-associated module. (A) Selection of the optimal parameter (lambda) in the LASSO
model. (B) Plot of coefficients obtained by LASSO. ROC curve (C, D), calibration curves (E, F), and decision curve analysis (DCA) (G, H) of the
training and testing cohort models. (I) Nomogram of Model_1 for the predictive value of CD/UC is illustrated.

was applied as described in the Methods and Material. The main
difference was that the continuous variables representing gene
expression were transformed into binary variables, leading to a
reduction in distribution differences due to specific expression
values.

Similar to the method used to assess Model_1, the Combined
Datasets were set as the training group, while the GSE75214
dataset was set as the testing group. After the model reached the
minimum+1 standard error lambda, an MMP-related signature
with 4 components was generated to discriminate between CD
and UC (Figure 6A). The diagnostic score was defined as -1.3813+
[value of ANXA1x(0.6358)]+ [value of CXCL13x(0.1000)]+
[value of MMP1x(0.2507)]+ [value of CXCL1x(0.4478)], and
the optimal features and their coefficient values are shown
in Figure 6B.

Similar to the method used during the investigation of
Model_1, we further evaluated the diagnostic efficiency of
Model_2 in identifying CD and UC. The results of the ROC
curve showed that the AUC achieved in the training group was
0.801, and that achieved in the testing group was 0.811
(Figures 6C, D). In addition, the calibration curve showed that
the diagnostic score had a better prediction accuracy in both the
training group and the testing group (Figures 6E, F). Similarly,
the DCA results showed that the diagnostic score in both the
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training group and the testing group served as a better indicator
in clinical decision-making (Figures 6G, H). The nomogram for
the differential diagnosis of CD and UC is illustrated in Figure 61.
For example, for a patient with a CXCL13 value of 0, an MMP1
value of 1, an ANXAL1 value of 0, and a CXCL1 value of 1, the
predicted probability of a UC diagnosis was 0.336, while the
predicted probability of a CD diagnosis was 0.664. According to
a cutoff value of 0.5, the patient was identified as having CD
based on Model_2. Overall, these results suggest that Model_2
based on the MMP-associated module has good prediction
ability.

Verification of the effectiveness of
model_1 and model_2 in a new
IBD cohort

Although the effects of Model_1 and Model_2 were tested in
the above studies, considering that the GSE75214 cohort was
included in the RRA analysis, strictly speaking, the GSE75214
cohort is not a complete test queue. Therefore, a recently
published IBD cohort, GSE179285, which was not included in
the RRA analysis, was used for a more rigorous evaluation of the
effects of the two models.
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Establishment and evaluation of Model_2 with the MMP-associated module. (A) Selection of the optimal parameter (lambda) in the LASSO
model. (B) Plot of coefficients obtained by LASSO. ROC curve (C, D), calibration curves (E, F), and decision curve analysis (DCA) (G, H) of the
training and testing cohort models. (I) Nomogram of Model_2 for the predictive value of CD/UC is illustrated.

The evaluation results of Model_1 are shown in Figures 7A-
C. The results show that the ROC curve, calibration curves and
decision curve analysis of Model_1 are very poor likely because
GSE179285 was generated from GPL6480, a platform different
from the other queues. In addition, since the GSE179285 cohort
contains a large number of colon tissue from CD cases, we used
Model_1 to evaluate CD and UC in colon tissue only and
showed that the differentiation of Model 1 was still poor
(Figure 7D, AUC=0.509). In contrast, Model_2 still shows
good ROC curves, calibration curves and decision curve
analysis in the new cohort (Figures 7E-G), although the data
were derived from a platform that the model never faced before.
Furthermore, Model_2 still shows a good ROC curve between
the UC and CD samples from only colon tissue, highlighting its
great application value as a clinical diagnostic model
(Figure 7H, AUC=0.730). As we know, the real challenge of
differential diagnostic of two subtypes of IBD is between colonic
dominant CD versus UC, which reflects the potential clinical
value of the Model 2. We performed statistical analysis on
CD and UC samples from colonic tissue in the former IBD
cohort. The results showed that the model had an AUC of
0.674 in GSE75214 (CD/UC=8/74), 0.754 in GSE10616
(CD/UC=14/10), and 0.900 in GSE9686 (CD/UC=11/5,
Supplementary Figure 3).
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Verification of MMP-associated genes in
different IBD cohorts

After establishing and evaluating the model, we explored the
function and diagnostic value of MMP-associated genes,
including the seed genes identified in the MCODE analysis
(MMP3 and MMP7) and 5 genes assessed in Model_1 and
Model_2 (ANXA1, MMP10, MMP1, CXCL13 and CXCL1). We
first examined the correlation between the internal MMP-
associated genes in both the Combined Datasets and the
GSE75214 dataset using a Spearman correlation analysis, and
the results are illustrated in Figures 8A, B. The results showed
that multiple strong positive correlations were detected between
the levels of the MMP-associated genes. In addition, the
differences in the MMP-associated gene levels between CD
and UC were examined, and the results showed statistically
significant differences between the two groups in the expression
of most MMP-associated genes, including MMP3, MMP7,
ANXAI, MMP10, CXCL13 and CXCLI, except for MMP1 in
the GSE75214 dataset (Figures 8C, D).

To further verify the value of the MMP-associated genes as
diagnostic markers, we explored their ROC curves in different
cohorts (Figures 8E, F). The results showed that the AUCs of
ANXA1l and MMP10 were greater than 0.75, and those of
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Verification of the effect of both Model_1 and Model_2 in a new IBD Cohort Calibration curves (A), DCA curve (B) and ROC curve (C) testing the
effect of Model_1 in GSE179285 are illustrated. CD and UC samples from colon tissue only were further examined by Model_1, and (D) ROC
curve is shown. Calibration curves (E), DCA curve (F) and ROC curve (G) testing the effect of Model_2 in GSE179285 are illustrated. CD and UC
samples from colon tissue only were further examined by Model_2, and (H) ROC curve is shown. CD/UC=37/23 is the sample size in
GSE179285, and CD/UC=14/23 is the sample size in GSE179285 including only colon tissue.

MMP7, CXCL13 and CXCLI were greater than 0.70 in the two
cohorts, CD and UC. Therefore, these genes showed high value
as biomarkers for the discrimination of IBD patients.

Validation of the expression levels
of MMP-associated genes in
clinical samples

To verify the reliability of the above results obtained from a
public database, we collected intestinal mucosa samples from 38
patients (CD/UC =15/23) to test the expression levels of the MMP-
associated genes. As shown in Figure 9, the expression levels of
ANXA1, MMP10 and CXCL13 did not differ between CD and UC
samples. However, MMP7 and CXCL1 showed higher levels in the
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UC patients than in the CD patients. After the scoring data were
summarized and analyzed, the results showed that the differences in
the MMP7 and CXCL1 levels between the CD and UC groups were
statistically significant. However, due to the complexity of the
etiology of IBD, we believe that ITHC of a single index cannot
accurately provide a reference for disease diagnosis, especially based
on the judgment of a small clinical sample size.

Analysis of the correlation between
MMP-associated gene levels and the
levels of infiltrating immune cells

By performing CIBERSORT, we compared the infiltration
levels of most immune cell populations between CD and UC
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Verification of MMP-associated genes in different IBD cohorts The correlation between the levels of internal MMP-associated genes in both
Combined Datasets (A) and the GSE75214 dataset (B) using a Spearman correlation analysis. The differences in MMP-associated genes between
CD and UC were examined in both the Combined Datasets (C) and the GSE75214 dataset (D) using the limma package. ROC curves estimating

the diagnostic performance of the MMP-associated genes ANXAL, MMP10, MMP1, CXCL13 and CXCL1 in the discrimination of IBD patients in
the Combined Datasets (E) and GSE75214 (F). ** indicates P<0.01, *** indicates P<0.001.

patients in both the Combined Datasets and the GSE75214
dataset (Figures 10A, B). The results showed that several

more abundant in UC patients, while a higher level of Treg cells
was observed in the CD group. In addition, the correlations

immune cell types, including neutrophils and humoral
immune cells (naive B cells and follicular helper T cells), were
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between the MMP-associated gene levels and the levels of
various immune cell populations were further examined by a

frontiersin.org


https://doi.org/10.3389/fimmu.2022.1022850
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

10.3389/fimmu.2022.1022850

Deng et al.
A H&E staining B ANXAL
= CD
Pl<:(|)01 = UC
4 P=0.02
[
£s
O
o
O 24
E
1-
0- T T
N S A > N
& \J v o
\5dy S ¥ 0.\9 &
FIGURE 9
Clinicopathological examination of MMP-associated genes in tissue samples. (A) Representative images of H&E staining of samples from CD and
UC patients. The IHC staining images are representative images of the expression levels of ANXAL (B), MMP10 (C), MMP7 (D), CXCL13 (E) and
CXCL1 (F) in CD and UC samples. (G) IHC score difference analysis of MMP-associated genes in IBD patients. Statistical differences were
analyzed by a Mann—-Whitney U test.

Spearman correlation analysis (Figures 10C, D, and
Supplementary Figure 2), and the results showed that the
levels of all MMP-associated genes were statistically
significantly positively correlated with the levels of the
differentially expressed cell types, indicating their potential
value as biomarkers during differential diagnosis.
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Investigation of MMP-associated genes
in CD and UC via single-cell sequencing

Finally, we used single-cell sequencing technology to explore

the expression of MMP-associated genes in IBD. Using
GSE125527, we analyzed a total of 14 samples, including 7 UC
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Correlations between MMP-associated gene levels and the levels of infiltrating immune cells determined by CIBERSORT. Differences in the
levels of infiltrating immune cells between the CD and UC groups in the Combined Datasets (A) and the GSE75214 dataset (B). Correlations
between the MMP-associated gene levels and immune cell levels were further examined by a Spearman correlation analysis in the Combined
Datasets (C) and the GSE75214 dataset (D), and results with significant differences are shown (*p < 0.05, **p < 0.01). The results, including data
regarding other MMP-associated genes, including CXCL13, MMP3, MMP1 and CXCL1, are illustrated in Supplementary Figure 2.

patients and 7 CD patients. Through harmony integration
technology, we reduced the batch differences between the
different samples to better analyze gene expression
(Figure 11A). Due to the limitation of single-cell sequencing
technology in sequencing depth, most MMP-associated genes
were not detected, except for ANXAIL. The results showed that
the expression of ANXAI in UC was higher than that in CD, and
the cells with a high expression of ANXA1 were mainly
monocytes, NK cells and y0 T cells (Figure 11B).
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Discussion

UC and CD are subtypes of inflammatory bowel disease and are
autoimmune diseases influenced by multiple complex factors,
including the environment, genetic factors, and the gut
microbiota. The specific pathogenesis underlying IBD remains
unclear despite extensive research investigating the disease over
many years. The clinical treatment strategies used for UC and CD
patients are often different. For example, it is recommended that
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aminosalicylates should be used as a first-line approach for treating
and maintaining remission in UC, but they play a much smaller role
in the management of CD (6, 7, 32, 33). In contrast, methotrexate
has shown a higher rate of response in CD patients than in UC
patients (34-36). However, there remains a large number of IBD
patients who are difficult to identify in clinical practice, indicating
that it is important to improve the discrimination of the two
different subtypes, especially since the results of differential
diagnosis affect clinical management (21).

In this study, we systematically collected and integrated
published microarray data obtained from CD and UC patients.
The first challenge we faced was determining the best strategy for
integrating these data to best identify the DEGs. Importantly, the
choice of integration method has an impact on the analysis
results. If bias is introduced during the integration of the data,
the results and their interpretation are inevitably affected. An
RRA analysis was adopted to integrate the data to identify the
DEGs. RRA is based on a comparison of actual data with a null
model that assumes a random order of input lists; then, a P value
is assigned to the difference in the levels of each gene in the
aggregated list that describes how much better a gene ranked
than expected. As an algorithm that is both computationally
efficient and statistically stable, RRA has obvious advantages.
First, due to scoring based on the order of gene expression, this
method is very robust and can accommodate the variable gene
content that results from the use of different microarray
platforms. Second, even if a gene is not indicated in one
platform, it is not eliminated due to the combination of
multiple datasets to prevent losing information regarding
important genes. This conjecture can also be confirmed from
the analysis results. For example, in the GSE75214 dataset, we
identified many differentially expressed genes, while relatively
few DEGs were identified in the other three datasets, proving the
heterogeneity of the data obtained from different central sources
(Figures 2A-D).

A cD uc

10.3389/fimmu.2022.1022850

However, RRA also has shortcomings. For example, when
the final results from different datasets are summarized by an
RRA, the results obtained from large sample sizes and small
sample sizes are given the same weight, which may lead to issues
in the representativeness of the final results. Therefore, after
conducting the RRA, we used another method of data
consolidation. Datasets from the same gene platform were
merged with the removal of batch variance. Then, the DEGs
were identified in the Combined Datasets and the GSE75214
dataset, and the final DEGs were identified by considering the
intersection of the DEGs between the two IBD cohorts. The gene
enrichment analysis showed that the pathways enriched by the
DEGs identified by the two integration methods were similar,
indicating the robustness of the DEG screening results. Another
noteworthy finding was that the IL-17 signaling pathway was the
most significant pathway enriched in UC. This result was similar
to the results of a recently published single-cell sequencing study
that reported that IL17A+ T cells are mainly enriched in
UC (37).

The DEGs identified by the two different filtering strategies
were further used to generate PPI networks, and pivotal gene
modules were identified through MCODE. Interestingly, the
results from both sets of DEGs indicated that the MMP-
associated module was the most important gene set differing
between CD and UC patients, providing credible evidence that
the MMP-associated module serves as the main functional group
associated with the difference between CD and UC.

In future studies, we plan to establish a differential diagnosis
model based on the MMP-associated module to assist in the
diagnosis of the CD and UC subtypes in IBD patients. To the best
of our knowledge, this study offers the first publicly reported
mRNA model for the differential diagnosis of IBD, although some
studies have reported the role of miRNAs in the differential
diagnosis of IBD (20). In this study, combined datasets were
used as the training group, and the GSE75214 dataset was used as
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Exploring the Expression of MMP-Associated Genes by Single-cell Sequencing (A) Intestinal mucosa samples from 14 IBD patients (7 UC and 7 CD)
were integrated through the Harmony method and are displayed in a UMAP reduction diagram. (B) ANXA1 expression in different cell clusters.
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the testing group to generate Model 1 via a LASSO logistic
regression. From the results of the model evaluation, Model 1
showed good discrimination in both the training group and the
testing group. Further studies using a calibration analysis and
DCA showed that Model_ 1 exhibited good performance in the
training group but failed in the testing group. We believe the
reason is that the data obtained from the training set and
the testing set were collected from different microarray
platforms, resulting in large batch differences between the two
IBD cohorts. Although Model_ 1 based on the training set could
better distinguish the data obtained from other platforms, it was
difficult to meet higher accuracy requirements. This challenge is
an inherent defect of diagnostic models obtained based on
microarray technology, which also limits the application of such
diagnostic models; thus, a diagnostic model can only be applied to
clinical data collected from the same microarray platform in real
clinical diagnosis.

Based on the above, another model named Model_ 2 was
generated. In the new model, we omitted the specific expression
values of the genes and converted them into binary variables;
thus, we did not need to consider the problem of batch
differences. Subsequently, we used the Combined Datasets as
the training group and the GSE75214 dataset as the testing group
to generate a LASSO logistic regression model. Interestingly,
although the continuous variables in the matrix were
transformed into binary variables, the genes identified using
Model_2 were generally the same as those identified using
Model_1 (ANXA1, MMP10, MMP1 and CXCL13 in Model_1
vs. ANXA1, MMP1 CXCL13 and CXCL1 in Model_2). In the
subsequent model evaluation, we found that Model_2 showed
good discrimination in both the training set and the testing set.
More importantly, Model_2 also performed well in both the
training group and testing group based on the results of the
calibration analysis and DCA. Notably, because Model_2 only
included 4 genes and the levels of each gene were represented by
a binary variable, the actual values obtained using Model_2
included only 16 different values at most, further indicating the
reliability of the analysis based on the included genes. Most
importantly, the newly included cohort GSE179285 contains CD
samples from colon tissue. In the newly added validation results,
we performed a model validation using IBD cases containing
colonic/ileal CD and IBD cohorts containing colonic CD only,
and the validation results were consistent with our expected
results. In the subsequent experiment, we explored the
diagnostic value of the MMP-associated genes. The results
showed that the use of a single-gene diagnostic strategy
performed better, and these results were further confirmed in
clinical samples.

Matrix metalloproteinases (MMPs) constitute a group of
zinc-dependent neutral peptidases that can degrade all
components of the extracellular matrix (ECM) and are
associated with extensive mucosal degradation and tissue
remodeling, which ultimately favor the development of ulcers,
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fistulae and strictures (38). According to their primary substrate,
MMPs can be divided into various subclasses. The genes
identified in this research included stromelysins (MMP-3,
MMP-7, and MMP-10) and collagenases (MMP-1). To date,
sufficient evidence suggests that IBD-related mucosal
inflammation is associated with an enhanced induction of
several MMPs. For example, a series of pioneering studies
documented the abundant expression of MMP-1 (39-42) and
MMP-3 (39, 43-46) RNA in gastrointestinal tissue surrounding
ulcers, including those present in the gut of IBD patients.
Subsequent research has further proven that MMP-7 (47-51)
and MMP-10 (47, 48, 52-54) RNA expression levels are
increased in the inflamed tissue of UC patients. Considering
that adequate functional studies support the involvement of
MMPs in IBD-related mucosal degradation, several inhibitors of
MMPs have been developed and used to attenuate gut
inflammation in animal models of IBD (55-57), and 3 clinical
trials investigating MMP inhibitors have been performed in the
context of IBD treatment (58-61). However, our research
indicates that the MMP-associated module was also the main
differential gene set between CD and UC. CIBERSORT showed
that MMP-associated genes were closely associated with unique
immune characteristics in UC, including higher levels of
neutrophils and humoral immune cells (naive B cells and
follicular helper T cells) and lower levels of Treg cells than in
CD patients.

Regarding the other genes included in the models, chemokine
C-X-C motif ligand-1 (CXCLI1) is widely known as a strong
neutrophil chemoattractant that participates in inflammation in
multiple tissues. MMP3-CXCL1 (62) and MMP7-CXCL1 (63)
often function as partners in neutrophil activation or as
biomarkers of the dysplasia-carcinoma transition in sporadic
colorectal cancer. The chemokine CXC ligand 13 (CXCL13),
also named B-cell-attracting chemokine-1 (BAC-1) or B-
lymphocyte-chemoattractant (BLC), is a CXC subtype member
of the chemokine superfamily that serves as an inflammatory
mediator linked to B lymphocyte activity and lymphoid-
neogenesis (64). Recently, UC was characterized as exhibiting a
plasmablast-skewed humoral response associated with disease
activity, and a subset of intestinal CXCL13-expressing TFH-like
T peripheral helper cells was identified to be associated with the
pathogenic B-cell response (65). Another molecule that deserves
attention is annexin A1 (ANXA1) because it played an important
role in both models. According to early studies of UC, one of the
characteristics of an active episode of US is the intense mucosal
infiltration of leukocytes, and the proresolution mediator ANXA1
exerts counterregulatory effects on leukocyte recruitment and
exhibits elevated levels in sera isolated from active IBD patients
(66). Further studies reported that ANXAI was packaged in
extracellular vesicles (EVs) derived from IECs (67), indicating
that an analysis of the increasing levels of ANXA1 in IEC-derived
EVs may become a specific diagnostic approach for IBD clinical
diagnosis (68-71). By conducting a single-cell sequencing analysis,
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we searched for ANXAI expression traces more precisely. The
results showed that ANXA1 is mainly expressed in monocytes,
including macrophages and dendritic cells. More studies are
needed to explore the biological functions of ANXA1 in IBD.

The advantages of this study include the following: 1) to the
best of our knowledge, this study is the most recently published
study using CD and UC microarray data with the largest
sample size and the first to offer an mRNA-based model for
differential diagnosis; 2) this study strictly followed the
guidelines of the TRIPOD and performed a comprehensive
evaluation of the generated model; and 3) the generated
Model_2 overcame the problem of batch differences and had
good clinical applicability. However, this study also had some
shortcomings. The data used during the model establishment
were obtained from a public database, and the results need to
be verified using a larger amount of clinical data. Although we
collected a certain number of clinical samples for IHC testing
in our article, the number was small. In particular, due to the
lack of examination of difficult cases, it is not possible to assess
whether the model can be used as an aid in the diagnosis of
difficult IBD cases.

Conclusion

Although both CD and UC are types of IBD and exhibit
similar clinical symptoms, there are many differences in the
immune landscape. This finding can explain to some extent why
CD and UC patients exhibit different responses after receiving
the same treatment. In recent years, single-cell sequencing has
been used to describe the immune landscape of CD and UC
patients, which has enabled a more accurate identification of
immune cell differences (37). However, due to the heterogeneity
and complexity of IBD, data analyses based on larger sample
sizes and multicenter data through high-throughput microarray
remains important.

Our study revealed that the MMP-associated module is an
important differential functional set in CD and UC, and based
on this, we established two models to assist in the differential
diagnosis of CD and UC in the clinic. The comprehensive model
evaluation demonstrated that the model based on the MMP-
associated module had good application value. Subsequent in-
depth research investigating how MMPs are involved in the
development of different subtypes of IBD is necessary.
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