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Identification of useful genes
from multiple microarrays
for ulcerative colitis diagnosis
based on machine learning
methods
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Chenchen Zhao*, Xuan Zhang*** & Zhaoxiang Bian****

Ulcerative colitis (UC) is a chronic relapsing inflammatory bowel disease with an increasing incidence
and prevalence worldwide. The diagnosis for UC mainly relies on clinical symptoms and laboratory
examinations. As some previous studies have revealed that there is an association between gene
expression signature and disease severity, we thereby aim to assess whether genes can help to
diagnose UC and predict its correlation with immune regulation. A total of ten eligible microarrays
(including 387 UC patients and 139 healthy subjects) were included in this study, specifically with six
microarrays (GSE48634, GSE6731, GSE114527, GSE13367, GSE36807, and GSE3629) in the training
group and four microarrays (GSE53306, GSE87473, GSE74265, and GSE96665) in the testing group.
After the data processing, we found 87 differently expressed genes. Furthermore, a total of six
machine learning methods, including support vector machine, least absolute shrinkage and selection
operator, random forest, gradient boosting machine, principal component analysis, and neural
network were adopted to identify potentially useful genes. The synthetic minority oversampling
(SMOTE) was used to adjust the imbalanced sample size for two groups (if any). Consequently, six
genes were selected for model establishment. According to the receiver operating characteristic,
two genes of OLFM4 and C4BPB were finally identified. The average values of area under curve for
these two genes are higher than 0.8, either in the original datasets or SMOTE-adjusted datasets.
Besides, these two genes also significantly correlated to six immune cells, namely Macrophages

M1, Macrophages M2, Mast cells activated, Mast cells resting, Monocytes, and NK cells activated

(P < 0.05). OLFM4 and C4BPB may be conducive to identifying patients with UC. Further verification
studies could be conducted.
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NN Neural network

PCA Principal component analysis
DEGs  Differential expression genes
GO Gene ontology

KEGG Kyoto encyclopedia of genes and genomes
DO Disease ontology

GSEA  Gene set enrichment analysis
MF Molecular function

BP Biological process

CcC Cellular components

ROC Receiver operating characteristic
AUC Area under curve

Ulcerative colitis (UC), one type of inflammatory bowel disease (IBD, another is Crohn’s Disease), is character-
ized as inflammation and ulceration in the rectum and colon, which may eventually affect the whole colon if
left untreated!. The clinical manifestation of UC mainly includes bloody diarrhea, frequent bowel movement,
abdominal discomfort, pain, weight loss, fever, and fatigue?. Unfortunately, UC is deemed as an incurable dis-
ease despite plenty of therapeutic options available depending on the disease severity. UC patients are often
suffering from alternating conditions of clinical relapse and remission that severely deteriorate their quality of
life*. The incidence of UC is previously more prevalent in high-income countries of Europe and North America
has shifted towards industrialized countries such as Asia. As a result, it has become a global refractory disease
with worldwide shifting epidemiological characteristics. Previous studies have found that immune dysfunction
contributes to the progression of UC*. Specifically, in B cells, UC patients showed an increasing percentage of
CD23 B naive cells than the normal individuals, while intestinal CD11b + B Cells relieve colitis by secreting
immunoglobulin A>®.

Generally, the diagnosis criteria of different UC stages are mainly based on clinical symptoms and the endo-
scope and biochemical examinations’. There are some standard methods, such as Mayo score, Ulcerative Colitis
Disease Activity Index (UCDALI), etc., which were widely used to identify the remission or active stage of UC®.
Additionally, several other factors, including IL-6, TNF-a, and hs-CRP, were also helpful for the diagnosis of
UC’. Besides, some scholars have compared the transcriptomic data of rectum biopsy in UC patients and healthy
subjects, and high heterogeneity in the gene expression was observed in the UC group'’. Particularly, genes with
positive correlations were enriched among biological processes, including inflammatory response, neutrophil
chemotaxis, and immune regulation'!. Compared to other immune diseases (e.g., HLA-B27 related to Ankylos-
ing Spondylitis), few studies have analyzed the diagnosis or transcriptome differences between UC patients and
healthy individuals'?. Moreover, although previous studies had reported the role of genes in the diagnosis of
UG, the results were not satisfactory due to the database with only two microarrays or the area under the curve
(AUC) were unstable'* . Thus, it is necessary to develop a predictive model for UC diagnosis with stable AUC
based on multiple microarrays.

Machine learning (ML), based on a series of complex algorithms process, is recently commonly used to
identify biomarkers and to predict a wide range of diseases. For example, Random Forest (one type of ML) was
used to forecast Crohn’s disease and UC with higher prediction accuracy (more than 90%), even exceeding the
traditional prediction model'®. Among various ML methods, Support Vector Machine (SVM) has advantages in
the diagnosis research through feature classification of disease and iconography transcriptomic datasets. It has
been tested in the studies of various diseases, including cancer, schizophrenia, and postpartum hemorrhage'¢-2°.
Regarding UG, the characteristics of high stability and prediction accuracy of the SVM method have also been
proven in previous reports? 22, Another method of ML, the Least Absolute Shrinkage and Selection Operator
(LASSO) analysis, is commonly used in the biomarker identification of various carcinoma diseases**=?*. Previ-
ous studies reported that various MLs could be used for the diagnosis prediction of UC, such as PCA analysis*
for metabolomics, the GBM analysis® for microbiota, RF analysis?® for gene diagnosis, and NN analysis®® for
immune-related signature. However, no studies identified the useful genes for UC diagnosis prediction based on
the comparison among different ML techniques™®. It is highly recommended to combine or compare different
methods to increase the accuracy of classification and prediction for the diagnosis research®-33.

Therefore, according to the gene expression omnibus (GEO) database, we aim to select multiple microarrays
(including healthy control and UC patients) and to identify the potential useful genes in terms of UC diagnosis
through comparing the results from multiple MLs. If applicable, we will further explore the relationship between
selected genes and immune cells.

Methods

Data collection.  Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/) is a publicly accessi-
ble functional genomics database. We initially searched the keyword of “Ulcerative Colitis”, and then screened the
data based on the following criteria: (1) inclusion criteria (i) diagnosed as UC in humans; (ii) derived from colon
tissue with transcriptome; (iii) included the healthy control (derived from the UC microarrays with no diseases).
(2) exclusion criteria (i) suspected carcinoma or other diseases; (ii) included pharmacological intervention(s)
for the treatment of UC patients. The sva R package (version 3.36) was used to bias control and to minimize the
batch effect among the included various microarrays. After that, we randomly grouped the microarrays as the
training set and testing set according to the classic statistical ratio of 6:4. The training data was used to develop
the predictive model, while the testing data was used to verify the results of the model.
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Data processing. Based on the training and testing groups, we further analyzed the data. Firstly, we used
R package preprocessCore (version 1.56.0) for quantile normalization. This process was composed of (1) trans-
ferred the primary dataset into a fixed data type of "matrix"; and (2) the function of "normalize. quantiles”" was
used for quantile normalization. Secondly, we screened the differently expressed genes (DGEs) in both UC
patients and healthy subjects of the training set. Then, the functional analysis of DGEs was conducted through
Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis, Disease Ontology
(DO) enrichment analysis, and Gene Set Enrichment Analysis (GSEA). Moreover, six machine-learning algo-
rithms, namely LASSO, SVM, NN, GBM, RE and PCA, were used to establish the models. Regarding the testing
group, we divided two subgroups for verification, including one individualized set and all datasets of the testing
group. Finally, a correlation analysis between identified genes and immune cells was performed.

General statistical consideration. Statistical analysis was conducted with R software (version 4.1.0;
https://www.r-project.org/) and the basement of RStudio (version 1.4.1717). For continuous variables, the inde-
pendent Student’s t-test was adopted if the variables met Gaussian distribution, if not, the Wilcoxon test was
used. For categorical variables, the chi-square test was used, and the Wilcoxon test was used for signed-rank
variables. The Pearson or Spearman coeflicients were adopted in the correlation analysis. A two-sided p value <
0.05 was considered as significant criteria.

Identify DEGs. The limma R package (version 3.44) was used to identify the DEGs. The raw data was pro-
cessed as log2 transformation after the quantile normalization. The p value was adjusted to control the false
discovery rate (FDR) based on the method of Benjamini and Hochberg. The DEGs were filtered with the criteria
of the absolute value of fold change > 1 (|logFC| > 1) and FDR<0.05 (Student’s ¢ test).

Functional enrichment analysis. Functional enrichment analysis was conducted to compare the DEGs
between the UC group and the healthy subjects, specifically including Gene Ontology (GO), Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway analysis, Disease Ontology (DO) enrichment analysis, and Gene Set
Enrichment Analysis (GSEA) based on clusterProfiler, DOSE, and enrichplot package of R with version 3.16.1,
3.14.0, and 1.8.1 respectively. The GO consist of molecular function (MF), biological process (BP), and cellular
components (CC).

MLs for the development of predictive models. We adopted six machine-learning algorithms (LASSO,
SVM, PCA, RE, GBM, and NN) for the identification of significant predictive genes in DEGs. LASSO was per-
formed to screen the candidate genes with binomial deviance and 10-fold cross-validation for the discrimination
of UC patients and healthy subjects with glmnet (version 4.1) package. To avoid overfitting, the SVM algorithm
was also used to adjust the premium genes with e1071 R packages (version 1.7-6) and the core of “svmRadial”.
Specifically, the R pakage e1071 was applied to the SVM with the function of "rfe" with "sizes" from 2 to 40 with
step size of 3, "rfeControl" with "functions" of "caretFuncs" and "cv", and the "methods" was "svmRadial". The
SVM code in RStudion was setting as the followed: " rfe (x = data, y = as.numeric (as.factor (group)), sizes = ¢
(seq (2, 40, by = 2)), rfeControl = rfeControl (functions = caretFuncs, method = "cv"), methods = "svmRadial")".
The R package randomForest (version 4.6-14) was adopted for the RF algorithm with 100 trees. And the PCA
algorithm was performed by psych package (version 2.2.3). The variable importance in projection (VIP) values of
PCA was used to estimate the importance of genes. The neuralnet (version 1.44.2) was used for the NN algorithm
with 3 hidden. The h2o (version 3.36.0.3) was adopted for the GBM algorithm with 100 trees. The overlapping
genes that existed in these two algorithm groups were included and the expression levels of candidate genes were
further validated in the testing group. Furthermore, the SMOTE with R package DMwR (version 0.4.1) was used
to expand the sample size when an imbalanced sample size appeared between the two groups. To estimate the
prediction value for UC diagnosis, we used the pROC package (Version 1.17.0.1) in R. AUC of ROC was calcu-
lated to judge the accuracy of the predictive model. The greater value of AUC presents the higher accuracy of the
predictive model. Additionally, the error rate was added for the assessment of accuracy among various MLs, and
the lowest value of error rate could be indicated a better classification capacity.

Correlation analysis. To quantify the relative proportions of immune cells from the gene expression pro-
files, CIBERSORT (https://cibersortx.stanford.edu/), a bioinformatics algorithm, was conducted for correlation
analysis. The putative abundance of immune cells was estimated using a reference set with 22 types of immune
cell subtypes with 1,000 permutations. Correlation analysis and visualization of these 22 types of immune cells
were performed using the corrplot R package (version 0.84). Using the vioplot R package (version 0.3.5), violin
plots visualized the differences of immune cells between the UC group and the healthy control cohort. The
Spearman’s rank correlation analysis in R software was performed. The ggplot2 R package (version 3.3.5) was
adopted to visualize infiltrating associations between various immune cells.

Results

Search. According to the inclusion and exclusion criteria, a total of ten microarrays (526 individuals), includ-
ing GSE48634, GSE6731, GSE114527, GSE13367, GSE36807, GSE3629, GSE53306, GSE87473, GSE74265, and
GSE96665 were included for subsequent analysis. Based on the random ratio of 6:4, we developed the training
set with 6 microarrays (201 UC patients and 106 healthy subjects), including GSE48634, GSE6731, GSE114527,
GSE13367, GSE36807, and GSE3629, and further established the predictive model. Meanwhile, we developed
the testing set with four microarrays (186 UC patients and 33 healthy subjects), including GSE53306, GSE87473,
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Figure 1. The workflow of the analysis steps.
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GSE74265, and GSE96665, and further tested the results of the model. In addition, as the microarray GSE87473
included the largest sample size in the testing set, we also selected it as a separate group for the model testing.
With the datasets, we further processed the following analysis just shown in the workflow (Fig. 1).

Identify DEGs. Among the training group, we identified a total of 87 DEGs with biological significance.
Details are provided in Appendix 1. Compared to the healthy control, there are 81 genes presented as up-reg-
ulated and 6 genes shown as down-regulated in the UC patients. Generally, the bigger absolute value of LogFC
and adjusted P value of Log10 indicates a greater difference between the two groups. Therefore, OLFM4, C4BPB,
and CLDNS distributed in the margin of the heatmap indicated an obvious difference between the two groups
(Fig. 2).

Functional enrichment analysis. In both UC patients and healthy subjects, we have identified the top
10 GO terms, top 30 DO terms, 17 significant KEGG pathways, and the top 5 single cohorts of GSEA (Fig. 3).
Regarding 10 GO terms, the top 3 presented the significant enrichments in the antimicrobial humoral response,
humoral immune response, and response to lipopolysaccharide. Regarding 30 DO terms, the top 3 presented
the significant enrichments in the stomach carcinoma, pyelonephritis, and pyelitis, respectively. Among KEGG
pathways, the top 3 presented the significant enrichments in the Chemokine signaling pathway, Epstein-Barr
virus infection, and Rheumatoid arthritis. In terms of GESA among the healthy group, the top 3 also presented
the significant enrichments in the Maturity Onset Diabetes Of The Young, Olfactory Transduction, and Retinol
Metabolism. Compared to the GESA of the UC group, the top 3 presented significant enrichments in the Anti-
gen Processing And Presentation, Chemokine Signaling Pathway, and Cytokine Cytokine Receptor Interaction.

Six machine-learning algorithms for candidate genes. In this study, six predictive models, includ-
ing LASSO, SVM, PCA, RE NN, and GBM were successfully established, respectively (Fig. 4). We identified 27
candidate genes through the 10-fold cross-validations of binomial deviance (Fig. 4A) and minimum lambda
0.01162648 of the LASSO algorithm (Appendix 2). In comparison, 16 candidate genes were identified based on
the SVM algorithm (Fig. 4B) with svmRadial function. Furthermore, the PCA analysis (Fig. 4C-D) indicated
that the two groups of UC patients and healthy control were distributed in different quadrants with obvious
discrimination among 2 and 3 dimensions (Fig. 4C,D). With the increasing trees of RF analysis, the error rate
presented decreased (Fig. 4E). In GBM (Fig. 4F), the various important genes indicated that OIFM4, HLA-DMA,
and C4BPB showed a dominant weight proportion.

As four MLs (SVM, RE, NN, and GBM) were used for classification, we adopted the calculated error rate for
model evaluation. The SVM presented the lowest value among the four MLs (Table 1). Moreover, we calculated
the top 20 weighted genes in a total of six MLs (Table 2). According to the criteria of counts frequency > 4, there
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Figure 2. The 87 DEGs distributed in both UC group and healthy group. (A. Heatmap; B. Volcano diagram.).
Note: R software (version 4.1.0; https://www.r-project.org/) was used to create the maps, including R package
pheatmap (version 1.0.12; https://cran.r-project.org/web/packages/pheatmap/index.html) for heatmap and
ggplot2 (version 3.35; https://cran.r-project.org/web/packages/ggplot2/index.html) for volcano plot, respectively.
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Figure 3. Functional enrichment analysis. (A. The top 10 most significantly enriched GO terms; B. The top 30
most significantly enriched DO terms; C. The 17 significantly enriched KEGG pathways; D. The top 5 GSEA-
KEGG enrichment in healthy group; E. The top 5 GSEA-KEGG enrichment in UC group).
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Figure 4. Six MLs for DGEs comparison. (A. LASSO for 27 prognostic DGEs; B. SVM for 16 prognostic DGEs;
C. PCA for classification in 2 dimensions; D. PCA for classification in 3 dimensions; E. The error rate of RF with
100 trees; F. The top 10 weighted genes in GBM).
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Machine-learning Error rate (%)
SVM 0.16
RF 0.65
GBM 0.98
NN 0.17

Table 1. Error rate in different machine learnings. SVM, Support Vector Machine; RF, Random forest; GBM,
Gradient boosting machine; NN, Neural network. Bold value indicates the lowest value.

LASSO PCA GBM RF NN SVM
Genes Weight Genes Weight Genes Weight Genes Weight Genes Weight Genes Weight
S100P 0.52 C4BPA 1.85 OLFM4 1 OLFM4 3.89 TUBB2A -2.39 OLFM4 8.87
RARRES3 0.42 RIPK2 1.85 HLA-DMA  |0.23 C4BPB 3.7 TIMP1 225 C4BPB 3.37
IFITM3 -031 PYY 1.85 C4BPB 0.2 15G20 1.63 CCL19 -225 NMI 213
CD19 0.29 REG3A 1.85 NMI 0.18 DMBT1 243 DEFA6 -2.01 HLA-DMA | 1.96
CHAD -028 DUSP10 1.85 CLDN8 0.13 CXCL1 1.08 CDs5 1.87 VNN1 1.78
NMI 0.24 CNTNAP2 1.84 VNN1 0.12 CLDN8 246 CXCL9 177 DEFA5 1.78
PLA2G2A -0.24 ATP2C2 1.84 HYOU1 0.11 LCN2 0.69 IFITM1 17 S100P 1.77
C4BPB 0.19 LRRN2 1.84 DEFA5 0.1 PRDX1 2.67 PCBP1 1.65 PRDX1 1.65
HYOU1 0.19 CHI3L2 1.83 PRDX1 0.1 GNAI5 1.01 AQPS 1.64 CLDN8 1.55
VNN1 0.18 TRIM22 1.83 NPTX2 0.08 S100P 2.44 FTIL 1.48 REG3A 1.38
NPTX2 0.18 ALOX5 1.83 S100P 0.08 IFITM1 2.03 ASS1 14 IRF9 1.34
DMBT1 0.17 0AZ1 1.83 RARRES3 0.08 NMI 347 HSPAS5 1.34 HYOU1 1.32
OLEM4 0.15 ZNF189 1.82 CXCL1 0.07 RARRES3 1.96 ADM -1.34 CXCL1 12
CSF2RB 0.15 STAT3 1.82 DEFA6 0.05 MAP2K1 0.93 C4BPB 1.33 NPTX2 1.14
COL6A3 -0.12 ZNF143 1.82 REG3A 0.05 LYN 1.54 1SG20 131 CDs55 1.1
PCK1 -0.11 GPR161 1.82 CHAD 0.05 STAT3 1.35 SDCBP 1.25 RARRES3 0.94
SERPINA3 -0.08 SWAP70 1.82 VOPP1 0.04 TIMP1 1.23 REGIB - 119 15G20 0.86
CLDNS8 -0.05 MEIL 1.82 CD19 0.04 CD55 1.45 TRIM22 -1.17 CD19 0.86
COL4A2 0.04 BIRC3 1.82 PCK1 0.04 HLA-DMA |21l SERPINA3 1.09 HLA-DRA 0.85
SPINK4 -0.04 ADRA2A 1.81 HLA-DRA 0.04 S100A8 0.64 CTSK 1.07 SELL 0.81
Table 2. The top 20 weighted genes selected from different machine-learnings. LASSO, Least Absolute
Shrinkage and Selection Operator; PCA, principal component analysis; GBM, Gradient boosting machine; RF,
Random forest; NN, Neural network, SVM, Support Vector Machine. Different MLS process different weights,
and negative weights in LASSO and NN that we sort the weighted genes with absolute value.
were six genes finally selected, including C4BPB, OLFM4, NMI, CLDNS8, S100P, and RARRES3. All of them
presented significance in UC group and healthy group (Fig. 5).
Evaluation of the models. We adopted the ROC curve and AUC values to assess the diagnosis value of the
model. When we set the 6 genes (as mentioned above) into the ROC curve (Appendix 3), the results showed that
the AUC values of OLFM4 and C4BPB were higher than 0.8 in the training group, testing group, and individual
GSE87473 testing group (Fig. 6A1-F1). In addition, aim to reduce the potential bias from imbalanced sample
size in different groups, we selected the SMOTE technique for our analysis. For the training group, we expanded
the 1:1 ratio for the UC patients (n=201) and healthy controls (n=201), while in the testing group, we have 197
UC patients vs 198 healthy controls. Regarding the GSE87473, we expanded to 107 patients and 105 healthy
controls. As indicated in Fig. 6A2-F2, both the primary datasets and SMOTE datasets showed a good AUC >0.8.
Correlation analysis. To analyze the relationship between ten microarrays and 22 immune cells, we dem-
onstrated the relative percentage of immune cells among 526 samples of ten microarrays (Fig. 7A). Then, the
significant immune proportions of the UC and healthy groups indicated that there were 7 types of immune cells,
including B cells naive, T cells CD4 memory resting, T cells follicular helper, Macrophages M0, Macrophages
M1, and Macrophages M2, Neutrophils (Fig. 7B).
Moreover, we analyzed the correlations between 22 immunize cells and the two important genes of OLFM4
and C4BPB through the Spearman analysis (Appendix 4). The significant results were presented in the following
6 types of immune cells, including Macrophages M1, Macrophages M2, Mast cells activated, Mast cells resting,
Monocytes, and NK cells activated (Fig. 8).
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Figure 5. Results comparison of 6 DGEs in testing groups.

Discussion

In this study, we included ten microarrays with 526 samples for data analysis, and further selected a total of 87
DEGs. Based on the six MLs, we successfully established the predictive models and identified two useful genes in
the diagnosis of UC, namely OLFM4 and C4BPB. The AUC values of C4BPB (average 0.873) were 0.812, 0.899,
and 0.907 in the training group, testing group, and individual GSE87473 testing group, respectively. Compared
to the previous studies, C4BPB presented the diagnosis value in Crohn’s disease. But this study extended its
scope to UC. Additionally, the AUC values of OLFM4 (average 0.865) were 0.804, 0.897, and 0.895 in the train-
ing group, testing group, and individual GSE87473 testing group, respectively. In previous studies, OLFM4, as
a cancer stemness gene induced by IL-22, was highly distributed in primary sclerosing cholangitis-associated
ulcerative colitis®. It was also overexpressed in the active IBD. In this study, we added a new result in terms of
diagnosis values of OLFM4 for UC patients.

Regarding the correlations analysis, these two genes (e.g., OLFM4 and C4BPB) presented significant associa-
tions with 6 types of immune cells, including Macrophages M1, Macrophages M2, Mast cells activated, Mast
cells resting, Monocytes, and NK cells activated. Some scholars have found that the UC patients presented an
increasing percentage of CD23 B naive cells, compared to the normal individuals®. Regulatory T cells were
also a key factor that exacerbated UC through immune imbalance®”. Compared to Crohn’s disease, the colonic
mucosa samples in UC patients showed the expansion of IL17A+ CD161+ effector memory T cells and IL17A+
T-regulatory cells, expansion of HLA-DR+CD56+ granulocytes, and reductions in type 3 innate lymphoid cells®.
The regulation of T cells for UC patients based on Bcl-6 and IL-21 could help to avoid the occurrence and devel-
opment of IBD*. In a previous survey that included a global immune cell landscape of UC patients’ tissue, the
results identified the increasing number of neutrophils, T CD4 memory-activated cells, active dendritic cells,
and MO macrophages, and decreasing number of T CD8, Tregs, B memory, and M2 macrophages*.

Through the functional enrichment analysis, we found three pathways, including Chemokine signaling path-
way, Epstein-Barr virus infection pathways, and Rheumatoid arthritis pathways, might be closely related to the
progress of UC. The previous study had emphasized the potential role of the Chemokine signaling pathway in
the up-regulation of UC patients and further proposed the CXCL8-CXCR137 (a type of chemokine) in the treat-
ment of UC*. Although Epstein-Barr virus infection might trigger several immune dysfunctions, such as natural
killer/T cell lymphoma arising, hemophagocytic lymphohistiocytosis, and malignancies, few studies focused on
UC previously*~#. Furthermore, Epstein Barr Virus might be useful in the development of vaccines and immune
cell therapy for EBV-Associated diseases, especially for several immune-related diseases*!. The prognosis of
Epstein—Barr virus infection in UC was less paid attention to**. In this study, the KEGG pathways results indicated
that more studies of the Epstein-Barr virus infection pathway in UC could be conducted*. Particularly, IBD
patients have a higher risk to develop autoimmune and inflammatory diseases, such as rheumatoid arthritis*’.

Actually, there are many limitations to using machine learning in a clinical setting. As MLs include multiple
factors, especially in statistics, clinical practice, and bioinformatics. To improve the study design and to facilitate
the explanation of results from ML analysis, it is recommended to include a variety of experts of authors/research-
ers in a study. Individuals with rich clinical experience and MLs technique background are also conducive to
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Figure 6. The ROC curve of OLFM4 and C4BPB between two groups. (Al. The ROC curve of OLFM4 in
training group; A2. The ROC curve of OLFM4 in SMOTE-training group; B1. The ROC curve of OLFM4 in

the testing group; B2. The ROC curve of OLFM4 in SMOTE-testing group; C1. The ROC curve of OLFM4 in
GSE87473 group; C2. The ROC curve of OLFM4 in SMOTE-GSE87473 group; D1. The ROC curve of C4BPB in
training group; D2. The ROC curve of C4BPB in SMOTE-training group; E1. The ROC curve of C4BPB in the
testing group; E2. The ROC curve of C4BPB in the SMOTE-testing group; F1. The ROC curve of C4BPB in the
GSE87473 group; F2. The ROC curve of C4BPB in the SMOTE-GSE87473 group).
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Figure 7. The immune correlation landscape for the ten microarrays. (A. Barplot for the 22 immune cells; B.
Violin plot among two groups in 7 immune cells).

A Mast cells activated <0.001 B Macrophages M1 —. <0.001
Macrophages M1 :: <0.001 Macrophages MO —_— <0.001
Neutrophils _. <0.001 NK cells activated — 0.002
NK cells activated —l) <0.001 Monocytes — 0.010
Monocytes — 0.002 abs(cor) Plasma cells — 0.013 abs(cor)
Dendritic cells activated —_— 0.097 ® 0.1 T cells CD4 naive — 0.029 e 0.1
Macrophages MO — 0.130 ® 02 Mast cells activated —_— 0.030 ® 02
Plasma cells — 0.172 @03 Neutrophils — 0.093 @03
Eosinophils —0 0.306 @04 Eosinophils — 0.279 @04
T cells CD4 memory activated - 0521 Qo5 T cells follicular helper o 0.667 Qo5
T cells CD4 naive 0.993 B cells memory 0.936
Dendritic cells resting - 0.652 Dendritic cells activated 0.974
T cells follicular helper o 0.332 T cells CD4 memory resting - 0.657
T cells CD4 memory resting o~— 0.272 T cells gamma delta - 0.596
NK cells resting O 0.192 pvalue T cells CD4 memory activated G 0.160 pvalue
T cells regulatory (Tregs) o 0.097 0 Dendritic cells resting O 0.148 0
T cells CD8 o— 0.043 l 0.2 T cells regulatory (Tregs) [ et 0.127 l 0.2
T cells gamma delta o— 0.008 04 B cells naive [ ot 0.106 0.4
B cells naive @ 0.002 0.6 T cells CD8 o— 0.053 06
B cells memory .— <0.001 0.8 Mast cells resting o 0.025 0.8
Macrophages M2 o— <0.001 1 Macrophages M2 o 0.002 1
Mast cells resting o— <0.001 NK cells resting *r— 0.001
-0.4 -0.2 0.0 0.2 0.4 -04 -0.2 0.0 0.2 0.4
Correlation Coefficient Correlation Coefficient

Figure 8. The lollipop figure in the immune correlation of C4BPB and OLFM4. (A. The immune correlation in
C4BPB; B. The immune correlation in OLFM4).

playing an important role in clinical MLs studies. In this study, there are some limitations. Firstly, insufficient
verification is a common type of limitation in bioinformatics studies. Although we designed testing groups
to assess the stability of the predictive model based on AUC values, and included ten microarrays to increase
the sample size in this study, more research works, either in clinical trials or animal experiments, should be
conducted to obtain solid verifications for these predictive results. Secondly, the machine-learning model itself
includes some limitations, such as the black box phenomenon®*, particularly in the NN method which includes
many layers, such as an input layer, an output layer, and hidden layers (count fluctuating)*>**. Among them, the
characteristics of the hidden layers are hard to identify®'. Thirdly, we have limited information about the clinical
features, such as the patient’s age®, ethnicity and race®** and stage of UC. Generally, some detailed information
impacts the algorithm bias. Thus, further subgroup analysis could be included to identify more useful results
in future research.

Conclusion
In this study, we found two useful genes of OLFM4 and C4BPB which may help to identify UC patients. Further
verification studies could be conducted.

Data availability

The datasets generated and analysed during the current study are available in the Gene Expression Omni-
bus (GEO) (https://www.ncbi.nlm.nih.gov/geo/), and all the multiple micorarrays of GSE48634, GSE6731,
GSE114527, GSE13367, GSE36807, GSE3629, GSE53306, GSE87473, GSE74265, and GSE96665 were derived
from this database.
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