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Systematic classification using supervised machine learning: learning from
class imbalance

Solomon Shiferaw Beyene, Cong Feng, Yincong Zhou, Tianyi Ling, Blagoj Ristevski, Ming Chen”

Department of Bioinformatics, College of Life Sciences, Zhejiang University, Hangzhou 310058

“Correspondence: Ming Chen, E-mail: mchen@zju.edu.cn

Abstract: Supervised machine learning was used to classify regulatory
riboswitches. Riboswitches are part of 5 UTR region of regulatory mRNA. It was
discovered in several species but mainly in bacteria. They are very important in
antibacterial drug design since its discovery in 2002. Classification and database were
attempted since couple of years back, but with unsolved problems. These problems
are: classification using class imbalance, besides some of previously used algorithms
are computational costly, and existing database doesn’t include up to dated
riboswitches families also lack inclusiveness of different datum. To solve the
challenges novel methodology was designed for classification and up-to-dated data
collected for user friendly web server named as RibosLD. The new pipeline, includes
SMOTE for balancing imbalanced classes was used and a total of 5460 k-mers
(1<k<6) produced as feature for machine leaning analysis. A total of 156 feature was
divided into training and test set, 70% and 30% respectively. Statistical analysis for
parameters like accuracy, specificity, sensitivity and macro F-score showed
significant differences at (p < 0.05, 0.01, 0.001). The result revealed impact of class
imbalance in classification and algorithms performance. K-mers used as feature in
machine learning identified to have biological function and even some are
riboswitches motifs. Comprehensive riboswitches families were collected to develop
riboswitches database hereafter named as RibosLD. The RibosLD contains most
updated riboswitches. Overall, the database contains potential up-to-dated 39
riboswitches families’ that includes more than thirty-seven thousand classes
identified. RibosLD gives user interface with many options like browse, search and
structural information.

Keywords: balanced, imbalanced, k-mers, machine learning, riboswitch.

Reference: Beyene SS, Ling T, Ristevski B, Chen M. (2020) A novel riboswitch

classification based on imbalanced sequences achieved by machine learning. PLoS Comput Biol
16(7): e1007760.
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Expansion of MIR482/2118 by a class-11 transposable element in cotton

Enhui Shen'*', Tianzi Chen®', Xintian Zhu', Longjiang Fan, Jie Sun*, Danny J. Llewellyn®, lain

Wilson® and Qian-Hao Zhu®*

1. Institute of Crop Sciences and Institute of Bioinformatics, College of Agriculture and
Biotechnology, Zhejiang University, Hangzhou 310058, China,

2. New Rural Development Institute, Zhejiang University, Hangzhou 310058, China,

3. Provincial Key Laboratory of Agrobiology, Institute of Crop Germplasm and Biotechnology,
Jiangsu Academy of Agricultural Sciences, Nanjing 210014, China,

4. Key Laboratory of Oasis Eco-agriculture, College of Agriculture, Shihezi University, Shihezi,
Xinjiang 832000, China

5. Black Mountain Laboratories, CSIRO Agriculture and Food, GPO Box 1700, Canberra,
ACT2601, Australia

Some plant microRNA (miRNA) families contain multiple members generating
identical or highly similar mature miRNA variants. Mechanisms underlying the
expansion of miRNA families remain elusive, although tandem and/or segmental
duplications have been proposed. In this study of two tetraploid cottons, Gossypium
hirsutum and Gossypium barbadense, and their extant diploid progenitors, Gossypium
arboreum and Gossypium raimondii, we investigated the gain and loss of members of
the miR482/2118 superfamily, which modulates the expression of nucleotide-binding
site leucine-rich repeat (NBS- LRR) disease resistance genes. We found significant
expansion of MIR482/2118d in G. barbadense, G. hirsutum and G. raimondii, but not
in G. arboreum. Several newly expanded MIR482/2118d loci have mutated to
produce different miR482/2118 variants with altered target-gene specificity. Based
on detailed analysis of sequences flanking these MIR482/2118 loci, we found that this
expansion of MIR482/2118d and its derivatives resulted from an initial capture of an
MIR482/2118d by a class-1I DNA transposable element (TE) in G. raimondii prior to
the tetraploidization event, followed by transposition to new genomic locations in G.
barbadense, G. hirsutum and G. raimondii. The ‘GosTE’ involved in the capture and
proliferation of MIR482/2118d and its derivatives belongs to the PIF/Harbinger
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superfamily, generating a 3-bp target site duplication upon insertion at new locations.
All orthologous MIR482/2118 loci in the two diploids were retained in the two
tetraploids, but mutation(s) in miR482/2118 were observed across all four species as
well as in different cultivars of both G. barbadense and G. hirsutum, suggesting a
dynamic co-evolution of miR482/2118 and its NBS-LRR targets. Our results provide
fresh insights into the mechanisms contributing to MIRNA proliferation and enrich

our knowledge on TEs.

Keywords : miR482/2118, NBS-LRR, miRNA evolution, transposable

element, gene duplication, cotton, Gossypium spp

Published on the Plant Journal (IFs=6.629)
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Computational principles and practice for decoding immune contexture in
the tumor microenvironment

Zicheng Zhang, Sigi Bao, Congcong Yan, Ping Hou, Meng Zhou, Jie Sun

School of Biomedical Engineering, Wenzhou Medical University, Wenzhou 325027, P.R. China

Tumor-infiltrating immune cells (TIHICs) have been recognized as crucial
components of the tumor microenvironment (TME) and induced both beneficial and
adverse consequences for tumorigenesis as well as outcome and therapy (particularly
immunotherapy). Computer-aided investigation of immune cell components in the
TME has become a promising avenue to better understand the interplay between the
immune system and tumors. In this study, we presented an overview of data sources,
computational methods and software tools, as well as their application in inferring the
composition of tumor-infiltrating immune cells in the TME. In parallel, we explored
the future perspectives and challenges that may be faced with more accurate
guantitative infiltration of immune cells in the future. Together, our study provides a
little guide for scientists in the field of clinical and experimental immunology to look
for dedicated resources and more competent tools for accelerating the unraveling of

tumor-immune interactions with the implication in precision immunotherapy.

Journal: Briefings in Bioinformatics (IF = 8.99)
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EigenGWAS: An online visualizing and interactive application for
detecting genomic signatures of natural selection
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Abstract: Detecting genetic regions under selection in structured populations is
of great importance in ecology, evolutionary biology, and breeding programs. We
recently proposed EigenGWAS, an FFssss-like linear regression approach, for
detection of genomic regions under selection. Unlike FFssss, EigenGWAS does not
require grouping information of the population, and can be considered an
unsupervised genomic scanning approach for finding loci under selection. The
EigenGWAS analysis identifies significant genome-wide loci under selection after
correction for genetic drift. Here, we describe EigenGWAS implementation,
including use of the online analysis platform. Our online computational tool accepts
pedigree data in a standard binary format that can be easily converted from the
original sequencing data. We applied the proposed method in various datasets and

observed meaningful and biologically interpretable results.

Keywords: Evolution, Natural selection, Genomic adaptation, EigenGWAS
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Computational Methods and Applications for Identifying
Disease-Associated IncRNAs as Potential Biomarkers and Therapeutic
Targets

Congcong Yan,* Zicheng Zhang,* Sigi Bao,* Ping Hou,® Meng Zhou,* Chongyong Xu,?and Jie Sun’

1.School of Biomedical Engineering, Wenzhou Medical University, Wenzhou 325027, P.R. China;
2.Department of Radiology, The Second Affiliated Hospital of Wenzhou Medical University,
Wenzhou 3.25027, P.R. China

Long non-coding RNAs (IncRNAs) have been recognized as critical components
of a broad genomic regulatory network and play pivotal roles in physiological and
pathological processes. lIdentification of disease-associated INCRNASs is becoming
increasingly crucial for fundamentally improving our understanding of molecular
mechanisms of disease and developing novel biomarkers and therapeutic targets.
Considering lower efficiency and higher time and labor cost of biological
experiments, computer-aided inference of disease-associated RNAs has become a
promising avenue for facilitating the study of IncRNA functions and provides
complementary value for experimental studies. In this study, we first summarize data
and knowledge resources publicly available for the study of IncRNA-disease
associations. Then, we present an updated systematic overview of dozens of
computational methods and models for inferring IncCRNA-disease associations
proposed in recent years. Finally, we explore the perspectives and challenges for
further studies. Our study provides a guide for biologists and medical scientists to
look for dedicated resources and more competent tools for accelerating the unraveling

of disease-associated IncCRNAS.

Journal: Molecular Therapy - Nucleic Acids (IF=7.032)
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Epistasis and pleiotropy analysis dissect the genetic architecture of rice
complex traits

Md. Asif Ahsan, Ming Chen
Department of Bioinformatics, College of Life Sciences, Zhejiang University, Hangzhou 310058,
China.
Corresponding author: asif@zju.edu.cn, mchen@zju.edu.cn

Motivation: Genes involved in complex traits do not function alone.
Combination of multiple genetic and environmental factors are responsible for
complex traits. Single locus association or simple genotype-phenotype relationship
may fail to explain such complex traits. Epistasis or gene-gene interaction is
recognized to play a fundamental role in pinpointing the genetic architecture of
complex traits. Besides, multi-trait epistasis analysis could help to find the pleiotropic
genes that affecting more than one trait.

Methods and Algorithms: A two-step approach based on mixed linear model was
developed for epistasis analysis that account population stratification and polygenic
effect. To investigate the performance of our method, simulation studies were
performed and compared with the classical and pc-linear approach. Two important
rice agronomic traits—flowering time and plant height-were analyzed using the
developed epistasis method. To characterize and validate the identified epistatic
variants, various bioinformatics analysis such as gene ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis,
protein-protein interactions (PPIs), subcellular location (SCL) and tissue-specific
gene expression of the gene/protein were assessed. A pleiotropic interaction network
and a genotype-phenotype map were also constructed using the candidate epistatic
genes of both traits.

Result: Simulation studies show that our method gives better power and low
false discovery rate compared to classical and pc-linear approach. Several novel
genes were identified from the whole genome epistasis analysis of rice flowering
time and plant height traits. Bioinformatics analyses also confirm the involvement of
the identified candidate genes to the related traits. Seven pleiotropic genes were
identified from the epistatic pleiotropic network and some of them were found in
literature those validated by experimental analysis.

Conclusion: The findings of this study indicate the importance of epistasis and
pleiotropy analysis in dissecting the genetic architecture of rice complex traits.
EpiStructure is available at http://bis.zju.edu.cn/EpiStructure/.

Key words: Epistasis analysis, pleiotropy analysis, rice, flowering time, plant
height
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Identification of eRNAs-related prognostic signature for colon
adenocarcinoma
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Abstract: Colon cancer is the third most malignancies worldwide™. Previous
reports have shown that enhancer RNAs (eRNAs), a subclass of IncRNAs, could
exert their effects in human tumors?l. However, the potential function of eRNAs in
colon cancer remains unexplored. In this study, we integrate the multi-omics data to
identify the key eRNAs-related prognostic signature in colon adenocarcinoma
(COAD). We identify a total of 8231 eRNAs-related genes (eRGs) in COAD and the
functions of these genes mainly include regulation of GTPase activity, cell
morphogenesis and cilium assembly. Compared with all genes, the eRGs have higher
expression and lower variation. On the basis of tumor group and normal group, we
found 261 differentially expressed eRGs which sequentially subjected to univariate
cox, lasso and multivariate cox regression analysis. 12 eRGs are identified as
prognostic signature for COAD. The final survival risk score model is established:
risk
score=0.218*ATP6V1C2+0.269*GAS2+0.117*HOXC6+0.207*LRRN-0.305*NEBL
+0.129 * NPSR1 + 0.290*OSBPL3 +0.355*PBX4+0.190*SPTBN5+ 0.387*TIMP
-0.327 * TMEM220 + 0.226 *WDR72. According to the median risk score, the
COAD patients are divided into high-risk group and low-risk group. High-risk group
exhibits worse overall survival (OS) than that in low-risk group with the log-rank test
p=1.225*10" and the area under the ROC curve (AUC) are 0.81, 0.77 and 0.78 in
the 1-, 3- and 5-years, respectively. We also find that the risk score with the highest

AUC is a novel and important independent prognostic factor for COAD patients. We
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analyze the methylation status between high-risk group and low-risk group. 223 CpG
sites are differentially methylated, including 19 sites significantly correlated with
corresponding mRNA expression. For example, NPSR1 5’UTR hypomethylation
(cg11310191) and 3’UTR hypermethylation (cg23448390) are associated with
increased NPSR1 expression. The somatic mutation in high-risk group and low-risk
group find that the high-risk group has more co-occurrence mutations. Interestingly,
BRAF does not appear in the top 25 most frequently mutated genes in low-risk group.
There are, however, three unique mutually exclusive mutations in high-risk group
(BRAF-APC, BRAF-TP53 and BRAF- KRAS) which associated with BRAF mutation.

These three exclusive mutations probably influence the prognosis of COAD patients.

Keywords: Colon adenocarcinoma; Enhancer RNAs; Gene expression;

Multi-omics; Prognostic prediction
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Abstract

Left-sided colon cancer (LCC) and right-sided colon cancer (RCC) are two
kinds of colon cancer with distinct characteristics in tumor immune
microenvironment (TIME). Although existing studies have shown a strong
association between gene mutation and TIME in colon cancer, whether the influence
of mutations on TIME and regulatory mechanism of gene mutations are different
between RCC and LCC is still unclear. In this study, we showed the fractions of
naive and effector T cells such as CD8+ T cells are higher while those of regulatory T
cells are lower in RCC than in LCC. Besides, a stronger association between gene
mutation and immune cell infiltration was observed in RCC. Specifically, using
multi-omics data, we demonstrated the mutations of most top mutated genes (TMGS)
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including BRAF, PCLO, MUC16, LRP2, ANK3, KMT2D, RYR2 made great
contributions to an elevated fraction of immune cells by up-regulating
immune-related genes directly or indirectly through miRNA and DNA methylation,
whereas the effects of APC, TP53 and KRAS mutations on TIME were reversed in
RCC. Remarkably, we found the expression levels of several immune checkpoint
molecules such as PD-1 and LAG3 were correlated with corresponding DNA
methylation levels, which were associated with the mutations of TMGs in RCC. In
contrast, the associations between gene mutations and TIME were less significant in
LCC. We hope that our results will provide a deeper insight into the sophisticated
mechanism underlying the regulation between somatic mutations and TIME and thus

boost the discovery of differential immunotherapeutic strategies for RCC and LCC.

Keywords: left-sided colon cancer (LCC), right-sided colon cancer (RCC),

tumor immune microenvironment (TIME), gene mutation, multi-omics
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Abstract Advanced in single-cell RNA-seq technologies enable us to uncover
more refined and novel cell clusters, which have greatly improve our understanding
of cellular states. However, biological interpretation of the clustering results remains
a big challenge. Multiple evidences have demonstrated that pathway-based
enrichment analysis benefits to elucidate biological implications and molecular
mechanisms. However, no effective tool has been implemented for single-cell
transcriptome data analysis based on prior biological pathway knowledge.

Here, we present scTPA (http://sctpa.bio-data.cn/sctpa), a web-based platform
for pathway-based analysis of single-cell RNA-seq data in human and mouse [1].
SCTPA incorporates seven widely-used gene set enrichment methods to estimate the
pathway activation scores of single cells based on a collection of available biological
pathways with different functional and taxonomic classifications. The clustering
analysis and cell-type-specific activation pathway identification were provided for the
functional interpretation of cell types from a pathway-oriented perspective.
Furthermore, we also systematically evaluated the accuracy, stability, and scalability
of these seven transformation tools with 32 real scRNA-seq datasets based on 16
scRNA-seq techniques [2]. Overall, our recent research tries to give an insight into

exploration of transcriptional heterogeneity from pathway-oriented perspective and
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assist computational researchers to design high-quality researches.

Keywords: scRNA-seq, web tool, transcriptional heterogeneity, pathway

analysis score
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Abstract

Purpose

The Coronavirus disease 2019 (COVID-19) pandemic severely challenges
public health and necessitates the need for increasing our understanding of
COVID-19 pathogenesis, especially host factors facilitating virus infection and
propagation. The aim of this study was to investigate key factors for cellular
susceptibility to SARS-CoV-2 infection in ocular surface cell.

Methods

We combined co-expression and SARS-CoV-2 interactome network to predict
key genes at COVID-19 in ocular infection based on the premise that genes
underlying a disease are often functionally related and functionally related genes are
often co-expressed.

Results

The co-expression network was constructed by mapping the well-known ACE2,
TMPRSS2 and host susceptibility genes implicated in COVID-19 GWAS onto a
cornea, retinal pigment epithelium and lung. We found a significant co-expression
module of these genes in the cornea, revealing that cornea is potential
extra-respiratory entry portal of SARS-CoV-2. Strikingly, both co-expression and
interaction networks show a significant enrichment in mitochondrial function, which
are the hub of cellular oxidative homeostasis, inflammation and innate immune
response. We identified a corneal mitochondrial susceptibility module (CMSM) of 14
mitochondrial genes by integrating ACE2 co-expression cluster and SARS-CoV-2
interactome. Gene ECSIT, as a cytosolic adaptor protein involved in inflammatory
responses, exhibits the strongest correlation with ACE2 in CMSM, which has shown
to be an important risk factor for SARS-CoV-2 infection and prognosis.
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Conclusions

Our co-expression and protein interaction network analysis uncover that the
mitochondrial function related genes in cornea contribute to the dissection of
COVID-19 susceptibility and potential therapeutic interventions.

Introduction

A novel coronavirus, severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) associated with severe human infected disease (COVID-19) outbreak
starting from December 2019, in China, and the disease is quickly spreading
worldwide.! Despite being primarily a respiratory virus, COVID-19 can also present
with non-respiratory signs, including ocular symptoms as conjunctival hyperemia,
chemosis, epiphora, increased secretions, ocular pain, photophobia and dry eye.” The
presence of virus in tear, conjunctival swab specimens and animal models of
infectious increasing clinical and scientific evidence that eye may serve as a potential
site of virus replication.>* Moreover, immunohistochemical studies and single-cell
RNA-sequencing datasets revealed both extra- and intra-ocular localization of
SARS-CoV-2 entry factors, ACE receptor and TMPRSS2 protease in human eyes.>°
Together, these results suggest that ocular surface cells are susceptible to infection by
SARS-CoV-2. More a recent GWAS study identified 3p21.31 as a most significant
genetic locus being associated with COVID-19 induced respiratory failure.” This
locus covers a cluster of six genes consisting of SLC6A20, LZTFL1, CCR9, FYCO1,
CXCRG6, and XCR1, with the identified risk allele being associated with increased
SLC6A20 and LZTFL1 expression. Of note, SLC6A20, LZTFL and FYCOL1 is
known to associate with eye development, electroretinography abnormal and anterior
eye segment morphology. However, whether these key factors for cellular
susceptibility to viral infection have correlation in ocular surface cell remains unclear.
Herein, we constructed co-expression and interactome networks and mapped genes
implicated by COVID-19 GWAS onto corneal co-expression network to infer the
function of susceptibility gene.

Methods

Dataset Summary and Quality Control

An overview of our strategy to inform corneal mitochondrial susceptibility
module of SARS-CoV-2 infection in cornea is shown in Figure 1A. We began by
collecting the several RNA-Seq datasets of the normal tissue of cornea (n = 19
samples),® retina (n = 310 samples)® *° retinal pigment epithelium (RPE) (n = 207
samples),'® iPSC—derived retinal (n = 5 samples)** and lung (n = 546 samples) from
the NCBI GEO database (GSE77938, GSE115828 and GSE141531) and GTEX
release v8, respectively. Individual data sets underwent stringent quality control,
outliers were removed as samples with standardized sample network connectivity Z
scores < -2, as described,*® and were removed. Quantile normalization was then used
to transform the statistical distributions across samples to be same.

Co-expression Analysis

In order to investigate the expression correlation of SARS-CoV-2 entry factors
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and GWAS susceptibility genes, we calculated the Pearson correlation coefficient to
evaluate the linear correlation between any two genes. To specifically characterize
the biological pathways involved, we performed k-means analysis,** a popular
unsupervised machine learning algorithm, to identify several co-expression clusters.
The cluster eigengene was defined as the first principal component summarizing the
expression patterns of all genes into a single expression profile within a given cluster.
The cluster membership for each virus entry factors and disease susceptibility genes
was determined by the correlation between the expression profile of a gene and the
cluster eigengene of a module.

Gene Enrichment Analysis

GO and KEGG pathway enrichment analysis were performed by the Metascape
gene enrichment analysis tool.™® A Fisher’s exact test was used to identify ACE2
cluster with significantly enriched in SARS-Cov-2 interactome'® and mitochondrial
genes.’” The interactions between SARS-Cov-2 viral proteins and drug targets were
visualized using Cytoscape version 3.6.1.'%

Differential Expression Analysis

The transcriptome profiling of human keratoconus corneas was also downloaded
from GEO database (GSE77938).° Only genes with TPM >1 were preserved in the
down-stream analysis. The DESeq2™ package was used to normalize expression
levels and detect differential expressed genes (q value cutoff is 0.05). Statistical
analysis was done wusing the R project for statistical computing
(http://www.r-project.org).

Results

To understand the expression patterns of ACE2, TMPRSS2 and susceptibility
genes in cornea, we firstly compared the expression level of ACE2 in cornea, retina,
RPE and lung tissues based on bulk RNA sequencing. As expected from prior
literature,” the cornea showed a higher ACE2 expression than lung both in terms of
their TPM values (Fig 1A). ACE2 exhibits the highest co-expression correlation with
TMPRSS2, SLC6A20C and LZTFL1 in the cornea compared to lung and RPE (Fig.
1B). To gain more insight into the biological network of genes associated with
SARS-CoV-2 entry factors and susceptibility gene, we performed k-means clustering
algorithm to identify genes associated with ACE2 on cornea datasets (Fig. 1C). We
identified 26 co-expression modules ranging in size from 111 to 1798 genes. One
cluster contained both ACE2, LZTFL1 and FYCO1 (cluster 7; 1434 genes). The
strongest correlation with the eigengene (the principal component) of this ACE2
cluster was found for hub genes STK16 (r=0.95, p=1.07x<10), a member of NAK
family that activate the AP-2 scaffolding protein vital to viral entry and
propagation.”! TMPRSS2 belonged to a separate cluster 5 (603 genes) with hub gene
SLC25A1 (r=0.91, p=4.45%10"®), which involved in TNF-a and IFN-g triggered
inflammation.”” Together these data suggest that the cornea may provide a
susceptibility and entry portal for the SARS-CoV-2 entry.

To gain insights into the molecular functionality related to ACE2 cluster, we
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integrated the ACE2 cluster and SARS-CoV-2 interactome and observed their shared
a number of similarities. For instance, the ACE2 cluster and SARS-CoV-2
interactome eigengenes were highly correlated (r=0.56, p=0.014). Genes within
ACE2 cluster were mainly related to mitochondrion functions such as mitochondrial
inner membrane and mitochondrial electron transport (p=7.47><10"%°) (Fig. 2A). We
further evaluated shared GO enrichments to determine whether the similarity in the
behavior meant that both clusters contained functionally related genes. ACE2 cluster
and SARS-CoV-2 interactome were nominally enriched (p<0.001) for 41 and 35 GO
terms, respectively. Of these, 17 terms were enriched in both modules. Furthermore,
we observed a positive correlation in fold enrichments for shared terms (Fig. 2B).
Most of the ontologies shared between the modules described cellular components,
biological processes, and molecular functions pertinent to mitochondrion (Fig. 2B).
In both the ACE2 cluster and SARS-CoV-2 interactome, the observed numbers of
mitochondrial genes were significantly higher than the number what would be
expected by chance (p=2.1x<10™"* and p=3.2x10°, respectively; Fig. 2C). In addition,
we found the observed number of ACE2 cluster that was significantly higher (p =
0.005) associated with interaction protein of SARS-CoV-2 compared to randomness
(Fig. 2C). Together, these results indicated that ACE2 cluster possess the key factors
required for cellular susceptibility to SARS-CoV-2 infection in cornea. Therefore, the
core 14 genes were co-occurred in all three datasets as the corneal mitochondrial
susceptibility module (CMSM) of SARS-CoV-2 infection in cornea (Fig. 2D). Of the
14 CMSM genes, five genes have been shown to directly implicate in the function of
electron transport. They include genes such as NDUFB9 a member of mitochondrial
respiratory-chain complex 1, and NDUFAF1, NDUFAF2, ECSIT which are involved
in mitochondrial respiratory-chain complex 1 assembly. Next, we studied the
expression alteration of these genes in cornea from 23 keratoconus patients and 19
health controls. We found that ACE2 expression was significantly increased in
keratoconus compared to control cornea (log,FC=2.8, p=4.4<10""; Fig. 2E). Other
than the up-regulation of ACE2 in keratoconus, there were 10 of 21 genes related to
SARS-CoV-2 infection was significantly upregulated in keratoconus patients (Fig. 2E,
t-test p< 0.05). Based on the elevated expression of ACE2 and other susceptibility
genes in keratoconus, we speculated that patients with keratoconus are more likely to
be infected by the SARS-CoV-2.

Discussion

To control and mitigate the impact of the COVID-19 pandemic, it is vital to gain
greater understanding of the routes and modes of transmission, including the role of
the ocular surface. Using a cornea-relevant co-expression network to inform virus
entry factors and GWAS interpretation, we were able to identify putative
susceptibility genes for highly correlated with ACE2. Interestingly, we found that
ACE2 co-expression cluster and SARS-CoV-2 interactome were both enriched for
mitochondrial functions. As previously described, the ACE2 not only serves as a
critical determinant of CoV-2 transmissibility but also regulates mitochondrial
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functions.”® ACE2 overexpression regulates mitochondria-localized NADPH oxidase
4, which is known to produce reactive oxygen species (ROS) in the mitochondria.?*
Oxidative stress caused by ROS excessiveness was indicated as a major player in
COVID-19 pathogenesis and severity.”> Additionally, several lines of evidence have
established a link between inflammation and oxidative stress,?®? for example, TNF-a
induces calcium-dependent increase in mitochondrial ROS.” Once SARS-CoV-2
enters the host cell, its RNAs such as ORF-9b also can directly manipulate
mitochondrial function to release mitochondrial DNA (mtDNA) in the cytoplasm and
activate  mtDNA-induced inflammasome and suppress innate and adaptive
immunity.*® ® Together, the proinflammatory cytokines, such as TNF-a, IL-1b, IL-6,
IL-10 and CXCL-8, affect diverse physiological processes by driving cellular
oxidative stress ROS generation. In turn, increased ROS production stimulates
proinflammatory mediator release that contributes to mitochondrial dysfunction. As
we known, the corneal cell, especially corneal endothelial cells, is a
mitochondria-rich cells. Given highly exposed position, the cornea receives a
significant amount of high-tension atmospheric oxygen and the ultraviolet range
which result in the generation of ROS and subsequent oxidative stress. Moreover,
reactive oxygen species (ROS) are a by-product of oxidative phosphorylation in
mitochondria, which can subsequently result in further mitochondrial damage and a
further increase in ROS. Overall, a vicious oxidation/ inflammatory cycle is more
likely to have a potential impact of SARS-CoV-2 invasion and immune responses in
corneal cells.

In our study, we predicted that the mitochondrial related CMSM gene set was
vital susceptibility genes of COVID-19, including five genes involved in respiratory
electron transport which are being targeted by metformin.** A favourable effect of
metformin in patients with COVID-19 has been hypothesized as the drug might
prevent virus entry into target cells via adenosine monophosphate-activated protein
kinase activation and the phosphatidylinositol-3-kinase-protein kinase B-mammalian
target of rapamycin signaling pathway.*® Since metformin is found to have the
properties of anti-inflammation and anti-oxidation,* it has also been used in the
treatment of eye diseases including age-related macular degeneration, glaucoma and
diabetic retinopathy.*®" These may give insight into metformin may lower
COVID-19 risk in eye infection. Notably, ECSIT, one of the CMSM gene, is a
cytosolic adaptor protein involved in inflammatory responses and plays a regulatory
role as part of the TAK1-ECSIT-TRAF6 complex that is involved in the activation of
NF-kB by the TLR4 signal. In the previous study, treatment with drugs that inhibited
NF-kB activation led to a reduction in inflammation and significantly increased
mouse survival after SARS-CoV infection.® Additionally, ECSIT is also essential for
the association of RIG-I-like receptors (RIG-1 or MDAJ5) to VISA in innate antiviral
responses.> Therefore, ECSIT may be used as a new drug target to protect against the
development of severe forms of COVID-19 infection. Based on our results, we
believe that significant insight into COVID-19 in cornea can be gained using
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co-expression and interaction networks.
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Figure 1. Expression of ACE2 across different eye tissues and its
co-expression pattern in the cornea.

A. Overview of the approach and pipeline used to predict susceptibility module
responsible for SARS-CoV-2 infection. B. Expression of ACE2 in cornea, retina,
RPE and lung. C. Pearson's correlation analysis were estimated between ACE2 and
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correlation magnitude. The darker the color, the larger the magnitude of correlation
coefficient. Star sign (*) indicates statistical significance. D. Eigengene correlation
heatmap representing the strength and significance of correlations between cluster
eigengenes. Pearson’s correlation coefficient is used as the correlation descriptor (red
and blue for positive and negative correlations, respectively).
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Figure 2. Identification of the Cornea Functional Module and
Mitochondrial Susceptibility Genes

A. Clustered heat map of gene ontology (GO) terms among cluster genes. Color
coding according to legend at the bottom, only gene ontology terms with FDR < 0.05
were considered. B. Gene ontology fold enrichments are correlated for GO terms
shared between ACE2 cluster and SARS-CoV-2 interactome. C. Venn diagram
depicting the overlap between ACE2 cluster, SARS-CoV-2 interactome and
mitochondrial genes. P-value computed using Fisher’s exact test. D. SARS-CoV-2
protein-protein interaction between 14 mitochondrial susceptibility genes (circles)
and 6 SARS-CoV-2 proteins (red diamonds). Blue edge thickness proportional to
interaction MIST score; Grey edge thickness proportional to correlation of gene
expression. E. mRNA abundance change of ACE2, TMPRSS2 and susceptibility
genes in keratoconus.
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Predicting Arabidopsis MYB transcription factors Using a DNN
Ma Ji*, Yang Bingxian®

L(Zhejiang Sci-Tech University college of life sciences and medicine)

Abstract: Objective: Deep neural neural network (DNN) has a strong nonlinear
relationship learning ability, and has been widely used in complex pattern recognition
and classification problems. Transcription factor (TF) is a kind of DNA binding
protein that can bind to the promoter region of a gene to activate or inhibit
transcription. MYB family is one of the largest TF families in plants. The
identification of MYB TFs is a pattern recognition problem, which can be solved by a
DNN. Methods: The back propagation (BP) algorithm was used in this study, with
thresholds of 0.01, 0.001 and 0.0001, 215 MYB TFs and 1000 randomly selected
protein coding genes from Arabidopsis thaliana were divided into a training set and a
test set at a ratio of 7:3. Based on amino acid (aa) sequences, feature extraction was
performed by a principal component analysis (PCA) and was used as the DNN input.
Results: With a threshold of 0.01, the true positive rate (TPR) of the prediction of a
double-hidden-layer DNN is 98.46%, and the false positive rate is 0.00; the
prediction results of the test set on HMMER website show that TPR is 98.46% and
the false positive rate is 0.01. Conclusion: DNN is suitable for the identification of

MYB TFs and has great practical potential in the TF identification problem.

Key words: deep neural network; transcription factor; MYB; back

propagation (BP) algorithm

50



515

HIENTHZMNGE (ANND FEHER I 48 2 PR 1) 1 140 W 4 2 2] 5 4+ AR 2R M ok &
MIRE T AFEARKED, FEARLME R /- RRIE I T, ANN F0G R 5 DL R TN fr) 4G P55
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1 1 2 (4 perl B2 451 TR T 215 MYB TF SIEER 71 h Tl TR BR 3L (A2 LA
R, RIAFE ST TF SRR P41 347 33,885 FhANIR] 1 TLIsk AL I E R4
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#r Cprimary component analysis, PCA) X 5didt AT 1 B&4E, KILAET 18 N E i vk 2
F1k 85.19%, Hi 38 AN E 4 Timk 2 1M 94.96% . 4R [22] /1N, HEE SR TRk K T-45
F 85%1I AT 18 A~ o 1 ARFAE ) B 2H 1 1215 x 18 [AERE/E Ay DNN [F4 NK I 2.

2.2 DNN ()l ZRAn Ft 57

DNN %7K H R #F neuralnet L[23]1%) neuralnet()e&i %L, 257 DNN [ 5722
B AN 5 [6]  [24] 1 & 1) 4% % ( backpropagation, BP ) . B & [ 4% 4% (resilient
backpropagation, RPROP)[25]%5i%, BIGHT B4 RS BP I ZR5i%:[26]. ¥4 4 e Ir 215
/M MYB TFs A1 1000 BEHLE [ S EE R 73 5% 7:3 LLBI[1] 5 O ZREe it se, JH—
R FRHE A —AGE[L]:

_ o x- min (x) )

max (x) — min (x)
H—AJE s R A KR 1 A0 2 BN ZREdE £ 73 7% DNN #£4791Z%. DNN B2 2
Chidden layer) #&EyuE Ny 2~5, BFEEMEITT RAEN 6~10. FHIE i BCE 5]
T R ) A B VL Crprop+) , BIE Cthreshold ) & 0.0001~0.01, 2% 2] %
(learningrate.factor) Jy 0.5~1.2, WG (act.fet) K& 4E K% (Sigmoid) , iR
PREL Cerr.fot) SRARZETF M (sum of squared errors, SSE) , % Hi KA AR tEd
(linear.output=False) -
VL5 1 DNN R T4 N SKRIE 1 F0 2 (il 42 £ 2 il e A7 s, -5 a4
Ml 2 A% 5 At L

X scaled

2 %R

2.1 AT 20 Fha FLRA0EEy DNN %A

I perl FEFFSeit T 00 e T+ 4= 3 (R £ 48,359 25 [ 4 i N A TR 51l 20 Fh& FE R
AREL (B 1), RIVEFERR & &340 0T 43 B =AN B, 25— Pbh & R E R A 2 2R (JH
#=1.92~1.99M) , HEEWHE & THMEAEER: M EAER. S8R . Bk,
HARAMANAR H=1.31~1.42M) , FE=F#EILREAER Ji%=0.26~1.13) ,

TR OERK.
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] 1 20 g Sk IR A UL R 7 FITAT B 1 9 i 5 A (R AR 2% 1

Fig.1 A bar plot of the frequency of 20 amino acids of all protein coding genes in

Arabidopsis thaliana

SRIG, IRYE ATTFDB NEUM 3 RAM, F AL R 2 PO 0L B T 4 BE R 21 2 1 2 )
R MYB AHCFIIE MYB AHSC3E R . HAgmfid MYB Kk TF FI3ERA 215 4,
3E MYB ZE[K 5 48,144 4>, 215 [f) MYB £ Hh A5 135 4~ MYB Kk TF £ K L J¢ 80
A~ MYB-related X Jk TF #£ [, R2R3-MYB TF £[H A 129 /4, 5 MYB K% 95.56%

B MRS E . A MYB R B HLIE H 150 MERVIZE, F& 65 4
PERMR . AL A BELIZE H 700 MEARIZR, BEHLILH 300 MEFMNK. 1XFE,
WZREE3E 850 MFEAR, £04E 150 A MYB 2 WlASE 3L 365 MEA, 4% 65 1~ MYB
B R, HAEEE, A LRENS I B AN B BRI RE I, A N AR R
ANYERE F AT LRI, 2 s 20 I 25 WSSO B R ) 5 SR R OGS — 2D 1]

BTN N e W SREHR L 21 N8, AFE 20 ANE R A EL L) 1
AN MYB TF R1851. LUAT 20 FUFE SN, e —FIE s )Ilgk DNN, 2
BT Ui . IR RS, B A& O DU & RS, SR A B
FRicH SMAE R —4E5IBER, BIVRIEHRRE (Confusion matrix) (K 1) » MFRHATLL
|, DNN & H#HERIZ (Accuracy) N 847/850=99.6%, KUIMLMLEIE RUT.
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# 12 [5)= DNN B4 0.01 251 T 7£ 850 /> 20 Fhad BRI 258808 H Il & 45 31
Tab.1 Fitting results of the double-hidden-layer DNN on the 850-sample training data of the
frequency of 20 kinds of amino acid with a threshold of 0.01

DNN 8L & 45 3

AITFDB 718
0 (Not_MYB) 1 (MYB)
Not_ MYB 700 0
MYB 3 147

FeE N ZRIF (AP 2 IR 28 HEAT 0 o A A\ B8 2 IR AR 365 MFEASHY) 20 M 2L
AL, TSR NER 2. RPEE SR EHMEZR (True Positive Rate, TPR) A
49/65=75.4%, fEFHTEZ (False Positive Rate, FPR) >4 5/300=0.0167<0.05. %%
22 HA E R AR A\ ZERE R MYB HHE MYB B H T4,

% 2 2 )7 DNN BME M 0.01 164 T 1E 365 4~ 20 Fha B BB i RE A= b 1) i) 45
R

Tab.2 Predictions of the double-hidden-layer DNN on the 365-sample test data comprised of
the frequency of 20 kinds of amino acid with a threshold of 0.01

DNN Fiill 25 2%

AtTFDB 718
0 (Not_MYB) 1 (MYB)
Not_ MYB 295 5
MYB 16 49

2.2 fd I FLBRFRFEATAE 9 DNN [\
5 F B gl perl FEFGeitJa KL, ARSTT TF R T 41 33,885 Fift FLEK R H:
AT B i (1) =P SCRLR, KSCRL A1 GRTDN., i HX 7 A% =1 1 400 b TLIEFR L (47
KOG 10~156) , FH PCA Jiikilbar TRE4E (B 2) , RILAT 18 A>3 A RFEAR (R
CEPE B 17 Z TR 2 A 85.19%. 4 I8 3 il /e B 22 TR 2 2 F>85% 1) it
W[22], $2HL T AT 18 A A s AE y DNN SN FIRFAE [l & o {35 B 9% perl T2 FEHUNRE
It 48,359 ™ 1 gAY L [K] 1) f =y 400 Fh TLIBC B B 4H B 48,359 x 400 [WAERE, SR 5t
PCA JRHEI & (400 x 18) %46k 48,359 x 18 [1)4H [ .

55



t
) L
0.00-

0 oo

K2 WETT 215 > MYB #7217 51 o 400 A e SRS T IR B Ak ) 2 B 70 70
v
Fig.2 A scree plot of top 400 penta residues on the amino acid sequence of 215 MYB TFs in

200
Fagtor Number

Arabidopsis thaliana

RIS, Jrikin E—3TFrk . BT & ME g, 4
Fyndt 19 MR, B 18 M EHKS LKL L AESZE MYB TF Asid . IR R G
DNN & MEE Rk 3, HEMZA 100%. XK ALK 18 A Ao 1RG4 142
1 MYB #M4E MYB & H 75 HHFE, T DNN 23] 7 XA X .

7 32 F2)Z DNN BIE M 0.01 (414 T 7E 850 A FLIBRFRIE E B I R 5 1 il 45
Tab.3 Fitting results of the double-hidden-layer DNN on the 850-sample training data comprised
of the frequency of penta residuals with a threshold of 0.01

DNN #1545 %

AtTFDB 718
0 (Not_MYB) 1 (MYB)
Not_MYB 700 0
MYB 0 150

A N ZRIF AR 2 I 2 B AT T o g A 308 A2 k4 365 MR LRI AL 18
ATy, TEE R ILEE 4. TPR N 98.46%, fEBHPER N 0. XKW EHEIZ ) DNN
HATIRG iz ALRe J1, AT — 5 (O gt 20 SEE 1) 1 5 B S BE
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7 4 2 3= DNN BI{E N 0.01 [ 2648 N AE 365 AN FLIPEHR I 32 520 R AR b 1 Fil 25
Tab.4 Predictions of the double-hidden-layer DNN on the 365-sample test data comprised of
the frequency of penta residuals with a threshold of 0.01

DNN i &% 5

AtTFDB %

0 (Not_MYB) 1 (MYB)
Not MYB 300 0
MYB 1 64

2.3 WMNEEAH H 5 £ 4 HMMER Tl

AT A T DNN FH ) 365 2% 22 781 (136 65 MYB F43[K 11 300 BEAL Pk
MRS ST R A gmig L) L3 EMBL-EBI () HMMER 458 IR 45 25 [2713E4T 1 V5
R, 25, ARG ZEAFFINRELE (top hit) FI AtTFDB (R HI1E TR
EHFE (R 5) o 4iRER, HMMER FINZE R TPR 4 98.64% (65 1> MYB #4554
TG T 644, RIATERy 0.01. BfAKE, 651 MYB HxH T4 HMMER %
& AT4G17780.1 & FBA_3, Jy F-box associated domain, DNN il it 4857 & XA .
HMMER % & 1) 4 AR FH ¥ & AT4G02550.4, AT1G09710.4, AT5G17300.1 A
AT3G10113.1, 7E AtTFDB M5 2 45 5374 no result.

2 5365 MIMlAFEALE HMMER W25 I 45 2% £ 28 500 1) 45
Tab. 5 Predictions of the HMMER webserver on the 365-sample test set
HMMER Tiijlj 2% 5

AtTFDB 73 %%
0 (Not_MYB) 1 (MYB)
Not MYB 286 4
MYB 1 64
3 it

3.1 ANN NNi&EH T B & 4440 N8 in) @8R g
TEFMICPNET T 2 2 K H R A w3 R 2 5 2 MYB TF 5, H 20 MR IEFRIEU)I 25
LWL, RATRAIRH TS ES 5 MEIer) )2 N TAZ M 2% Cartificial neural
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network, ANN) JEATUIZE, BRECKHA R BAF nnet £5[28]1) nnet() ek %k, & IL4DL & 23k 1
HERRIRAC (1.88%) , 150 > MYB TF XBUEFME 1 11 4. REIZREF A2 M 45 1
TR, KILTPR 4 20.0%, fERBHEZR 0.97, KT 0.05 fbnitk. BJSRATRHZ
TCHIBCETARER] 10 4, WERFERT (L.76%) . SEUXFESERMIRR RS —. H
—, nnet K 12 AT A 48 G T BP Bk, REZEMHEHZERAE R, Mk
1I4EJG K neuralnet &2 57 (IXUFRZE 42 I 48 BRAR B R TR AP 4%, (HRA T BP &
P REBUR R EBAR B, REHRER G — 2R REAEE, A E fe 68 1
B SR . H T, nnet BEBE ERINIGT Iris ZUHE AR [20] 1 =R AEHEIT 20 RSB (R 6),
ATREZFMANBOAE B (R 4 N8, mEAIMHmAE 20 MeE. mH, $2
T 2% W BE R 26 PETT 4> (linearly separable) [a] i, IX J2& R g B 2 20 X 4% S — il
2R 7 N A3 TR A Y [30] o X2 B R IR 2% 1) Jmy BRAE T 22 J22 e 22 X 24 T T
PATEIRIX — pio B2 22 i 2 S ) T SR Il LD SR A, T 2 JE P I 2 Y 1K
FER R PR E[30]. Iris ZidE4EH Setosa EA19E Setosa JSi& 2k 4R 431, T Versicolor F1
Virginica 2 W2 A ZHE M (E 3) , XTI nnet B84 IE #f X 7 Setosa &
(TPR=25/25=100%) , TfijfE[X 4> Versicolor A1 Virginica I |4 2 MR (£ 6)

Petal Width vs Petal Length

-05

Kl 3 MM (Convex Hull) [3LJAEEE Iris £ 45 1 = Fh A7 A& 75 2o P ] 43
Fig.3 The use of convex hull[31] to check whether the 3 species flowers are linearly

separable
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% 6 ANN 7 Iris Hfls 5 AU 4 M E CER KT, fEMHC ) #hA7 F ry 45 R
Tab.6 Predictions of ANN on Iris dataset using 4 variables (sepal length and width, petal
length and width)

ANN T &5 5

it A
1 (versicolor) 2 (setosa) 3 (virginica)
versicolor 23 0 2
setosa 0 25 0
virginica 0 0 25

3.2 i} 2~5 [2JZ DNN fEH s K17 ) in) @l _E i) TPR Jo i &2 57

BP #4145 0 2% 7E M YA e M A QR 3l ) 1 AL 3407 S IR [32] . EL AT, BP #1£E
KON T TF S5EM T, AMTESIHF R T W2 IRHRTN TF 45 &6 s 505
AEAL:, (BIEEIRZ 50 7 E i R 5 [32]. AWK T RAMIRE], Hilin
DNA-Z R IR, A2 BE AR P AR M AR AL i i R el 2 — . BP R 4% &2
BATAFAE A HE LA R 1) ] 2 3 DA 52 B 5 )2 1 A= [33] . 7E BP A& A% 5
Hob, BREEHELHPIEFEENSH, EIREX BP ML MR mR K.
HATHES IR A7 AE —Fh R 3 i T 00 Be & B B I 773, B I R AT A 4
T MR 256 LA B 2 IS 90 BEAT I 72 [34] - K& R AL, 2% i RE SR HRLA
FH UL 1ol RIS B R D 8 E K2, A ISR F], B354 80 I i
HARZEAR—E ek, FHaEH Bl & (Overfitting) [W8. 177EE PRI ER S EH
2% AR [33]:

n1=M+a, )

Horbnl B8 ZH0E, n NN FITHEL m vl B oG a o 1-10 Z IR H A
TESEBRIA @, I8 R RS B A B B & BB T IR SR A LR, SRS E
MM AR RS & R AT E ZE8ER 2, 3, 4, 51 BP #H&E M %
(DNND , [FIEi#E I, W% DNN ZEfE AL FG I+ MY B %% 3% K - 1R il ) 12 e A1
P

W ZREE AT AL B K S A\ R 1 0 %ds , 7ERI{E v 0.01, 0.001 A1 0.0001 5%
PR, RAIIGE ANN. BEEEN 2, 3,4, 5 1) DNN 7EMHRAE_E N TPR i
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4, M {E N 0.0001 B, 5[5 E ) DNN il TPR F+& (M 75.38% 1 F+31] 87.69%)
Tl TPR A4 R (87.69%) .

threshold [ 00001 [l 0.0

ot [l 001

75-

50-
o
&
[

25+

i 3 d i 5

3
hidden_layer

Kl 4 718 0.01,0.001 #10.0001 T, AFEFSZEER DNN (F3Z5E00 119 ANND
FERTT MYB et R0l R ERIERTER (TPR) ELAR
Fig.4 Comparison of TPR of DNNs with different number of hidden layers on MYB TF
recognition in Arabidopsis thaliana at the threshold of 0.01, 0.001 and 0.0001

DA Re J2 B AR B A O — 3 AT 7 2 e A R DL RR E R RN B R (p fE
<0.05) (7>, BMEMFRNAE, BiBAE R R 12 9 2 T TPR A
WA, AR SIE T ARH 26 T A TPR 8 AR 3 — S AR Z 5L
= TPR Z [ B I EL e, RILFEZE0CN 1 1) ANN 5823508 2, 3, 4,5 ) DNN Fll
TPR #RZEAF (pfH<0.05) (£ 8) , FRZEHCN 2,3,4,5 1) DNN Tl ) TPR &% H &
HER. ULEGRERYIZEHEAE 2~5 Z (A DNN 7EBI{E{EH 0.0001~0.01 ¥ ReH4f
MR B T MYB 5 81

R 71 REHEMBRENAEZR TPR AR 7 2 70 i 3%
Tab.7 The ANOVA table of the effect of the number of hidden layers and threshold on the

true positive rate

Df Sum Sq Mean Sq F value Pr(>F)
b= B 4 3404 851.1 47.24 0.0000132
B E 2 3 1.3 0.07 0.933
Residuals 8 144 18
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* 8 AN[EFEEHE AR EE 2 T TPR AT 9 LA t K e p B R
Tab.8 The p-value table of t-test for the true positive rate of neural networks with different

number of hidden layers

e
o= R
1 2 3 4
2 0.00000094
3 0.00000128 0.34
4 0.00000128 0.34 1
5 0.00000094 1 0.34 0.34

3.3 i Y TLIBRARHE AR A BE 4 1Y) S i A\ Hicdis (R ik

FEARTEFEH, FATE 20 Fha B BREUE v AN BEE ORI 1, A 1 Bk
BEPEUE VRANRRIE 2. AIXE, RITHRESE (223,45, BAERZ—DHIFRT
FERZ T ANN,  HEEHE DNN FI AT RHPEASD A7 (20 Fiva ik B M ol T R A A
HO VPN NERBAT T Z 0 b, RIUTR ERN W (p{H<0.05) (R 9, FRZEE
R ERAL G, I WA 20 Pl I UK A LIRS RS A T i A KR
DNN FHIMH R A7 R AR, A FIFSEECE ) DNN B PR R B 2 5. Y
E SRR BRI i N\ RE b 22 X 2% SE INHERR I X 0 R oT MYB 8%
KR MYB JE R, X5 AT g B2, B 20 RS RAE RS T MYB
FEs A7 PR ~F DNA 45 G 3k |15k 3k 2 18] HAT W S e X — 15 2

R 9 FREBEAMNTTIEPIA BN B Z BN 7 22 70 Hr ok
Tab.9 The ANOVA table of the effect of the number of hidden layers and method on the

positive rate

Df Sum Sq Mean Sq F value Pr(>F)

ISV 3 5.4 1.8 0.573 0.6705

J7i% 1 351.1 351.1 112.36 0.00179
Residuals 3 9.4 3.1

4 ZEip

AW FE A AE A B2 B A 2 N 2% CANN A1 DNND , RIS 1 1E (e
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SEMZE M A LI ZRARZEBIED DU T 2ok PR AL R A g 8 R ) = R 1R e 97 o
20 Fha IR AP A S FLIRAR SR RIS 70 A F 9 R R EAT 22 X 2 BRI ZR AT,
DU A E RO AL — €V A, DNN R TRINE RERR A2 s 10 TR B S A A\
UIIZ5 DNN, REWS 5.2 Hhfid s DNN R FUIAERG 2 . DA EZ5 R &7k, DNN e T MYB
B e PR IR ) TR AR A, B R N2 A RE A TN E B 5

Ak, BT ICHRART, DNN FEREASCR TSR IRTHR &, A BEREBLH e fe 7 i
VERE[2], P LABRATIAE RS M, 325 B8 K B 38 0 A T 2R i (1 A S i
AR, BATTRE LA B s P BN SR BRI P T BBR B R L BB 5o B PR B AT T B
BRAEE. ThZ S ] = RGR AR AT HE T DN (4% s PRl -1 0l 1) B0 B A 2 1 AR A
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RIS R BRI R M A T iR h R IP AN SR

VB Y2 AR MR Y
1. Wil &2y A s at 5ole, @il dut 310052310014,
2. WL LML K22 2G2285%, Wil HuN

WE: HE: BF7T = FOSUNCUE 40 B W R AR T OR3 Bod e af -8 v 4%
B (CIRNFIMLE . Trik: RAZLMVEHZE SD KR KW H 2k, 2h J5FH#EE
il 2 CIRI B2, 73 WA S8, 5 —2H : SR =55 &1 — B OUIK (504 100,
200mg kg™t ™, ig) AT FORUIRZE RCE A MR . B 4. —H UK
X443 i 2H 2R T A A 1 W AR TS, SR B IR R T AL R 1 B (AMIPK)
#1771 Compound C (Cc, 20mg kg™t d™, ip) , [ WEHHIFR] = F Ik flg v s
(3-MA, 200 mmol /L 2 uL/<, i.c.v) , Caspase-1 fiifil 5] Z-YVAD-FMK
(Z-YVAD, 8ug kg™ d?, i.c.v) 7> 5 FHEK AMPK i . Qﬂﬁnéﬂﬂﬂ’@/ﬁt,
25— FR TR 3K 2 308 4% 0 i 52 3 PR 52 o 7|<FH Zea-Longa PEF M L
Dhigg, KR E LI E A KFICZEN, TTC GettailiistisbiaRl, HE 4
0 %2 52 J51 i 20 20005 BE AR 4K, Western blot Il 52 52 47 i 26 21 AMPK .
p-AMPK. WUEMISE A 1 #4883 (LC3-1. LC3-1D) . &FM: AmaLE
H (p62) « 2 NE/MA NLRP3. Pro-caspase-1. -t 2 1% & H -1 (Caspase-1)
ZRIE. &FR:  BFERZHRIIHME CIRI KR4 T RE VP4 BRI,
WA 10855, INBESEARAR R/, X f & T IR SEE AR, X IR Ve 2
Jﬁﬂ}(ﬂ}&ﬁbﬁ BE S OE I AMPK JE B (AMPK Rk T+ &) FE WS
PE (LC3-11/LC3- 1 Ftimr, p62 [FRIEFFK) , AN Ce #ifl, R —
HOSOUNT BT & 5 W 14 v B AMPK BR A3 FH 3-MA BT FHMr — BRI 5] &
K B WEVE PER ARG 2 i AE . X AMPK RIA KA R, 1 H — F XSS
i B A YERER . CIRI R R R 3R 1A Caspase-1 #% Z-YVAD FHIr, —
HOUINS H Bt — 2 X AMER - 156 BH = 3 XONIGE o #0115 e /Mg
TR RINF AT G5 — FFOOUIION e afn P 3 i 4 45 B OR3P VE
HAE LS B FEEGE AMPK ERS, (Edb4n i B, @i | g2 Brin o4
RAA, > T 2R 5] ) NLRP3 28 5E /MATE L S 24 g5 1,
AT S e P R A 493 1S 21 DR R FH

e XU st EEEmSG; Y T
(25 RIS [ClbRARY] A (3045
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Mechanism research of metformin protecting brain tissue from
iIschemia-reperfusion injury by regulating autophagy and pyroptosis

YUAN Yu-ping 2, JIANG Xia *?, LIU Lu ?, CHEN Shu-huai %>, DENG
Zu-yue %", CHEN Xue-fang *

1. College of Pharmaceutical Science,Zhejiang University of Technology, Hangzhou 310014,
China
2. Zhejiang Institute for Food and Drug Control, Hangzhou 310052, China;)

Abstract: Objective: To study the mechanism of metformin protecting
brain tissue of cerebral ischemia-reperfusion injury (CIRI) by regulating
autophagy and pyroptosis. METHODS: The CIRI model was prepared by
perfusion of blood in the middle cerebral artery after 2 hours occlusion in SD
rats. Two groups of experiments were performed. The first group, Metformin
and blood glucose evaluation were performed using three doses of metformin
(50, 100, 200 kg™ d™, ig). In the second group of experiments, the effect of
metformin on autophagy and pyroptosis in brain tissue of rats with
ischemia-reperfusion injury. using adenosine-activated protein kinase (AMPK)
inhibitor Compound C (Cc, 20kg'd®, ip), autophagy inhibitor
trimethyladenine (3-MA, 200 mmol / L 2 uL, i.c.v), Caspase -1 inhibitor
Z-YVAD-FMK (Z-YVAD , 8 ug kg d* , i.c.v) blocked AMPK pathway,
autophagy and pyroptosis, respectively, to investigate the effects of metformin
on these pathways and brain damage. The Zea-Longa score was used to
evaluate the neurological function. The water maze test was used to examine
the memory of the rats. The infarct volume was detected by TTC staining. The
pathological changes of the damaged brain tissue were observed by HE staining.
Western blot was used to detect the expression of AMPK, p-AMPK, LC3-I,
LC3-1l, p62, NLRP3P, Pro-caspase-1, Caspase-1 of damaged brain tissue.
Results: Each dose of metformin reduced the neurological function score in
CIRI rats, improved memory, decreased cerebral infarction volume, decreased

neuronal necrosis, and no effect on blood glucose. Pretreatment metformin
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significantly activated AMPK pathway (increased AMPK expression) and
autophagy activity (increased LC3-11/LC3-I, decreased expression of p62) in
the rats brain, the effect was inhibited by Cc, It showed that metformin elevated
autophagy activity by AMPK. 3-MA blocked the autophagic activity and brain
damage alleviation induced by metformin , but no effect on the expression of
AMPK, this indicated that metformin exerted protective effects through
autophagy. The expression of Caspase-1, which are highly expressed in CIRI
rats, was blocked by Z-YVAD, and this effect was further added by metformin.
It is indicated that metformin inhibits cell death by inhibiting the expression of
inflammasome. Conclusion: Metformin has protective effect on cerebral
ischemia-reperfusion injury. its mechanism includes activation of the AMPK
pathway, promotion of autophagy, removal of damaged mitochondria by
autophagy, reduced pyroptosis caused by NLRP3 inflammasome which was
activated by damaged mitochondria, and  protection  against

iIschemia-reperfusion brain damage.

Keywords: Metformin; Ischemia/reperfusion injury; autophagy;

pyroptosis
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