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Editorial on the Research Topic 
Application of epigenomics data to improve human and livestock health


With rapid advancements in next-generation sequencing technology, an enormous amount of epigenomic sequencing data is generated and helps us identify the epigenomic biomarkers and interpret biological mechanisms underlying complex health traits in human and livestock.
In Chinese Yorkshire pigs, Wang et al. reported associations of meat quality traits with DNA methylation and identified several candidate genes associated with these traits, such as NCAM1, MED13, and TRIM37. Rodriguez-Casanova et al. identified the promoter hypermethylation of WNT1 in cfDNA as a potential noninvasive biomarker for luminal B breast cancer that supported the application of Infinium MethylationEpic array to identify new epigenetic noninvasive biomarkers in breast cancer.
Based on the combined RRBS DNA methylome and transcriptome, Huang et al. performed a genome-wide comparison of DNA methylation and gene expression in Clostridium perfringens (Cp) type C-infected resistant and susceptible piglets. Such integrative analysis identified 168, 198, and 7 mRNAs, showing inverse correlations between methylation and expression with Cp infection, and revealed that the differentially expressed (DE) genes LBP, TBX21, and LCN2 were likely involved in the piglets against Cp infection.
As microRNA (miRNA) plays a key role in gene regulation, Li et al. found that miR-208b expression increased in C2C12 cells but Mettl8 expression decreased significantly, while Myh4 expression decreased and Myh7 expression increased. Zou et al. identified the common targets and the transcript levels of miR-223-3p, miR-122-5p, and miR-93-5p in polycystic ovarian syndrome (PCOS) rat ovaries.
For circulating miRNAs, miR-1-3p participates in myocardial apoptosis, and its upregulation in circulation is a direct and powerful indicator of fetal ventricular septal defect (Yang Y. et al.). Ma et al. reported the expression of circular RNA (circRNA) circ_0059706 in de novo acute myeloid leukemia and its association with prognosis. In animals, circRNAs may interact with miRNAs to further regulate mRNA to regulate sperm motility in Yili geese, including 20 circRNAs, 18 miRNAs, and 177 mRNAs targeting ppy-mir-16, hsa-mir-221-3p, gga-mir-499-5p, etc (Wu et al.).
The long non-coding RNAs (lncRNAs) are engaged in vital biological regulatory processes. Jiang et al. established a prognostic risk model with 10 lncRNAs and obtained a good predictive accuracy for overall survival of breast cancer individuals in both training and validation cohorts. In cows, Yang J. et al. detected 287 DE genes and 70 DE lncRNAs, where lncRNAs adjacent to the somatic cells count and somatic cell score QTLs influenced the mastitis pathogenesis by upregulating the expression of TLR4, NOD2, CXCL8, and OAS2 genes.
As a dynamic and reversible RNA modification, N6-methyladenine (m6A) is involved in a wide range of biological and pathological processes. Gu et al. identified three different m6A sub-types including 27 samples in sub-type C1, 21 samples in sub-type C2, and 58 samples in sub-type C3. Li et al. identified 1,565 upregulated and 542 downregulated m6A methylation peaks with significant changes.
Histone post-translational modification is an essential epigenetic process controlling a variety of biological activities. Xie et al. hypothesized that lactylation of histones or non-histone appeared to engage in various biochemical processes to influence the biological reactions of the organism, when lactate reaches a specific level under a certain circumstance.
In summary, our Research Topic gathers the findings of identified epigenetic biomarkers (methylated genes, miRNAs, circRNAs, lncRNAs, and m6A) and reveals biological mechanisms using epigenomics data that could be used for further relevant studies.
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Skeletal muscle, the main source of animal meat products, contains muscle fiber as a key unit. It is well known that transformation takes place between different types of muscle fibers, however, the conversion mechanism is not clear. In a previous study, our lab has demonstrated that there is a decrease in type I muscle fibers and an increase in type IIB muscle fibers in skeletal muscle of myostatin gene-edited Meishan pigs. Very interestingly, we observed the down regulation of miR-208b expression and an increase in expression the predicted target gene Mettl8 (Methyltransferase like 8) in skeletal muscle of MSTN gene-edited Meishan pigs. These results reveal that there is a potential connection between the conversion of skeletal muscle fiber types and miR-208b and Mettl8 expression. In this study, we first explored the expression patterns of miR-208b and Mettl8 in skeletal muscle in Meishan pigs; and then C2C12 cells were used to simulate the development and maturation of muscle fibers. Our results indicated that Myh4 expression level decreased and Myh7 expression level increased following overexpression of miR-208b in C2C12 cells. We therefore speculate that miR-208b can promote the conversion of fast-twitch fibers to slow-twitch fibers. The targeting relationship between Mettl8 and miR-208b was confirmed by results obtained using dual luciferase assay, RT-qPCR, and WB analysis. Following the transfection of Mettl8 siRNA into C2C12 cells, we observed that Mettl8 expression decreased significantly while Myh7 expression increased and Myh4 expression decreased, indicating that Mettl8 promotes the conversion of slow muscle fibers to fast muscle fibers. Additionally, changes in skeletal muscle fiber types are observed in those mice where miR-208b and Mettl8 genes are knocked out. The miR-208b knockout inhibits the formation of slow muscle fibers, and the Mettl8 knockout inhibits the formation of fast muscle fibers. In conclusion, our research results show that miR-208b regulates the conversion of different muscle fiber types by inhibiting Mettl8 expression.
Keywords: skeletal muscle, muscle fiber type conversion, miR-208b, Mettl8, miRNA, myostatin
INTRODUCTION
Skeletal muscle accounts for 30–40% of body weight in mammals. It is the main source of meat products for meat-producing animals and also an important metabolic organ (Doran et al., 2009; Listrat et al., 2016; Abel, 2018). Skeletal muscle dysfunction is related to a variety of muscle diseases, such as sarcopenia, muscle hypertrophy, amyotrophic lateral sclerosis, and muscle atrophy in diabetic patients (Fontelonga et al., 2019; Garneau and Aguer, 2019; Deldicque, 2020). There are four types of skeletal muscle fibers: slow contraction oxidative metabolism type (I), fast contraction oxidative metabolism type (IIA), fast contraction glycolytic metabolism type (IIB), and fast contraction oxidative glycolysis facultative metabolism type (IIX). Different composition of muscle fiber types in skeletal muscle is a key factor that determines meat quality (Choi et al., 2007). For example, a high proportion of slow-oxidized muscle fibers improves meat tenderness, juiciness, and color (Lee et al., 2010).
Muscle-related genes such as myogenic regulatory factors (MRFs) and myostatin (MSTN) play important role in regulation of composition of different muscle fiber types. Hennebry et al. (Hennebry et al., 2009) demonstrated that loss of MSTN through gene knockout method resulted in an increase in type IIB muscle fibers and a decrease in type IIA and type I muscle fibers in mouse tibial anterior muscle. In recent years, non-coding RNAs have been shown to be involved in the regulation of muscle fiber transformation. Long-chain non-coding RNAs lnc-Six1 (Tieland et al., 2018) and lnc-mg (Du et al., 2019) can be used as miRNA molecular sponges to indirectly affect the expression of related genes, thereby regulating the transformation between fast and slow muscle fibers. In addition, miRNAs also play a key role in the regulatory network of muscle fiber typing by regulating the expression of target genes.
Micro RNAs (miRNAs) are a class of highly conserved single-stranded, non-coding RNAs with a length of 21–24 base pairs (Bhat et al., 2016; Lu and Rothenberg, 2018). MiRNAs play their regulatory roles by directly degrading target genes or by inhibiting target gene translation. MiR-208b, a member of miR-208 family, is encoded by the introns of the β-cardiac myosin heavy chain protein gene Myh7 and is specifically expressed in myocardium and skeletal muscle (Van Rooij et al., 2008). Recent studies on miR-208b focus mainly on heart disease, but miR-208b’s specific mechanism of action to regulate skeletal muscle growth and development is still unclear. Additionally, Methyltransferase like 8 (Mettl8) is a member of the methyltransferase-like protein family (Badri et al., 2008; Tobi et al., 2018), which is mainly involved in cell differentiation, cell component formation, protein metabolism, and phylogenetic processes. Although Mettl8 is widely expressed, there is no report on the specific role of Mettl8 in skeletal muscle growth and development.
Our lab recently produced genetically engineered Meishan pigs containing a ZFN-edited myostatin loss-of-function MKO mutation (MSTN−/−) that led to the hypertrophy of skeletal muscles (Qian et al., 2015). Analysis of deep miRNA sequencing data from skeletal muscle predicated that the expression of miR-208b was down-regulated and expression of miR-208b’s target gene Mettl8 was up-regulated in MSTN−/− pigs (Xie et al., 2019; Li et al., 2020), implying that miR-208b and Mettl8 may play roles in skeletal muscle growth and development and regulating function of MSTN. We also measured the changes in the muscle fiber composition of the longissimus dorsi muscle in MSTN−/− Meishan pigs. Results indicated that type I fibers were reduced while type IIB fibers increased (Qian et al., 2015), suggesting that the changes in skeletal muscle fiber types in Meishan pigs induced by MSTN knockout may be related to miR-208b and its target gene Mettl8. Therefore, in this study, we first analyzed the expression patterns of miR-208b and Mettl8 in Meishan pigs, and then analyzed the effect of miR-208b on MyHC gene expression during the differentiation process of C2C12 cells by either overexpressing or inhibiting miR-208b. Bioinformatics analysis methods, dual luciferase reporter assay system and RNA interference experiment were used to predict and verify the target gene Mettl8 of miR-208b, and initially explore the effect of Mettl8 on the skeletal muscle fiber transformation process. Finally, we generated miR-208b and Mettl8 gene knockout mice to further analyze its function in the process of skeletal muscle fiber transformation in mice. Our research on the law of muscle fiber transformation may provide a new direction for the selection of excellent varieties and the treatment of skeletal muscle diseases.
MATERIALS AND METHODS
Animals
Both MKO (MSTN−/−) and MWT (MSTN wild type, MSTN+/+) Meishan pigs were produced using zinc finger nucleases (ZFN) and somatic cell nucleus transfer (SCNT) techniques (Qian et al., 2015). All pigs were maintained in Qingdao animal facility, fed with the same standard diet, and raised under the same conditions. 65 days of embryo development, 4-month old, 8-month-old, 16-month-old male pigs were used in this study. The gene-edited C57BL/6 mice were prepared by the Institute of Zoology, Chinese Academy of Sciences using CRISPR/Cas9 technology and microinjection technology. All experimental mice were 8 weeks old and weighed about 22 g. All samples were quickly collected after the animals were euthanized. The tissues used to extract total RNA or protein were quickly frozen in liquid nitrogen, and the tissues used for paraffin sections were immersed in 4% tissue fixative.
Cell Culture and Transfection
The HEK293T cells used for dual luciferase reporter assay were preserved by our laboratory. C2C12 myoblast cells were purchased from the Cell Resource Center in IBMS in CAMS/PUMC. The cells were cultured in growth medium consisting of Dulbecco’s modified Eagle’s medium (DMEM) supplemented with 10% FBS and 1% penicillin/streptomycin. Myogenic differentiation was induced by replacing differentiation medium (DMEM supplemented with 2% horse serum and 1% penicillin/streptomycin) when cell confluence reached 60–70%.
Transfection was performed with the Lipofectamine 2000 reagent (Invitrogen) combined with 50 nM miRNA mimics or corresponding control, 100 nM miRNA inhibitor or corresponding control, 50 nM Mettl8 siRNA or corresponding control when cell confluence reached 70–80%.
Plasmids Construction
The region of Mettl8 3′ UTR flanking the miR-208b binding site was amplified from mouse genomic DNA using PCR. The target sequence GGGAGCT (800–806 bp) was mutated to CCCTCGA using overlap PCR. Primers were showed in Supplementary Table S1. The PCR product was cloned into the vector downstream of the Renilla Luciferase open reading frame using the NotI and XhoI restriction sites. We obtained two pmiR-RB-REPORT vectors (RiboBio) with wide-type and mutant 3′ UTR of Mettl8.
Dual Luciferase Reporter Assay
HEK293T cells were co-transfected with 100 ng of the wide-type or mutant 3′UTR luciferase reporter and 50 nM of the miR-208b mimics or control duplexes using the Lipofectamine 2000 reagent (Invitrogen) in 48-well plates. After transfection for 48 h, cells were harvested by adding 300 μL of a passive lysis buffer. Renilla and firefly luciferase activities were measured with the Dual Luciferase Assay System (Promega, Madison, WI) in a TD-20/20 luminometer (Turner Biosystems, Sunnyvale, CA), and the Renilla luciferase signal was normalized to the firefly luciferase signal. The normalized Renilla luciferase activity was compared with the wild type, miR-208b, and the mutant using the Student’s t test (p < 0.05).
RNA Isolation and Quantitative Real-Time PCR
Total RNA was extracted from muscle samples by using TRIzol (Invitrogen) per manufacturer’s instructions. RNA quality was assessed by using the RNA Nano 6000 Assay Kit of the Bioanalyzer 2100 system (Agilent Technologies, CA, United States), agarose gel electrophoresis and NanoDrop (Thermo Fisher). Each sample (1 μg) was reverse transcribed into cDNA by using the RevertAidTM First Strand cDNA Synthesis Kit (Fermentas). Real-time PCR was performed in Quant Studio 3 system (Thermo Fisher ABI) using 10 pM of each specific primer (Supplementary Table S1) and SYBR Premix ExTagTM (Takara) according to the manufacturer’s protocols. The 2-ΔΔCt method was employed to calculate the relative expression levels of mRNAs (Livak and Schmittgen, 2001).
Immunoblotting
For protein extraction, 2 mL of lysis buffer [8 mol/L urea, 2% SDS, × 1 Protease Inhibitor Cocktail (Roche Ltd. Basel, Switzerland)] was added to each sample, followed by sonication on ice and centrifugation at 13,000 rpm for 10 min at 4°C. The supernatant was then transferred to a fresh tube. Total protein concentration was determined using a BCA Quantitative Test Kit (Beyotime). Each protein sample was loaded in equal amount and then separated by 10% or 12.5% SDS PAGE. Following transfer of protein from gel to nitrocellulose (NC) membrane and blocked with 5% skimmed milk for 2 h, immunoblotting was performed using standard method for the following proteins with corresponding detection antibodies: Mettl8 (Rabbit polyclonal antibody, Biorbyt), Myh4 (Monoclonal Antibody, Thermo Scientific), Myh7 (Rabbit polyclonal antibody, Santa Cruz), myosin light chain 9 (MYL9) (Rabbit polyclonal antibody, Abcam), beta-tublin (Rabbit polyclonal antibody, Cell Signaling Technology), beta-actin (Rabbit polyclonal antibody, Abcam). Beta-tublin and beta-actin were used as an internal reference in Western blot. Super Signal West Pico chemiluminescent substrate (Thermo Fisher Scientific) was used to develop color band. Image J software was used to analyze protein band density. Graphd Prism 8.0 software was used to make histograms using protein band density data.
Haematoxylin and Eosin (HE) Staining
The gastrocnemius (GAS) and soleus muscle (SOL) were dissected at the time when mice were euthanized, fixed in 4% paraformaldehyde, and embedded in paraffin. Muscle sections were stained with hematoxylin and eosin, and pictures were taken from four random fields at ×40 magnification. HE staining method are the same as previously described (Cai et al., 2017).
Statistical Analysis
The data of all experimental groups and control groups were statistically analyzed using the Analyze procedure in Graphd Prism 8.0 software. All data were expressed as average ±standard deviation. Unpaired t-test, multiple t-test (Multiple comparisons between two samples)or one-way variance test (comparison between multiple groups) was used to identify if there was differential expression. p < 0.05 is considered statistically significant.
RESULTS
Expression Patterns of miR-208b and Mettl8 in Meishan Pigs
We have found that Mettl8 and miR-208b were related to each other by multi-omics analysis of MSTN gene-edited Meishan pig skeletal muscle (Xie et al., 2019; Li et al., 2020). Sequencing results showed that compared with MSTN+/+ group, the expression level of miR-208b was significantly down-regulated while the expression level of Mettl8, was significantly up-regulated in MSTN−/− group (Xie et al., 2019; Li et al., 2020). In this study, the results of RT-qPCR and Western blot were consistent with previous sequencing results (Figures 1A,D). We tested miR-208b expression profiles during growth different stages and in different tissues in Meishan pigs (Figures 1B,C). The results showed that miR-208b had the highest expression in skeletal muscle on 65 days of embryo development but decreased post birth. It is speculated that miR-208b mainly plays a role in the embryonic stage of Meishan pigs. The expression level of miR-208b is the highest in the myocardium and skeletal muscle of Meishan pigs, indicating that miR-208b is a muscle-specific miRNA and plays its role mainly in the striated muscle of Meishan pigs. We also further tested Mettl8 expression profiles during growth different stages and in different tissues in Meishan pigs (Figures 1E,F). The results showed that Mettl8 expression level in the longissimus dorsi of Meishan pigs is higher on 65 days of embryo development in other growth periods. Although Mettl8 is widely expressed in a variety of tissues, its expression in myocardium and skeletal muscle is relatively low, indicating that it may play an opposite role when compared to miR-208b.
[image: Figure 1]FIGURE 1 | Expression pattern of miR-208b and Mettl8 in Meishan pigs. (A) Expression level of miR-208b in the longissimus dorsi from wild type (MSTN+/+) and MSTN−/- Meishan pigs on E65d. (B) Expression level of miR-208b in the longissimus dorsi from wild type (MSTN+/+) Meishan pigs at different ages. (C) Expression level of miR-208b in different tissues from wild type (MSTN+/+) Meishan pigs on E65d. (D) Expression level of Mettl8 protein in the longissimus dorsi muscle from wild type (MSTN+/+) and MSTN−/- Meishan pigs on E65d. (E) Expression level of Mettl8 protein in the longissimus dorsi muscle from wild type (MSTN+/+) at different ages. (F) Expression level of Mettl8 protein in different tissues from wild type (MSTN+/+) on E65. E65d means pigs on day 65 of embryonic development, 4, 8, 16 M indicate 4, 8, and16 months after birth, respectively. Statistical comparisons are performed using unpaired t-tests in (A,B) (The data of 4, 8 and 16 M are compared with the data of E65d, respectively), (E) (The data of 4, 8 and 16 M are compared with the data of E65d, respectively)and using ordinary one-way ANOVA in (C,F). **p < 0.01.
MiR-208b Promotes the Conversion of Fast Muscle Fibers to Slow Muscle Fibers During C2C12 Myogenic Differentiation
C2C12 cells were used as a model of myogenic differentiation to simulate the process of muscle fiber formation in vitro. Changes in expression levels of different muscle fiber marker genes MyHC and miR-208b during myogenic differentiation were monitored and detected (Figures 2A–E). To clarify the specific functions of miR-208b in the transformation of different types of muscle fibers, miR-208b mimics were transfected into C2C12 myoblasts (Figure 2F). After successfully overexpressing miR-208b, myogenic differentiation of C2C12 cells was induced and changes in the expression levels of different types of MyHC at the mRNA level were detected (Figures 3A–D). Results showed that after increasing the expression of miR-208b, the expression of the slow muscle marker gene Myh7 increased, while the expression of the fast muscle marker gene Myh4 decreased significantly. The expression of intermediate muscle fiber marker genes Myh1 and Myh2 also showed a decreasing trend. On the other hand, following the transfection with miR-208b inhibitors, the opposite results were obtained (Figures 3F–J), further indicating that miR-208b can regulate the conversion of fast-twitch fibers to slow-twitch fibers. At the same time, we also observed changes in protein expression of Myh4, Myh7, and MYL9 which is enriched in fast-twitch fibers. The results showed that the expression of Myh4 protein decreased significantly, while the expression of Myh7 protein increased significantly, which is consistent with the transcription level results (Figure 3E). The expression level of MYL9 was significantly reduced (Figure 3E), indicating that the overexpression of miR-208b may affect the expression of genes related to fast-twitch fiber formation.
[image: Figure 2]FIGURE 2 | The expression patterns of MyHC and miR-208b during of C2C12 cell myogenic differentiation. (A–E): Expression levels of Myh1 (A), Myh2 (B), Myh4 (C), Myh7 (D), and miR-208b (E) during C2C12 myogenic differentiation on days 0, 2, 4, and 6. (F) Relative expression level of miR-208b during C2C12 myogenic differentiation on days 0, 2, and 4 post transfections with miR-208b mimics and control vectors, respectively. Statistical comparisons are performed using ordinary one-way ANOVA in (A–E) and using multiple t-tests in (F).
[image: Figure 3]FIGURE 3 | Effect of miR-208b on MyHC gene expression during myogenic differentiation. (A–D): relative mRNA expression levels of Myh1 (A), Myh2 (B), Myh4 (C), and Myh7 (D) in C2C12 cells overexpressing miR-208b on days 0, 2, 4 of myogenic differentiation. (E) protein expression levels of Myh4, Myh7, MYL9 post 4 days of miR-208b over-expression during C2C12 myogenic differentiation. miR-208b represents the transfection of miR-208b mimics to achieve the effect of over-expression of miR-208b. (F) Relative expression level of MyHC after transfection of 100 nM miR-208b inhibitor and control on days 0, 2, 4 during differentiation. (G–J) respectively indicate relative expression levels of Myh1 (G), Myh2 (H), Myh4 (I), and Myh7 (J) on 0, 2, and 4 days of C2C12 myogenic differentiation after miR-208b expression is inhibited. Statistical comparisons are performed using multiple t-tests.*p < 0.05.
MiR-208b Inhibits Expression of Target Gene Mettl8 by Binding to 3′UTR
We used RNAhybird (Rehmsmeier et al., 2004) to predict the binding site of miR-208b in the target gene Mettl8 (Figure 4A). To verify the targeting relationship between miR-208b and Mettl8, miR-208b mimics and luciferase vectors were co-transfected in HEK293T cells. The luciferase vectors contained wild type Mettl8 3′UTR sequence or sequence with a point mutation at binding site. We observed that compared with negative control, the luciferase activity of the cells co-transfected with miR-208b and Mettl8 3′UTR sequence was significantly decreased (Figure 4B), while the luciferase activity in the cells transfected with mutant sequence did not change significantly (Figure 4B), indicating that miR-208b can target to bind Mettl8 and inhibit its expression. We then further explored the effect of overexpressing miR-208b on mRNA level and the protein level of Mettl8 in C2C12 cells. RT-qPCR results showed that after overexpression of miR-208b, the expression of Mettl8 mRNA level in C2C12 cells was not significantly reduced [(Figure 4C), but the protein level was significantly reduced (Figures 4D,E)], indicating that miR-208b targeted to Mettl8 3′UTR sequence by incomplete complementary pairing to inhibit its protein translation process.
[image: Figure 4]FIGURE 4 | Verification of the targeting relationship between miR-208b and Mettl8. (A) The binding site of miR-208b and Mettl8 3′UTR sequence. (B) Results of dual luciferase reporter assay. Mettl8-Luc: wild-type plasmid; Mett18-Luc-Mut: Mettl8 mutant plasmid. The ordinate is the relative luciferase activity (renilla luciferase activity/firefly luciferase activity). MiR-208b represents C2C12 cells transfected with miR-208b mimics to achieve the effect of miR-208b over-expression. (C) Changes in Mettl8 mRNA expression level after miR-208b overexpression in C2C12 cells during myogenic differentiation. (D) Western blot results of Mettl8 protein after miR-208b overexpression. (E) Relative expression level of Mettl8 protein calculated using Image J software. Statistical comparisons are performed using multiple t-tests in (B–C) and using unpaired t-tests in (E). **p < 0.01.
Mettl8 Promotes the Conversion of Slow Muscle Fibers to Fast Muscle Fibers in the Process of C2C12 Myogenic Differentiation
Once the targeting relationship between miR-208b and Mettl8 was determined, we then monitored the expression pattern of Mettl8 during myogenic differentiation (Figure 5A). To further explore the effect of Mettl8 on muscle fiber transformation, RNAi technology was used to knock down the expression of C2C12 endogenous Mettl8 protein (Figures 5B,C), followed by using RT-qPCR to analyze the expression of different types of muscle fiber type marker genes MyHC. The test results showed (Figures 5D–G) that after down regulated Mettl8 expression, Myh4 expression was significantly down-regulated on the second day of differentiation, Myh7 expression was significantly up-regulated on 2–4 days of differentiation. Although Myh1 and Myh2 were downregulated within 4 days of differentiation. To further confirm the translation level, Western blot was used to detect the protein expression of Myh4, Myh7 and MYL9 in the cells on the 4th day of differentiation. The results showed (Figure 5H) that the expression level of Myh4 and MYL9 was significantly reduced while expression level of Myh7 increased significantly following the inhibition of Mettl8 protein expression. These results are consistent with those obtained with transfection of miR-208b mimics and further demonstrated that Mettl8 promoted the conversion of slow muscle fibers to fast muscle fibers during the process of C2C12 myogenic differentiation.
[image: Figure 5]FIGURE 5 | The effect of knocking down Mettl8 on MyHC expression in C2C12 cells during myogenic differentiation. (A) The expression of Mettl8 in the process of myogenic differentiation of C2C12 cells. (B) The change of Mettl8 protein expression level after transfection of siRNA, NC represents negative control, si-1, si-2, and si-3 represent the three designed Mettl8 interfering RNA. (C) Changes in Mettl8 mRNA expression after transfection of siRNA. (D–G): Expression levels of Myh1 (D), Myh2 (E), Myh4 (F), and Myh7 (G) in the endogenously Mettl8 knockdown C2C12 cells during the myogenic differentiation on days 0, 2, 4. (H) Protein expression levels of Mettl8, Myh4, Myh7, MYL9 in the endogenously Mettl8 knockdown C2C12 cells. si-Mettl8: C2C12 cells transfected with 50 nM Mettl8 interfering RNA to reduce the expression of endogenous Mettl8. Statistical comparisons are performed using ordinary one-way ANOVA in (A) and using multiple t-tests in (D–G). *p < 0.05; **p < 0.01.
Effect of MiR-208b and Mettl8 on the Transformation of Different Types of Muscle Fibers in Mouse Skeletal Muscle
To further explore the functions of miR-208b and Mettl8 in vivo, we produced miR-208b and Mettl8 gene knockout mice using CRISPR/Cas9 technology to examine if miR-208b and Mettl8 gene knockout has any effect on muscle fiber morphology. We isolated gastrocnemius and soleus muscles from 8-week-old knockout mice and wild-type mice and performed HE staining. It was observed that, compared with wild type mice, gastrocnemius muscle fibers became larger in miR-208b knockout mice (Figure 6A). On the other hand, there was no significant changes in soleus muscle, which contained more slow muscle fibers (Figure 6A). Compared with wild-type mice, muscle fibers in gastrocnemius muscle of Mettl8 gene knockout mice became smaller, indicating that the muscle fibers may be transformed into thinner and longer slow muscle fibers (Figure 6B). Like observed in miR-208b knockout mice, there is no significant changes in muscle fibers of soleus muscle in Mettl8 knockout mice (Figure 6B).
[image: Figure 6]FIGURE 6 | Transformation of different skeletal muscle fiber types in miR-208b and Mettl8 knockout mice. (A) HE staining (40×) of skeletal muscle from miR-208b knockout mice and wild-type mice. (B) HE staining (40×) of skeletal muscle from Mettl8 knockout mice and wild-type mice. (C–E): Expression levels of Mettl8 and MyHC in GAS (C), TA (D), and QUA (E) of miR-208b knockout mice and wild-type mice, respectively. (F–H): Expression levels of Mettl8 and MyHC in GAS (F) TA (G) and QUA (H) of Mettl8 knockout mice and wild-type mice, respectively. WT: wild-type mice; miR-208b-KO: miR-208b gene knockout mice; Mettl8-KO: Mettl8 gene knockout mice; GAS: gastrocnemius muscle; SOL: soleus muscle; QUA: quadriceps muscle. Statistical comparisons are performed using multiple t-tests. *p < 0.05; **p < 0.01.
We also used RT-qPCR to determine the expression levels of different muscle fiber marker genes MyHC in mouse skeletal muscle. The results showed (Figures 6C–E) that, compared with wild-type mice, the expression level of Myh7 in GAS, TA, and QUA decreased significantly. On the other hand, the expression level of the target gene Mettl8 increased in all three skeletal muscles, being significantly up-regulated in GAS. The expression of Myh1 increased in all three skeletal muscles, reaching to significant level in TA and QUA. The expression of Myh2 decreased in GAS and TA muscle but increased in QUA muscle, reaching a significant decrease level in TA. Myh4 expression increased in all three skeletal muscles, but its change is significant in GAS. Compared with wild-type mice, the expression levels of Myh7 in GAS, TA and QUA increased significantly in Mettl8 gene knockout mice. The expression level of Myh1 in these three skeletal muscles from Mettl8 gene knockout mice decreased, but the decrease was not significant. The expression level of Myh2 increased in these three skeletal muscles from Mettl8 gene knockout mice, and the increase reached a significant level in QUA. The expression level of Myh4 was down-regulated in these three skeletal muscles from Mettl8 gene knockout mice, with significant changes in GAS (Figures 6F–H). The above experimental results prove that miR-208b and Mettl8 play the opposite effect in the conversion of fast and slow muscle fibers following their gene knocking out, but the degree of their influence is slightly different in different types of skeletal muscles, likely due to the different composition ratios of different types of skeletal muscles.
DISCUSSION
MiRNA is a short single-stranded RNA that does not encode protein. It has the function of regulating targeted gene expression at the translation level or transcription level. (Filipowicz, 2005; Pu et al., 2019). With the advancement of high-throughput sequencing technology, more and more miRNAs have been identified to be involved in regulating a variety of biological processes, including skeletal muscle growth and development (O’rourke et al., 2007). MA et al. extracted RNAs from skeletal muscles such as peroneus longus, longissimus dorsi, and psoas major in pigs, and identified different types of differential miRNAs from different types of muscles through transcriptome sequencing (Ma et al., 2015). They speculated that miRNAs may be involved in the regulation of muscle fiber type transformation. Liu et al. observed that an individual knockout of miR-133a-1 or miR-133a-2 did not significantly affect the growth and development of mouse muscles, but simultaneous knockout of both miR-133a-1 and miR-133a-2 led to disease of fast-twitch fibers, mitochondrial damage, and the conversion of fast and slow-twitch fibers (Liu et al., 2008). Wang et al. noticed that the expression of miR-499 in the pig’s extensor toe and soleus muscle was negatively correlated with the expression of the key transcription factor Sox6 (SRY-box transcription factor 6) of fast-contracting muscle fibers (Wang et al., 2017). After overexpression of miR-499 in porcine muscle satellite cells, the expression of MyHC I and MyHC IIA mRNA increased. MSTN is a negative regulator of skeletal muscle growth and development. It is involved in complex cellular signaling pathways and inhibits myogenesis by regulating the expression of target genes and other molecular mechanisms (Cai et al., 2017), but the underlying molecular mechanism of MSTN functions has is still not fully understood yet. Our previous studies showed that the expression level of miR-208b decreased significantly in MKO Meishan pigs, indicating that miR-208b may be involved in regulating skeletal muscle growth and development. Our current study further confirmed the reliability of the previous miRNA sequencing results through molecular and biological experiments. Our results demonstrated that the expression level of miR-208b in the skeletal muscle of MKO Meishan pigs was significantly down-regulated, indicating that miR-208b is involved in the regulation of skeletal muscle growth and development. The proportion of slow-twitch fibers was higher on 65 days of embryonic development than post birth in pigs. Our results showed that miR-208b is highly expressed on 65 days of embryonic development, which suggested that miR-208b was involved in the formation of slow-twitch muscle fibers. We speculate that MSTN may act as an upstream regulator that affects the processing of miR-208b precursor sequence or the transcription of its coding sequence, which is different from the results of MSTN as a downstream target gene of miRNA reported in a previous report (Callis et al., 2009). Our results may provide a new insight to study the mechanism of MSTN action in skeletal muscle growth and development.
C2C12 myoblasts are often used as an in vitro model to study of skeletal muscle growth and development. Many previous studies have demonstrated that some regulatory factors, including miRNA, can affect the expression of different muscle fiber type marker genes during C2C12 cell myogenic differentiation. Xu et al. showed that, during the process of C2C12 myogenic differentiation, overexpression of miR-139-5p can down-regulate MyHC I and MyHC IIA by inhibiting the expression of CaN, NFATc1, MEF2C, and MCIP1.4 in the CaN/NFAT signaling pathway. On the other hand, inhibition of miR-139-5p expression led to the opposite result (Xu et al., 2018). Cheng et al. observed that miR-204-5p can significantly reduce the ratio of slow muscle fiber genes in myoblasts by targeting MEF2C and ERRγ with overexpressing or inhibiting the expression of miR-204-5p in C2C12 cells post induction of myogenic differentiation (Cheng et al., 2018). In our study, liposome transfection was used to transfect miR-208b mimics and inhibitors in C2C12 myoblasts and our results confirmed that miR-208b has an effect on the expression of different muscle fiber marker genes at mRNA and protein levels during the process of myogenic differentiation. In summary, our study indicates miR-208b can regulate the transformation of fast and slow muscle fibers.
The analysis of preliminary screening sequence and bioinformatical method along with results from dual luciferase experiment confirmed that Mettl8 is a target gene of miR-208. Mettl8 is a member of the methyltransferase-like protein family and is also a tension-inducing or inhibiting protein (TIP). Mettl8, as a TIP protein, has three subtypes, Tip1, Tip2, Tip3. And these three subtypes contain nucleic acid receptor co-regulators, histone acetyltransferase, and sequence characteristics of the chromatin remodeling factor of histone deacetylase (Heery et al., 1997; Boyer et al., 2002). Previous studies demonstrated that Tip1 and Tip3 are extremely sensitive to the tension of smooth muscle. Under tension, Tip1 promotes myogenic differentiation fate, and under the influence of tension inhibition, Tip3 promotes adipogenic differentiation (Jakkaraju et al., 2005). To date, there has been no report that Mettl8 can participate in the regulation of skeletal muscle growth and development related processes. To verify the biological function of Mettl8 in muscle fiber typing, we used C2C12 cells as a model to explore the changes in Mettl8 expression during myogenic differentiation and found that its expression pattern is similar to Myh4 expression. Then we further conducted an interference experiment with Mettl8 and confirmed that Mettl8 can indeed affect the expression of fast and slow muscle marker genes at both the transcription and protein levels.
We successfully constructed miR-208b gene knockout mice and compared with wild-type mice. In terms of phenotype, there is no significant change in the morphology of muscle fibers of soleus muscle except the fact that the cross-section of single muscle cell of gastrocnemius muscle became larger. However, at the molecular level, there is a significant change in the expression levels of different muscle fiber marker genes MyHC in the skeletal muscle of knockout mice has changed significantly. With the advancement of miRNA research in muscles, it is clear that some miRNAs are found to be specifically expressed in muscles. The muscle specific miRNAs are called MyomiR, such as miR-206, miR-208b and miR-499 that are enriched in type I muscle fibers. Most knocked out MyomiRs in mice have little effect on the phenotype of skeletal muscle (Zhao et al., 2007; Boettger et al., 2014). For example, skeletal muscle-specific knockout of miR-206 did not result in an obvious change in phenotype as evidenced by no significant changes in body weight, soleus muscle weight, or the morphology of muscle fibers (Williams et al., 2009). Additionally, we also generated Mettl8 knockout mice and compared with wild-type mice. Again, there is no obvious change in phenotype except for the increase of gastrocnemius fiber area. At the molecular level, the pattern of change in MyHC expression is just the opposite of miR-208b knockout. This clearly shows that Mettl8 is the target gene of miR-208b and has the opposite effect on muscle fiber transformation compared to miR-208b. We observed that miR-208b regulates the conversion of muscle fibers to slow muscle by targeting and inhibiting Mettl8 while Mettl8 can in turn affect the host gene Myh7 encoding miR-208b, thus forming a regulatory network which is similar to the regulatory network of miR-499 and its target gene Sox6 in a previous study using a mouse model of skeletal muscle atrophy (Mccarthy et al., 2009). Of course, there may be many regulatory factors and signal pathways similar to MSTN involved in this network, and the specific mechanism needs to be investigated in depth in the future.
In this study, we used MTSN-edited Meishan pigs as research animals to successfully confirm the previous sequencing analysis results of miR-208b and Mettl8 and then analyzed expression profiles of miR-208b and Mettl8 in skeletal muscle from different tissues during embryonic development and post birth. Then we employed C2C12 myoblasts as a model to investigate the effect of overexpression or inhibition of miR-208b on the expression of different marker genes MyHC during the differentiation of myoblasts. Results with C2C12 myoblasts show that miR-208b can promote the production of slow muscle fibers. Use of bioinformatic analysis and dual luciferase experiments further verified the targeting relationship between miR-208b and Mettl8. Through the Mettl8 interference experiment in C2C12 cells, it was confirmed that Mettl8 can affect the differentiation of different marker genes MyHC during myoblast differentiation and its effect is just the opposite of miR-208b. Finally, the miR-208b and Mettl8 gene knockout mice were successfully generated and results from these knockout mice further demonstrated that miR-208b and Mettl8 play opposite roles in the transformation of fast and slow muscle fibers.
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Clostridium perfringens type C (Cp) is one of the principal microorganisms responsible for bacterial diarrhea in neonatal and pre-weaning piglets. To better understand the molecular effects of Cp infection, we performed a genome-wide comparison of the changes in DNA methylation and gene expression in Cp infected resistant and susceptible piglets. We characterized the pattern of changes in methylation and found 6485, 5968, and 6472 differentially methylated regions (DMRs) of piglets infected with Cp in IR vs. IC, IS vs. IC, and IS vs. IR groups, respectively. These methylation changes for genes mainly involved in immune and inflammatory responses, cell adhesion, and activation of transcription factors. Gene ontology and KEGG pathway analyses showed that the differentially methylated genes (DMGs) were associated with negative regulation of transcription, apoptotic processes, protein binding, and kinase activity. In addition, they were enriched in immunity-related pathways, such as MAPK signaling pathway, Toll-like receptor signaling pathway, and NF-kappa B signaling pathway. Integrative analysis identified 168, 198, and 7 mRNAs showing inverse correlations between methylation and expression with Cp infection. Altered DNA methylation and expression of various genes suggested their roles and potential functional interactions upon Cp infection, 14 immune-associated mRNAs with differential methylation and transcriptional repression were identified in IS vs. IR, commonly revealing that the differentially expressed genes (DEGs) LBP, TBX21, and LCN2 were likely involved in the piglets against Cp infection. The present results provide further insight into the DNA methylation epigenetic alterations of C. perfringens type C infected piglet ileum tissues, and may advance the identification of biomarkers and drug targets for predicting susceptibility to and controlling C. perfringens type C-induced piglet diarrhea.
Keywords: DNA methylome, transcriptome, Clostridium perfringens type C, diarrhea, pig, resistance, susceptibility
INTRODUCTION
Clostridium perfringens (C. perfringens) type C (Cp) frequently causes the severe, acute, and lethal necrotic enteritis (NE) in humans and livestock (Rood and Cole 1991; Lyras and Rood 2014), such as calves, sheep, goats, and pigs (Songer and Uzal 2005), especially in newborn piglets (Petit et al., 1999; Rood et al., 2018). Newborn piglets from the birthday until 3 weeks of age are highly susceptible to the clostridia because of their incompletely developed intestinal immune system, leading to mortality rates up to 100%. The Cp infection spreads rapidly and becomes an important problem worldwide (Posthaus et al., 2020).
C. perfringens type C beta (CPB) toxin is the essential virulence factor (Sayeed et al., 2008; Vidal et al., 2008; Uzal et al., 2009). Usually, the colonization and rapid proliferation of Cp intruded into the piglet’s incompletely developed intestine forebode the start of NE disease. Due to trypsin inhibitors in the prevention of degradation of CPB, secretions of CPB toxin leads to initial epithelial damage or irritation, the toxin-induced intestinal damages rapidly cause an increase in permeability of vessels in the lamina propria, even the epithelial barrier further disrupted. The change of luminal environment causes acceleration of toxin production, which is absorbed into the systemic circulation and further causes hemorrhage, tissue necrosis, and even enterotoxemia (Posthaus et al., 2020). The Cp diseases can occur in acute and subacute-to-chronic forms (Hogh 1967; Chean et al., 2014). Piglets with acute disease usually appear with several symptoms such as depression, hemorrhagic diarrhea, and death mainly within the first 3 d after birth (Songer and Uzal 2005). Piglets with more protracted subacute-to-chronic clinical features almost have non-hemorrhagic diarrhea, and appear with hypo-immunity, growth reduction, and emaciation (Songer and Uzal 2005). Stoy et al. found that C. perfringens type A infection led to the increased expressions of inflammatory related genes (CCL5, NFKBIA, IL8, IL1RN, and TNFAIP3) of IPEC-J2 cells, and total count and densities of bacteria were markedly high in pigs NE, showing the significant positive correlation with disease severity (Stoy et al., 2015).
DNA methylation is one of the central epigenetic modifications; in mammalian genomes, it mainly occurs on cytosines at position C5 in CpG dinucleotides (Wang et al., 2019). DNA methylation always participates in numerous immunity and physiology processes, such as genomic imprinting, transcriptional regulation, growth, and developmental, immune, and inflammation regulation (Schübeler 2015). The methylation state normally dynamically changes and serves to regulate expressions of the responsive genes during host responses to environmental stimuli of pathogen infection, drug treatment, pollutants, and immune and inflammatory diseases (Kiga et al., 2014; Jiang et al., 2018; Swathy et al., 2018; Chen et al., 2019). Generally, the DNA occurrence of promoter methylation is often accompanied by transcription inhibition (Lee and Bartolomei 2013). Hypomethylation can promote the increase of transcriptional activity (Lluis and Cosma 2013), abnormal methylation can cause many diseases. Research has reported that bacterial endotoxins have profound impacts on gene expression in intestinal epithelial cells through DNA methylation modifications. The expressions of FUT1 (Dai et al., 2017) and FUT2 (Wu et al., 2018) were epigenetically modulated by DNA methylation of their promoters, regulating ETEC F18 resistance in weanling piglets. Other studies also addressed the impact of infection and LPS on the DNA methylation status of immune cells. In human macrophages, LPS-induced specific methylation changes lead to inactivation of pro-inflammatory pathways (Novakovic et al., 2016). However, systematic investigations on the global DNA methylation changes induced by C. perfringens type C infection and the methylation pattern of responsive genes are still scant.
This study aimed to explore the genomic regions and distribution of DNA methylation in piglet ileum tissues exposed to Cp infection and screened the potential DNA methylation targets for piglets against Cp infection, combined with RNAseq data of our previous study (Huang X. et al., 2019). This study comprehensively analyzed the effects of RRBS DNA methylome level and transcriptome level, and provided new insights in Cp-induced piglet diarrhea disease, which may contribute to the identification of biomarkers for diarrhea resistance against Cp infection.
MATERIALS AND METHODS
Animal Experiment
Bacterial culture, feeding, and management of piglets were in accordance with the description of Huang et al. (Huang X. et al., 2019; Huang X. Y. et al., 2019); the details were as follows: Cp strain (CVCC 2032; China Veterinary Culture Collection Center) was anaerobic shaking cultured 16 h at 37°C in the bouillon culture-medium (HopeBio, Qingdao, China), and an expected concentration of 1 × 109 CFU/ml Cp medium was used to inoculate piglets orally.
The 30 7-day-old experimental piglets (Landrace male × Yorkshire female) tested seronegative for Escherichia coli (E. coli), Salmonella, and C. perfringens by commercial enzyme-linked immunosorbent assay (ELISA) kits (Jiancheng Bioengineering Institute, Nanjing, China) from Dingxi City, Gansu Province of China. Then 25 piglets were randomly orally challenged with 1 ml 1 × 109 CFU/ml Cp medium for 5 consecutive days, the 5 remaining piglets were the control group (IC), and all piglets were housed separately and isolated in climate-controlled and fully air-conditioned, receiving water and diets ad libitum (Huang X. et al., 2019; Huang X. Y. et al., 2019).
During Cp infection, summing and ranking total scores of each piglet, according to fecal consistency from 0 to 3 grade (Kelly et al., 1990), meanwhile combining with the clinical signs, the top 5 piglets with the highest and lowest fecal scores were designated as susceptibility (IS) and resistance (IR) groups, respectively. Piglets of IR, IS, and IC groups were humanly slaughtered under barbiturate anesthesia. The ileum tissues were collected to extract DNA (Supplementary Figure S1).
Nucleic Acid Isolation
According to the manufacturer’s instruction, genomic DNA and total RNA were exacted by using the QIAamp Fast DNA Tissue Kit (Qiagen, Dusseldorf, Germany) and TRIzol reagent (Invitrogen, United States). Qualities and integrities of RNA extracts were assessed using the NanoPhotometer® spectrophotometer (Thermo Scientific, United States) and by 1% agarose gel electrophoresis with RNA Nano6000 Assay Kit of the Bionalyzer 2100 system (Agilent Technologies, United States), which were used for library preparation and subsequent analysis.
Library Preparation and RRBS Sequencing
The 200 to 1,000 bp in length fragmented DNA samples by MspI enzyme (NEB, United States) were then subjected to bisulfite conversion for converting any unmethylated cytosine to Uracil by EZ DNA Methylation-Gold™ Kit (Zymo Research, United States). Further, the Accel-NGS Methyl-Seq DNA Library Kit (Swift, MI) was utilized for attaching adapters to single-stranded DNA fragments. Bead-based SPRI clean-ups were used to remove both oligonucleotides and small fragments, as well as changing enzymatic buffer composition. Finally, we performed the pair-end 2 × 150 bp sequencing on an Illumina Hiseq 4000 platform housed in the LC Sciences (Hangzhou, China).
Data Normalization
Sequencing reads that contained adapter contamination, low quality bases, and undetermined bases were removed using Cutadapt and perl scripts. Quality control was verified using FastQC v0.11.4 (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) (Cock et al., 2010), then reads were mapped and aligned to Sus scrofa 11.1 reference genome using Bismark v0.22.1 (Krueger and Andrews 2011). Further, for each cytosine site (or guanine corresponding to a cytosine on the opposite strand) in the reference genome sequence, the DNA methylation levels were determined by the ratio of numbers of reads supporting C (methylated) to that of total reads (methylated and unmethylated) using per scripts in house and MethPipe (Song et al., 2013). Analysis of differentially methylated regions (DMRs) was calculated by R package-MethylKit (Akalin et al., 2012) with default parameters (1000 bp slide windows, 500 bp overlap, p value < 0.05).
The Conjunctive Analysis of RRBS and RNA-Seq
Gene promoter DNA methylation usually inhibits gene expression. To explore the effect of DNA methylation on gene expression during piglets suffering from Cp infection, we also had conjunctively analyzed the negative relationship between promoter DMGs and differentially expressed genes (DEGs). Overlapping analysis was performed for DMGs and DEGs, screening negative correlation between gene expression levels and methylation levels by Pearson correlation analysis. The methylation level of DMGs (|ΔMethylation| > 5%) and expression level of DEGs (|Δexpression log2FC| > 1) both with the p < 0.05 were selected to perform the conjoint analysis.
Bioinformatics Analyses
Gene ontology (GO) analysis of DMG-associated genes was performed using DAVID functional annotation tool (Huang et al., 2009). All annotated genes in Sus scrofa genome were used as background for GO analysis. Pathway enrichment analysis was performed using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database available within the DAVID platform, and with WikiPathways database (https://www.wikipathways.org/) (Martens et al., 2021).
Data Statistics and Analysis
The t-test analysis and one-way ANOVA analysis were used to analyze the significance of diarrhea scores and fecal bacteria shedding of piglets in the IR, IS, and IC groups through SPSS 21.0 software. All values were expressed by mean ± standard error (M±SE), the p < 0.05 means the significant difference, p < 0.01 means the obviously significant difference.
RESULTS
Diarrhea Scores and Fecal Bacteria Shedding of Piglets in the IR, IS, and IC Groups
The average diarrhea score and total diarrhea score of piglets among the IR, IS, and IC groups were statistically analyzed, and the results are shown in Table 1. The average diarrhea scores of piglets in the IR and IS groups were 2.01 ± 0.26 and 2.68 ± 0.04, respectively, which were significantly higher than that in the IC group (0.61 ± 0.02) (p < 0.01). The total diarrhea scores of piglets in the IR and IS groups were 37.60 ± 0.87 and 67.6 ± 1.21, respectively, which were significantly higher than that in the IC group (11.40 ± 0.51, p < 0.01). These results suggested that the average diarrhea scores and total diarrhea scores of the IR and IS groups were significantly increased after Cp infection (p < 0.01).
TABLE 1 | Analyses of the diarrhea scores of piglets among the IR, IS, and IC groups.
[image: Table 1]The numbers of piglet feces Cp in the IR, IS, and IC groups were also counted, which are shown in Figure 1. As increasing times of Cp infection, the numbers of Cp in feces of piglets in the IR and IS groups were significantly increased, meanwhile, the numbers of feces Cp of piglets in the IS group were also significantly higher than those in the IR group (p < 0.05), which were both significantly higher than those in the IC group (p < 0.01). The results showed that Cp infection led to increasing numbers of feces bacteria of piglets, the tolerant piglets in the IR group had stronger resistance to bacterial infection, showing numbers of feces bacteria shedding obviously less than those in the IS group.
[image: Figure 1]FIGURE 1 | The fecal shedding levels of piglets in the IR, IS, and IC groups after Cp infection. Note: Fecal CFUs were determined by plate count method. The horizontal line represents the mean. Green circles represent the IC group, red circles represent the IR group, and blue circles represent the IS group. An asterisk denotes a significant difference (*p < 0.05, **p < 0.01).
DNA Methylation Profiles of RRBS
Genome DNA methylation profiles of quintuplicate samples of IR, IS, and IC groups were analyzed. Overall, RRBS yielded an amount of 39–49 million reads per sample. After quality filtering, ranging from 59.6–65.63%, average 61.23% of reads were successfully aligned to the Sus scrofa 11 reference genomes. In total, we had identified 1.7–2.2 million CpG sites per sample, of which, the average 1.96 million were covered in all samples, representing 7.9% of total numbers of CpGs in the Sus scrofa genome. Raw sequencing data and mapping statistics are summarized in Supplementary Table S1.
To detect the DNA methylome changes induced by Cp infection, we compared Cp infected and uninfected piglets to identify methylated enrichment peaks (MEPs) in genomic DNA (Supplementary Table S2). Statistically, compared to the IC group, there were 157,833 MEPs identified in the IR group (p < 0.05), of which 110,874 were hypermethylated and 46,959 were hypomethylated (Supplementary Table S3), and 150,128 MEPs were identified in the IS group (p < 0.05), of which 79,818 were hypermethylated and 70,310 were hypomethylated (Supplementary Table S4). Mentionable, compared to the IR group, 160,738 MEPs were identified in the IS group (p < 0.05), of which 52,995 were hypermethylated and 107,743 were hypomethylated (Supplementary Table S5).
The chromosomal distribution of the methylated peaks was determined to assess whether methylation was associated with specific chromosomal features. As shown in the methylation map (Figure 2), the distribution of identified methylations almost covered all chromosomal, the methylation density in these regions was distinct among the chromosomes, chromosome MT (mitochondria) in particular, contained a relatively large unmethylated region among samples, which was related to the different degrees and correlation between methylation profiles of the infected IR and IS groups and the uninfected IC group.
[image: Figure 2]FIGURE 2 | Genomic distribution of DMRs among Cp infected and uninfected piglets. Note: From the inner circle to the outer circle represents the IR vs. IC, IS vs. IC, and IS vs. IR groups.
Based on the CpG ratio, GC content, and length of the CpG-rich region, we divided gene promoters into three types: High-density CpG promoter (HCP), low-density CpG promoter (LCP), and intermediate density CpG promoter (ICP) (Yu et al., 2013). The information of MEPs in three comparative groups were shown and revealed the relatively uneven distribution across the genome. The majority of MEPs were in the intergenic regions, following in the exon and intron, lowest in the promoter (Table 2).
TABLE 2 | Analysis and distribution of the significant methylated genes of the IR, IS, and IC groups.
[image: Table 2]Then distribution of the MEPs in three types of promoter were analyzed. We found that the numbers of MEPs were obviously increased in the IR and IS groups after C. perfringens type C infection, which included MEP in LCP types, followed by in HCPs and ICPs. It is worth attention that in promoter CGIs, HCPs had more MEPs in the IS vs. IR group than ICPs or LCPs (Table 2).
Methylation Status of Genome CpG Islands
CpG islands (CGIs) obtained particular attention and interest for their role in controlling gene expression through epigenetic modification. We grouped the CGIs into four classes according to their distance to the RefSeq genes: promoter CGIs [from about −2 kb to +0.5 kb around the transcription start site (TSS)], exon and intron CGIs [from +0.5 kb around the TSS to the transcription terminal site (TTS)], and intergenic CGIs (about 2 kb to those that do not fall into either the promoter or the intragenic group) (Figure 3A).
[image: Figure 3]FIGURE 3 | Distribution of DNA methylation enrichment peaks in piglet ileum infected with C. perfringens type C infection. (A) Generic diagram showing CpG islands (CGIs) relative to gene transcript regions. (B) Numbers of MEPs in the CGI region of IR, IS, and IC groups. (C) Numbers of MEPs in the promoter CGIs. Note: HCP represents high CpG density promoter; ICP represents intermediate CpG density promoter; LCP represents low CpG density promoter.
We also analyzed the CpG methylation status of different gene segments in the piglet ileum after Cp infection. The numbers of MEPs in the four classes of CGIs and CGIs shore among IR, IS, and IC groups are shown in Figures 3B,C. Most MEPs were distributed in the intergenic CGIs among IR, IS, and IC comparative groups. It was worth mentioning that more CGI methylations happened in the IR vs. IC group (Supplementary Table S6) and the IS vs. IC group (Supplementary Table S7) than in the IS vs. IR group (Supplementary Table S8) (p < 0.05). Importantly, for the promoter CGIs, intergenic CGIs and 3′ transcript CGI, the numbers of hyper MEPs were also higher than hypo MEPs in the IR vs. IC group and the IS vs. IC group, which was opposite to those in the IS vs. IR group (Figure 3B; Table 3).
TABLE 3 | The distributions of the significant CGIs methylations of the IR, IS, and IC groups.
[image: Table 3]Identification of Differentially Methylated Genes
To explore the DMGs of piglet ileum tissues induced by Cp infection, we subsequently mapped all DMRs to their nearest genomic features and analyzed the DMGs located in promoter and CGI regions. Compared to the IC group, there were 6,485 DMGs having one or more DMRs including 5,186 mRNAs, 14 miRNA, and 989 pseudogenes in the IR group (Supplementary Table S6), 5,968 DMGs including 4,819 mRNAs, 6 miRNA, and 886 pseudogenes in the IS group (Supplementary Table S7), meanwhile, compared to the IR group, 6,472 DMGs including 5,214 mRNAs, 14 miRNA, and 958 pseudogenes in the IS group (Supplementary Table S8). Except for miRNA and pseudogenes, DMGs almost contained an average of 4 DMRs in the gene body and promoter regions, mainly distributed in CGI and CGI shore (Figure 4). In total, 2607 DMGs were detected among the IR vs. IC, IS vs. IC, and IS vs. IR comparative groups (Figure 5).
[image: Figure 4]FIGURE 4 | The details of CGIs and CGI shores distributed in the IR vs. IC, IS vs. IC, and IS vs. IR groups.
[image: Figure 5]FIGURE 5 | Venn distribution of the differentially methylated mRNAs with CGIs in the IR vs. IC, IS vs. IC, and IS vs. IR groups. GO and KEGG signaling pathway analyses.
In order to further characterize DMGs, gene ontology and KEGG signaling pathway analyses were carried out. GO analysis revealed 46, 35, and 38 GO terms significantly enriched in the IR vs. IC, IS vs. IC, and IS vs. IR groups (Supplementary Table S9), respectively. We found that Cp infection caused the DMGs mainly enriched in the biological and molecular functions, such as signal transduction, ion channel activity, nucleotide binding, protein transferase activity, immune response, cytoskeleton, GTPase activator activity, histone deacetylase complex, inactivation of MAPK activity, and nucleotide immunoglobulin production (Figure 6).
[image: Figure 6]FIGURE 6 | GO analyses of DMGs located in the vicinity of significant differentially methylated regions (DMRs) of the IR vs. IC (A), IS vs. IC (B), and IS vs. IR groups (C). Bar plots display enriched GO terms. The plots show significantly enriched degrees (p < 0.05).
Among the KEGG pathway enrichment, a total of 23, 25, and 29 pathways were significantly enriched in the IR vs. IC, IS vs. IC, and IS vs. IR groups (Supplementary Table S10), respectively. The DMRs were enriched by MAPK signaling pathway, NF-kappa B signaling pathway, tight junction, chemokine signaling pathway, calcium signaling pathway, lysosome, PI3K-Akt signaling pathway, autophagy, Toll-like receptor signaling pathway, ECM-receptor interaction, and several metabolism pathways (Figure 7).
[image: Figure 7]FIGURE 7 | KEGG signal pathway analyses of DMGs located in the vicinity of significant differentially methylated regions (DMRs) of the IR vs. IC (A), IS vs. IC (B), and IS vs. IR groups (C). Bar plots display enriched KEGG pathways. The plots show significantly enriched degrees (p < 0.05).
Correlation Analysis Between DNA Methylation and Gene Expression
DNA methylation of gene promoters is usually involved in inhibiting the expression level of the corresponding genes (Jones 2012). The potential effects of DNA methylation on gene expression were characterized by comparing methylation and RNA expression data (Guo et al., 2019). By analyzing a wide association between transcriptome gene expression and epigenome DNA methylation (in promoter or body), we explored the relationship between methylation changes at the promoter regions and gene expression changes (our previous study) of the IR, IS, and IC groups (Huang X. et al., 2019; Huang X. Y. et al., 2019).
Usually, there is the significant negative association between mean methylation levels of promoter regions and expressions of mRNAs. According to methylation levels of DMGs (|ΔMethylation| > 5%) and expression levels of DEGs (|Δexpression log2FC| > 1) both with the p < 0.05, there were 168 mRNAs, 198 mRNAs, and 7 mRNAs screened in the IR vs. IC, IS vs. IC, and IS vs. IR groups, respectively (Supplementary Table S11). Importantly, to further reveal the functions of epigenetics and transcriptomics during piglets’ resistance to Cp infection, we also analyzed the immune-associated mRNAs in the IS vs. IR group and constructed a differential methylation and transcription network (Figure 8). In this network, the screened mRNAs mainly belonged to T cell receptor, Toll like receptor, NF-κB, MAPK, JAK-STAT, IL-17, Th1, and Th2 cell differentiation signaling pathways, such as NFKB1, MAPK14, TRIM25, TLR6, IL21R, LBP, IRF7, TBX21 and so on. Moreover, there were 14 mRNAs, which promoter methylations were obviously inversely related to transcriptional repressions, commonly identified (Table 4), in which LCN2 with down-expressed and hypomethylated, AKT2 with up-expressed and hypermethylated, were also identified in the IR vs. IC and IS vs. IC groups.
[image: Figure 8]FIGURE 8 | Hub pathways and associated genes in piglets of the IS vs. IR group suffering from C. perfringens type C infection.
TABLE 4 | List of differentially methylated and expressed mRNAs in C. perfringens type C infected piglets of the IR vs. IS group.
[image: Table 4]DISCUSSION
In this study, we have revealed the epigenetic alterations in piglet ileum tissues due to infection by Cp from a genome-wide comparative methylome analysis. However, it may only provide limited insights into the biological mechanisms of piglet diarrhea induced by Cp infection. Generally, complementary effects and synergistic interactions between omics in life science can be captured by integrative studies of multiple molecular layers. Building upon the successes in single-omics research, a better understanding of the molecular functions and disease etiologies by multi-omics integrated approaches from different omic levels (e.g., genetics, epigenetics, mRNA transcripts, proteins, and metabolites), as well as their interrelations and combined influences on the disease processes (Sun and Hu 2016). Therefore, we further conducted an integrated analysis of RRBS and RNA sequencing data and identified a subset of genes that was implicated in the piglet response to Cp infection.
The host immune response is crucial for defense against microbial pathogens, it is not different to that found in the complex process of host-pathogen interactions, the genomic expression pattern and program of host reflects responses to pathogens and virulence (Boldrick et al., 2002). Recently, a study reported that epigenetic modulations such as host DNA methylation could be manipulated to influence the host’s gene expressions in response to defensing pathogens infection (Paschos and Allday, 2010). In addition, the changes and differences of DNA methylation presumably largely reflected the abilities of host epigenetic responses involved in the immune system against or triggers by pathogens (Tarakhovsky 2010). In this study, we have revealed the epigenetic alterations in piglet ileum tissues due to infection by Cp from a genome-wide comparative methylome analysis.
Our study found that the methylated peaks DNA methylation almost covered most chromosomal regions and presented obviously distinct methylation densities (Figure 2), indicating that Cp infection could trigger changes of DNA methylation of candidates. These changes may be correlated with piglets responding to Cp infection. Analysis of differential methylation genes revealed that 6635 DMGs were identified in piglets after Cp infection, in which 3,366 DMGs were identified both in the IR and IS groups (Figure 5), suggesting that the common DMGs identified in piglets of the IR and IS groups had an amount of similar methylation patterns during Cp infection, and further altered expressions of immune-related genes. Meanwhile, 697 DMGs especially identified in the IS vs. IR group (Figure 5), illustrating Cp-infected tolerant and sensitive piglets appeared with different methylation patterns induced by the Cp strain. These identified genes involved in the immune system and bacterial infection have been well studied. For example, JAK1, JAK2, and JAK3, found in three comparable groups, were the prototypical members of the JAK family and could play an essential signaling role for cytokines and interferons involved in immunity and antiviral responses (Ferrao et al., 2018). RASGRF1, found in IS vs. IC and IS vs. IR comparative groups, mainly participated in the Ras signaling pathway (Manyes et al., 2014). AIRE was one of the important regulators of peripheral T cell homeostasis, and played a certain role in control of intestinal tolerance (Kekalainen et al., 2015). Activation of AKT2 was considered to protect mice from defense against Salmonella enterica Typhimurium infection (Kum et al., 2011), even blocking the development of intestinal inflammatory disease (Liu et al., 2019). These differential DMGs may be the crucial resistance candidates of piglet diarrhea.
The candidate mRNAs modified by differential DNA methylation merit greater attention. Further, combining the promoter methylation gene and its mRNA expression level, we had constructed the networks with differential methylations of DMGs and differential expressions of DEGs (Supplementary Table S11), and screened many immune related mRNAs, S100A9, TARBP2, TRIM25, TBX21, LBP, TLR6, involving the piglets resistant to Cp-induced diarrhea disease through defense-related signaling pathways of T cell receptor, Toll-like receptor, NF-κB, MAPK, and so on. Furthermore, these screened mRNAs’ methylation of their promoters was inversely related to transcriptional repression in piglets after Cp infection. S100A9 gene is considered to play crucial functions in participating innate immunity and mediating the inflammatory response during infection-induced host inflammation (Ometto et al., 2017). Researchers found S100A8/A9 recombinant attenuated bacterial adherence and invasion (Wang et al., 2018), and inhibited growth of multiple species, including E. coli, S. aureus, Salmonella typhimurium, and C. perfringens type C (Wang et al., 2018; Huang X. et al., 2019; Wang et al., 2020). However, the expression of S100A9 gene was actually controlled by the methylation status of its promoter (Chandra et al., 2018). In our study, S100A9 gene was down-expressed in transcription and hypermethylated in methylation, and was identified in the Cp infected IR and IS groups, hinting that the hypermethylation S100A9 gene caused the down expression, which may play some roles in protecting piglets from Cp-induced diarrhea resistance.
Transactivation response element RNA-binding protein TARBP2 inhibits the catalytic activity of interferon-induced double-stranded RNA (dsRNA)-activated protein kinase (PKR) to regulate stress-induced signaling pathways during viral infections and cell stress, and TARBP2 is also a regulator of microRNA biogenesis and cellular stress response (Ukhueduan et al., 2021). TARBP2 has been characterized as a key regulator for promoting or inhibiting cell proliferation and invasion. Research has shown that the TARBP2 suppresses IFN-beta production and the innate antiviral response, especially in regulating the antiviral signaling pathways of the innate immune system (Ling et al., 2019). TARBP2 gene, differential expressed and differential DNA methylated, was identified in Cp infected piglets of the IR and IS groups, which may play some important roles in piglet diarrhea resistance.
To further explore the susceptibility and tolerance of piglet resistance to Cp-induced diarrhea, we screened the potential resistant candidates from the IR and IS groups by integrating data of DNA methylation and mRNA expression (Figure 8). There were 14 mRNAs for which methylation of their promoters obviously inversely related to transcriptional repression were identified (Table 4), such as LCN2, TBX21, and LBP. LCN2 with up-expressed and hypermethylated was identified both in the IR and IS groups after Cp infection. The changes in its promoter methylation and gene expression indicated that LCN2 may participate in immune response to C. perfringens type C stimulation. We also constructed a network of immune-associated mRNAs both different changes in methylation and transcription in the IS vs. IR group (Figure 8), we speculated that these genes may be functionally linked and regulated by promoter methylation level of piglets in response to C. perfringens type Cp-induced diarrhea.
TBX21 is an important transcription factor of adaptive immunity that regulates the Th1/Th2 balance and increasing evidence has pointed to the critical roles in regulating innate immunity, cytokine balance, immune dysregulation, and bacterial infection. A study reported that pneumococcus upregulated TBX21 expression in the respiratory epithelium, knocking down TBX21 suppressed pneumococcus-induced TLR2 expression (Woo et al., 2014), and a change of TBX21 may lead to the dysregulation of type I interferon pathways and T cell pathways (Gourh et al., 2009). These studies have proved the adaptive immune regulator TBX21 participated in regulating host innate immune responses during pathogenic bacterial infections. In this study, differential methylated TBX21 was identified in piglets in the IS and IR groups after Cp infection, and it was also found that up-regulated and hypermethylated TBX21 in the IS vs. IR comparative group suggests that hypermethylated TBX21 gene may cause the down expression in the transcriptional level, while the up-expression of TBX21 gene may be regulated by other factors, which commonly participate in the process of piglet resistance to Cp-induced diarrhea.
LPS-binding protein (LBP) is a plasma protein that transfers LPS to the cell surface CD14 presented on the myeloid lineage, playing the crucial roles in the host innate immune response during the development of inflammatory and infectious-related diseases (Meng et al., 2021). LBP is also essential to control bacterial infection. Recently, LBP has been shown to potentiate the host immune responses to LPS invade, relieving Salmonella typhimurium or E. coli induced generation of reactive oxygen species in host macrophages (Sclutt et al., 1999). The LPS-LBP complex can bind to a receptor complex (CD14, MD2, and TLR4) for initiating signal cascade and triggering the secretion of pro-inflammatory cytokines (Gabarin et al., 2021; Won et al., 2021). While accomplishing either blocking LBP binding to LPS or binding LPS/LBP complexes to CD14 can protect the host from LPS-induced toxicity (Le Roy et al., 1999). Therefore, in this study, the hyper methylation of LBP was significantly negative regulation with its down expression in transcription in susceptible piglets for Cp infection, while the tolerance piglets with high expression may maintain balance of the inflammatory response induced by Cp infection. Considering the functions and expression characteristic of these genes, we believe that LBP and TBX21 are strongly associated with piglet diarrhea induced by Cp infection. We speculated that these genes may be functionally linked and regulated by promoter methylation level of piglets in response to Cp-induced diarrhea, which may play some certain roles in protecting piglet resistance of diarrhea caused by bacterial infection.
In conclusion, we have profiled the landscape of DNA methylation of piglets in response to Cp infection, and analyzed the methylation and transcriptome data to further reveal the potential candidates implicated in the piglet immune response. Our findings have provided insight into the molecular effects of DNA methylation of piglet resistance to C. perfringens type C infection, which may contribute to the selection and breeding of piglet diarrhea resistant to C. perfringens type C infection.
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Background: Recently, circulating microRNAs (miRNAs) from maternal blood and amniotic fluid have been used as biomarkers for ventricular septal defect (VSD) diagnosis. However, whether circulating miRNAs are associated with fetal myocardium remains unknown.
Methods: Dimethadione (DMO) induced a VSD rat model. The miRNA expression profiles of the myocardium, amniotic fluid and maternal serum were analyzed. Differentially expressed microRNAs (DE-microRNAs) were verified by qRT–PCR. The target gene of miR-1-3p was confirmed by dual luciferase reporter assays. Expression of amniotic fluid-derived DE-microRNAs was verified in clinical samples.
Results: MiRNAs were differentially expressed in VSD fetal rats and might be involved in cardiomyocyte differentiation and apoptosis. MiR-1-3p, miR-1b and miR-293-5p were downregulated in the myocardium and upregulated in amniotic fluid/maternal serum. The expression of amniotic fluid-derived DE-microRNAs (miR-1-3p, miR-206 and miR-184) was verified in clinical samples. Dual luciferase reporter assays confirmed that miR-1-3p directly targeted SLC8A1/NCX1.
Conclusion: MiR-1-3p, miR-1b and miR-293-5p are downregulated in VSD myocardium and upregulated in circulation and may be released into circulation by cardiomyocytes. MiR-1-3p targets SLC8A1/NCX1 and participates in myocardial apoptosis. MiR-1-3p upregulation in circulation is a direct and powerful indicator of fetal VSD and is expected to serve as a prenatal VSD diagnostic marker.
Keywords: ventricular septal defect (VSD), circulating microRNA (miRNA), prenatal diagnosis (MeSH), biomarker, fetus [mesh]
1 INTRODUCTION
Ventricular septal defects (VSDs) are the most common congenital heart defects (CHDs), accounting for approximately 40% of CHDs (Spicer et al., 2014; Cox et al., 2020). Accurate prenatal diagnosis is helpful for reducing mortality and improving prognosis (van Nisselrooij et al., 2020). However, it was reported that due to factors such as the experience of sonographers and the quality of ultrasound images, approximately half of CHDs were not identified prenatally. Even when the ultrasound image quality is good, 31% of CHD cases are still missed (van Nisselrooij et al., 2020). Therefore, it is of great significance to seek biomarkers for the prenatal diagnosis of VSD to improve the accuracy of diagnosis and pregnancy outcomes.
Human genetics research has identified many genes related to hereditary and sporadic CHD that encode transcription factors that regulate the morphogenesis of the ventricular septum or outflow tract during heart development (Bruneau, 2008). Epigenetic mechanisms, including DNA methylation and noncoding RNA (ncRNA), are involved in the pathogenesis and phenotype of VSD (Grunert et al., 2016; Thomford et al., 2018; Yang et al., 2021). MicroRNAs (miRNAs), as highly conserved ncRNAs, regulate gene expression at the posttranscriptional level by binding to target genes, inducing epigenetic modifications, which are closely related to the cell cycle and mammalian development (Pulignani and Andreassi, 2019; Panni et al., 2020). By regulating VSD-related transcription factors, miRNAs participate in the proliferation and differentiation of cardiomyocytes, and morphogenesis of heart, as well as pathophysiological processes such as myocardial hypoxia and cardiac remodelling, which are interrelated with the occurrence, progression and outcome of VSD (Smith et al., 2015; Islas and Moreno-Cuevas, 2018; Sabour et al., 2018; Meng et al., 2020). MiRNAs can be encapsulated in lipid vesicles or connected with protein or lipoprotein complexes to ensure stability and avoid degradation during extracellular secretion. Therefore, miRNAs have the potential to be diagnostic markers of diseases (Creemers et al., 2012; Mori et al., 2019).
Maternal blood is commonly used for prenatal diagnosis and is easy to obtain, while amniotic fluid has a high content of fetal free nucleic acids and is less likely to be contaminated by maternal nucleic acids (Hui et al., 2012). In recent years, people have attempted to use circulating miRNAs derived from maternal blood and amniotic fluid as biomarkers for CHD diagnosis (Song et al., 2018; Jin et al., 2021; Yang et al., 2021). It is, however, unclear whether circulating miRNAs are associated with fetal heart tissue. Thus, we analyzed the expression profiles of amniotic fluid-derived and maternal serum-derived miRNAs in fetal VSD rats to explore the relationship between myocardium-derived and circulating miRNAs. Furthermore, the possibility of using circulating miRNAs as VSD prenatal biomarkers was verified in the clinical samples to serve as the basis for circulating miRNAs to assist prenatal diagnosis.
2 MATERIALS AND METHODS
2.1 Construction of a ventricular septal defect rat model
Sprague–Dawley (SD) rats (Shanghai SLAC Laboratory Animal Co., Ltd.) were selected to construct VSD models. Female and male rats in estrus were kept in cages at a ratio of 2:1. The day when vaginal plugs were found was recorded as embryonic day 0 (D0). The dams were separated from male rats and randomized to a negative control (NC) group and a dimethadione (DMO) group. The mean maternal age of rats was 14.44 (SD, 5.17) weeks vs. 15.44 (SD, 4.06) weeks in the NC and DMO groups, respectively.
From 19:00 on D8, the DMO group was given 5 ml/kg DMO (drug concentration, 60 mg/ml) by oral gavage once every 12 h six times, while the NC group was given the same dose of distilled water at the same time. The rats were fed standard food and distilled water ad libitum and received humane care.
In the DMO group, excluding fetuses with umbilical hernia, subcutaneous edema or other obvious abnormal appearances, VSD fetuses without malformation of major vessels were selected as the VSD group (Figure 1), and fetuses with intact ventricular septum were selected as the non-VSD group.
[image: Figure 1]FIGURE 1 | Images of microdissection and the pathology of VSD fetuses. (A), Microdissection shows the correct connection of major vessels; (B), pathology shows VSD. SVC, superior vena cava; AO, aorta; PA, pulmonary artery; VSD, ventricular septal defect.
2.2 Sample collection and pretreatment
On D19, the pregnant mice were anaesthetized by intraperitoneal injection of pentobarbital (40 mg/kg), and the amniotic fluid was carefully collected with a sterile syringe after the uterus was exposed. The amniotic fluid was immediately centrifuged at 1,200 g and 4°C for 10 min, and the supernatant was recovered and stored at −80°C.
Blood was withdrawn through cardiac puncture and incubated at room temperature for 1 h. The coagulated blood was centrifuged twice at 4°C (1700 g, 10 min and 2000 g, 10 min), and then the supernatant was stored at −80°C.
The fetus was obtained by caesarean section. Microdissection was used to observe the position and connection of the major blood vessels. After that, the fetal heart was removed and washed in cold PBS solution. The heart tissue was embedded in paraffin according to the routine procedure. Parts of the wax blocks were cut into 3 μm slices and prepared for HE staining to observe the ventricular septum, and other parts were stored for RNA extraction.
2.3 Collection of clinical amniotic fluid samples
From August 2020 to June 2021, women who visited the Second Affiliated Hospital of Fujian Medical University were included when ultrasound-guided amniocentesis met their clinical needs. The amniotic fluid was extracted after informed consent was obtained from all pregnant women. The amniotic fluid of fetuses with a normal chromosome karyotype and without pregnancy complications or other diseases that may affect the growth and development of the fetus was collected. According to the results of follow-up after birth or induction of labor, they were classified into the VSD group and the NC group. General characteristics of pregnant women are displayed in Table 1. This study was carried out in accordance with The Code of Ethics of the World Medical Association (Declaration of Helsinki) and was approved by the Medical Ethics Committee of the Second Affiliated Hospital of Fujian Medical University (2019-233, 2021-73).
TABLE 1 | General characteristics of pregnant women.
[image: Table 1]2.4 MicroRNA sequencing
Corresponding kits were used to extract total RNA/miRNA from wax blocks of the myocardium (RecoverAll™ Total Nucleic Acid Isolation Kit, Ambion, Thermo Fisher Scientific), amniotic fluid (HiPure Universal RNA Mini Kit, Magen) and maternal serum (miRNeasy Mini Kit, QIAGEN). A cDNA library of amniotic fluid-derived miRNAs (QIAseq miRNA Library Kit, QIAGEN) and myocardium-derived and serum-derived miRNAs (TruSeq Small RNA Library Preparation kit, Illumina) was constructed, respectively. The library preparations were sequenced on the Illumina HiSeq 2500 sequencing system (for myocardium-derived and serum-derived miRNAs) and Illumina NovaSeq 6000 system (for amniotic fluid-derived miRNAs).
2.5 Sequencing data processing
Bcl2fastq (bcl2fastq, RRID:SCR_015058) was used to perform recognition on the original image and convert it into the original sequence. The Fastx-toolkit (FASTX-Toolkit, RRID:SCR_005534) was used to evaluate and filter the quality. The expression was normalized using the transcripts read number per million (TPM) and counts per million (CPM) method. DESeq (DESeq, RRID:SCR_000154) and an R package (LIMMA, RRID:SCR_010943) was used to perform differential expression analysis. The threshold values p < 0.05 and fold change (FC) ≥ 2 indicated upregulated differentially expressed microRNA (DE-microRNA), while p < 0.05 and FC ≤ 0.5 indicated downregulated DE-microRNA.
2.6 Target gene prediction and bioinformatics analysis of differentially expressed microRNAs
MiRWalk 3.0 (miRWalk, RRID:SCR_016509) predicted the target genes of DE-microRNAs. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyzes of target genes whose binding probability > 0.95 were performed by g:Profiler (version e104_eg51_p15_3922dba). String (https://cn.string-db.org/) was used to perform protein–protein interaction (PPI) analysis and establish PPI networks. The plug-in “cytoHubba” of Cytoscape (Cytoscape, RRID:SCR_003032) screened out the top 20 hub genes in the PPI networks.
2.7 Quantitative real-time polymerase chain reaction
Total RNA was extracted by TRIzol (Invitrogen, Thermo Fisher Scientific) and the RecoverAll™ Total Nucleic Acid Isolation Kit (Ambion, Thermo Fisher Scientific) from amniotic fluid, serum and myocardium wax blocks. MiRNA First Strand cDNA Synthesis (Sangon Biotech) was used to reverse transcribe RNA to cDNA. Polymerase chain reaction (PCR) was performed according to the manual of the TB Green Premix Ex Taq kit (TAKARA). All reactions were performed in triplicate. The result was normalized to U6 (Universal U6 Primer F, Sangon Biotech) and calculated using the 2−ΔΔCt method. The primer sequences are shown in Supplementary Table S1.
2.8 Double luciferase reporter gene assay
The wild type (WT) and mutant (MU) of the target 3′-UTR were cloned and inserted into the pSI-Check2 vector (Promega), and the successful construction of the plasmid was verified by sequencing. Before transfection, 293T cells and the target plasmid were seeded in a 96-well plate. Then, LipoFiter 3.0 (Hanbio) was used to cotransfect the WT and MU plasmids with the miR-1-3p plasmid. The dual luciferase reporter gene assay system (Promega) was used to evaluate the activities of firefly luciferase and Renilla luciferase.
2.9 Statistical analysis
Normally distributed data are expressed as the mean ± standard deviation (mean ± SD); nonnormally distributed data are expressed as the median (lower quartile, upper quartile). The comparison between the two groups was performed by t test or Mann–Whitney test. p < 0.05 was regarded as significantly different.
3 RESULTS
3.1 Ventricular septal defect group microRNAs expression profile and bioinformatics analysis
Of the myocardium and amniotic fluid samples (divided into NC group, non-VSD group, and VSD group) and maternal serum samples (divided into NC group and VSD group), seven samples were selected for miRNA sequencing in each group.
3.1.1 MicroRNAs expression profile
Compared with the NC group, there were 53 myocardium-derived DE-microRNAs in the VSD group, of which 23 were upregulated (miR-497-3p, miR-7b, etc.) and 30 were downregulated (miR-1-3p, miR-1b, miR-293-5p and miR-3580-3p, etc., Supplementary Table S2; Figures 2A,B). There were 34 DE-microRNAs in the non-VSD group, including 9 upregulated and 25 downregulated microRNAs (Supplementary Table S3).
[image: Figure 2]FIGURE 2 | Volcano plot and cluster heatmap of DE-microRNAs in the VSD group (A,C,E) are all volcano plots; (B,D,F) are cluster heatmaps; (A,B) represents myocardium-derived DE-microRNAs; (C,D) represents amniotic fluid-derived DE-microRNAs; (E,F) represents maternal serum-derived DE-microRNAs.
There were 33 amniotic fluid-derived DE-microRNAs in the VSD group, including 22 upregulated (miR-15b-5p, miR-1b, etc.) and 11 downregulated microRNAs (miR-1843b-5p, miR-299a-5p, etc., Supplementary Table S4; Figures 2C,D). There were 48 DE-microRNAs in the non-VSD group, including 39 upregulated and 9 downregulated microRNAs (Supplementary Table S5).
Twenty-seven maternal serum-derived DE-microRNAs were detected in the VSD group, including 20 upregulated (miR-129-5p, miR-206-3p, miR-293-5p, miR-3580-3p, miR-494-3p, etc.), and 7 downregulated microRNAs (miR-208a-3p, miR-208b-3p, etc., Supplementary Table S6; Figures 2E,F).
3.1.2 Target gene prediction and bioinformatics analysis of differentially expressed microRNAs from different samples
Considering the possible effects of DMO on microRNA expression in the fetus, DE-microRNAs in the myocardium and amniotic fluid of the non-VSD group were excluded from the target gene prediction and bioinformatics analysis, and the unique DE-microRNAs in the VSD group were analyzed.
There were 35 unique DE-microRNAs in the myocardium of the VSD group, of which 20 were upregulated and 15 were downregulated. A total of 10,429 target genes of these DE-microRNAs were identified by miRWalk3.0, of which 207 related to VSD were recorded in disease-related databases (including OMIM, KEGG Disease database and GWAS Catalog database). Twenty unique DE-microRNAs of the VSD group were discovered in amniotic fluid, 10 of which were upregulated and 10 of which were downregulated. A total of 9,352 target genes were predicted, of which 179 were related to VSD. Maternal serum-derived DE-microRNAs predicted a total of 11,317 target genes, of which 231 were related to VSD.
GO analysis of the abovementioned VSD-related target genes showed that the target genes of different samples were significantly enriched in biological process (BP), such as heart development, cardiac chamber development, cardiac chamber morphogenesis, and circulatory system development. Cellular component (CC) analysis showed that they are mainly located in the membrane-bounded organelle, nucleoplasm and nucleus and perform molecular function (MF), such as chromatin binding, transcription factor binding and protein binding. KEGG analysis indicated that in addition to participating in cancer-related pathways, the abovementioned genes were also enriched in pathways that regulate pluripotency of stem cells, Ras related to heart disease, and MAPK related to cardiomyocyte proliferation (Supplementary Figure S1).
3.1.3 Construction and analysis of protein–protein interaction network
The PPI network of the protein expression of target genes was constructed. Combining the 7 algorithms of cytoHubba (including MCC, DMNC, MNC, Degree, EPC, Closeness and Radiality), the top 20 hub genes in the PPI network were screened out, and the intersection was assessed. The hub genes in the myocardium are Kras, Map2k1, Fgfr1, Ptpn11 and Igf1r, and the corresponding myocardium-derived DE-microRNAs are miR-3580-3p, miR-497-3p and miR-96-5p, etc. The hub genes in amniotic fluid are Map2k1, Abl1, Cxcr4 and Tek, corresponding to the amniotic fluid-derived DE-microRNAs are miR-199a-5p and miR-184, etc. The hub genes in maternal serum are Ptpn11, Fgfr1, Igf1r and Map2k1, and the corresponding maternal serum-derived DE-microRNAs are miR-3580-3p and miR-494-3p, etc. (Supplementary Table S7; Table 2).
TABLE 2 | DE-microRNAs related to hub genes.
[image: Table 2]Hub genes were synthesized in three kinds of samples to construct a PPI network, elucidating the relationship and interaction among these proteins (Figure 3).
[image: Figure 3]FIGURE 3 | PPI network of proteins coded by key target genes.
3.1.4 Quantitative real-time polymerase chain reaction confirmed the expression of differentially expressed microRNAs
The expression of DE-microRNAs, which were differentially expressed in both the myocardium and circulation, or were associated with VSD according to previous studies, or related to hub genes, were verified in myocardium, amniotic fluid and maternal serum (Figure 4). Each group consisted of nine samples. MiR-1-3p, miR-1b, and miR-293-5p are DE-microRNAs differentially expressed in both the myocardium and amniotic fluid/maternal serum. Among them, miR-1-3p and miR-1b are downregulated in the myocardium but upregulated in the amniotic fluid. The expression of miR-293-5p is downregulated in myocardium but upregulated in maternal serum. MiR-3580-3p has a similar expression trend as miR-293-5p in the myocardium and serum, and the difference was not significant. In addition, miR-206-3p was significantly overexpressed in amniotic fluid and maternal serum. MiR-185-5p and miR-96-5p were differentially expressed in myocardium. MiR-15b-5p and miR-184 were differentially expressed in amniotic fluid. MiR-208b-3p, miR-877 and miR-433-3p were differentially expressed in maternal serum. MiR-142-3p, miR-122-5p and miR-134-3p showed differential expression in both VSD group and non-VSD group.
[image: Figure 4]FIGURE 4 | qRT–PCR verified the expression of DE-microRNAs. (Compared with NC group: *p < 0.05, **p < 0.01. n = 9)
3.2 Expression of amniotic fluid-derived differentially expressed microRNAs in clinical samples
Amniotic fluid-derived DE-microRNAs that were verified by quantitative real-time polymerase chain reaction (qRT–PCR) were selected. BLAST (v2.8.1) was used to identify homologous human miRNAs and confirm conservation (Supplementary Table S8).
Seven human fetuses were diagnosed with perimembranous VSD or muscular VSD by prenatal ultrasound examination, and the diagnosis was confirmed by follow-up after birth. The size of defect ranged from 1.2 to 4.8 mm. It was confirmed in clinical amniotic fluid samples that miR-1-3p, miR-206 and miR-184 were also overexpressed in clinical amniotic fluid samples (Figure 5).
[image: Figure 5]FIGURE 5 | Expression of amniotic fluid-derived DE-microRNAs in clinical samples. (Compared with NC group: *p < 0.05. n = 7)
3.3 SLC8A1 is the target gene of miR-1-3p
MiR-1-3p, which is differentially expressed in both the myocardium and amniotic fluid, was selected for target gene prediction. Solute carrier family 8 member A1 (SLC8A1, also known as sodium-calcium exchanger, NCX1) may be the target gene of miR-1-3p. The 3′-UTR of SLC8A1 was cloned and inserted into the pSI-Check2 vector to construct a recombinant plasmid. The dual luciferase reporter system was used to detect the relative luciferase activity. It was demonstrated that miR-1-3p can significantly reduce the luciferase activity of the plasmid containing the wild-type SLC8A1 3′UTR but has no significant effect on the plasmid containing the mutant SLC8A1 3′UTR, indicating that miR-1-3p can inhibit luciferase activity by binding to the 3′UTR of SLC8A1. Consequently, SLC8A1 is the direct target of miR-1-3p (Figure 6).
[image: Figure 6]FIGURE 6 | Dual luciferase reporter assay verifies that SLC8A1 is the direct target of miR-1-3p. (MiR-1-3p significantly reduced the luciferase activity of plasmids containing the WT SLC8A1 3′UTR. Fluc, firefly luciferase activity; Rluc, Renilla luciferase activity; WT, wild type; MU, mutant. **p < 0.01)
4 DISCUSSION
In this study, we detected and analyzed the expression profiles of miRNAs in the myocardium, amniotic fluid and maternal serum of VSD fetal rats and found that miR-1-3p, miR-1b and miR-293-5p were differentially expressed in amniotic fluid/maternal serum and the myocardium. The expression of amniotic fluid-derived DE-microRNAs (miR-1-3p, miR-206 and miR-184) was confirmed in clinical samples. Then, it was predicted and verified that one of the target genes of miR-1-3p is SLC8A1/NCX1, which is related to cardiomyocyte apoptosis, indicating that circulating miRNAs involved in the regulation of VSD may be derived from the myocardium, providing a theoretical basis for the use of circulating miRNAs to assist in the diagnosis of VSD.
MiRNAs participate in heart development, and their dysregulation may be related to CHD (Bruneau, 2008). The absence of the miRNA processing enzyme Dicer can lead to abnormal formation of the heart outflow tract and chambers in mammals, so miRNA is essential for heart development (Saxena and Tabin, 2010). Previous studies have revealed that a variety of miRNAs are involved in processes such as heart development and cardiomyocyte proliferation and differentiation, which are closely related to CHDs, including VSD (Wang et al., 2016; Toni et al., 2020; Zhuang et al., 2020).
MiR-1 is a myocardial and skeletal muscle-specific miRNA (Townley-Tilson et al., 2010). Li et al. (2013) analyzed the expression of miR-1-1 in the human heart and found that the overexpression of GJA1 and SOX9 was correlated with the decrease in miR-1-1 in VSD, indicating that miR-1-1 regulates the above target genes related to the pathogenesis of VSD. In patients with tetralogy of Fallot (TOF), miR-1 and miR-133 are significantly downregulated, which is predicted to affect the development and function of the heart by regulating genes such as KCNJ2, FBN2, SLC38A3 and TNNI1 (Grunert et al., 2019). Therefore, the downregulation of miR-1 expression is closely associated with heart development. In contrast, it was reported that the overexpression of miR-1 and miR-133 effectively promotes the reprogramming of fibroblasts to cardiomyocytes, reduces apoptosis and increases the viability of P19 cells differentiated into cardiomyocytes (Liu et al., 2017; Riching et al., 2021). In a study on circulating miRNA, Stoica et al. (2020) detected plasma miR-1 in children with CHDs who underwent surgery and found that high expression of plasma miR-1 was associated with longer intensive care time, more serious cardiovascular events and an increasing ventilation index. Hence, miR-1 can be an indicator to evaluate the prognosis of children after surgery.
Our results supported the above reports. In the myocardium of VSD fetal rats, the expression of miR-1-3p and miR-1b, both of which belong to the mir-1 family, was significantly downregulated but was upregulated in the amniotic fluid of rats and humans. This finding of circulating miR-1 is similar to the findings of the study of Stoica et al. (2020). Furthermore, a dual luciferase reporter system was used to verify that miR-1-3p participates in the regulation of VSD by directly targeting SLC8A1/NCX1. SLC8A1/NCX1 is highly expressed in the myocardium and is responsible for expelling Ca2+ from cardiomyocytes during diastole, which is the main mechanism by which cardiomyocytes return to a resting state after excitation (Wakimoto et al., 2000; Fagerberg et al., 2014). Studies have shown that SLC8A1/NCX1 deficiency results in death and cardiomyocyte apoptosis in mice in the middle embryonic stage, suggesting that SLC8A1/NCX1 is essential for fetuses and embryonic cardiomyocyte survival (Wakimoto et al., 2000). In addition, SLC8A1/NCX1 can induce a variety of heart defects, such as VSD and arrhythmia (Raveau et al., 2012). It was reported that SLC8A1/NCX1 elevated in ductus arteriosus (DA)-dependent CHDs, and play a role in preventing DA functional closure and delaying the anatomical closure process (Li et al., 2017). Previous studies showed that overexpression of SLC8A1/NCX1 was associated with myocardial hypertrophy (Tyser et al., 2016; Ottolia et al., 2021). Roos et al. (2007) indicated that increased expression of the SLC8A1/NCX1 directly led to heart hypertrophy, and the magnitude of the hypertrophy and pathology increased with increasing SLC8A1/NCX1 expression. It is almost always accompanied by loss of myocytes (apoptosis and/or necrosis) in hypertrophy progresses (Roos et al., 2007). He et al. (2015) also proved that SLC8A1/NCX1 in mouse with myocardial hypertrophy is increased and positively correlated with the cardiomyocyte apoptosis. Therefore, the overexpression of SLC8A1/NCX1 could lead to hypertrophy, apoptosis and/or necrosis. Our study further confirmed that miR-1-3p directly targets SLC8A1/NCX1 in the myocardium and participates in the regulation of cardiac electrophysiological activities and cardiomyocyte apoptosis, which is closely related to the pathogenesis of VSD.
This study also verified the upregulation of miR-293-5p, miR-15b-5p, miR-206, miR-184, miR-877 and miR-433-3p and the downregulation of miR-208b-3p in circulation. The miRNAs mentioned above have been shown to regulate the pluripotency of stem cells, the differentiation and apoptosis of cardiomyocytes and other processes related to the occurrence of heart diseases. MiR-293-5p was differentially expressed in both the myocardium and maternal serum. MiR-293-5p is a member of the miR-290–295 cluster that is most abundantly expressed in rat pluripotent stem cells and is involved in the regulation of pluripotency and reprogramming in rats (Sherstyuk et al., 2017). MiR-15b may be upregulated due to apoptosis induced by cardiac ischaemia/reperfusion injury (Liu et al., 2012; Liu et al., 2014). Zhao et al. (2019) found that miR-15b can directly target the 3′-UTR of SETD3 to inhibit its expression and myoblast differentiation, while downregulation of miR-15b can promote myoblast differentiation. MiR-208b is mainly expressed in the embryonic heart and skeletal muscle. The expression of miR-208b decreases during embryonic development to adulthood, while an increase in the adult heart may be related to pathological remodelling of the heart in dilated cardiomyopathy (Zhou et al., 2017). MiR-208b-3p participated in miR-208b-3p/Med13/Wnt/β-catenin signaling pathway axis and against hypoxia/reoxygenation injury. MiR-206 is significantly decreased in the peripheral blood of TOF patients after surgery (Abu-Halima et al., 2017). MiR-184 was increased in cardiomyocytes suffering from oxidative stress, and inhibition of miR-184 could inhibit cardiomyocyte apoptosis (Zou et al., 2020a). MiR-877 were differentially expressed in the right ventricle of pulmonary arterial hypertension rats (Joshi et al., 2016). MiR-433-3p upregulated in patients with critical coronary stenosis (Infante et al., 2019). Accordingly, our study indicated that DE-microRNAs (miR-293-5p, miR-15b-5p, miR-206, miR-208b-3p, etc.) in the circulation of amniotic fluid and maternal serum are related to VSD, which is helpful for the prenatal diagnosis of fetal VSD.
Scholars have proposed that circulating miRNAs can be packaged in microvesicles, exosomes, and apoptotic bodies or combined with RNA-binding proteins or lipoprotein complexes to maintain stability and prevent degradation (Creemers et al., 2012; Tsatsaronis et al., 2018; Mori et al., 2019). Previous studies of arrhythmogenic cardiomyopathy, acute myocardial infarction, liver injury, tumours and other diseases have found that miRNAs are underexpressed in tissue but overexpressed in circulation, indicating that circulating DE-microRNAs may originate from damaged tissues or apoptotic cells (Bueno Marinas et al., 2020; Zou et al., 2020b). Apoptosis play an important role in the pathogenesis of VSD. The increase of apoptosis would result in cardiac defects, including VSD (Chen et al., 2009). Studies revealed that increased apoptosis observed in interventricular septum or outflow tract cushions was likely contributing to VSD (Gaussin et al., 2002; Liang et al., 2007). It was reported that apoptotic cells were increased in VSD models. Kumar et al. (2007) found that the apoptotic cells were significantly increased in the ventricular myocardium of the streptozotocin-induced diabetic mice embryos. The increased apoptosis was also confirmed in several genetically mutated models of VSDs (Chen et al., 2009; Huang et al., 2012; Liu et al., 2018). In this study, miR-1-3p, miR-1b and miR-293-5p all showed similar low expression in the myocardium of VSD fetal mice and high expression in amniotic fluid and maternal serum, which supports this hypothesis and indicates that the miRNAs mentioned above may be actively or passively released into the circulation by cardiomyocytes, suggesting myocardial injury or apoptosis. Therefore, the overexpression of miRNAs such as miR-1-3p, miR-1b and miR-293-5p in the circulation is a direct and powerful clue related to fetal VSD.
This study has certain limitations. Some miRNAs considered to be related to VSD in previous studies (such as miR-133, miR-181c, etc.) were not greatly differentially expressed in this study. The diversity may be because the samples in this study were derived from fetal mice and related body fluids, while some of the previous studies selected different samples, such as VSD patients after birth and cells cultured in vitro, or different pretreatment methods, such as whole blood and exosomes of amniotic fluid/serum. This study verified that one of the target genes of miR-1-3p is SLC8A1/NCX1 by the dual luciferase reporter system. The expression and regulatory pathways of miR-1-3p and SLC8A1/NCX1 in VSD fetus remains to be further explored.
5 CONCLUSION
Our study comprehensively analyzed the expression profile of miRNAs in the myocardium, amniotic fluid and maternal serum and found that miR-1-3p, miR-1b and miR-293-5p were differentially expressed in both the myocardium and circulation and may be released by necrotic or apoptotic cardiomyocytes and thus appear to be downregulated in the myocardium and upregulated in the circulation. MiR-1-3p targeting SLC8A1 participates in the regulation of VSD, and the same expression was confirmed in human amniotic fluid, which indicates that miRNA has great potential to become a biomarker for the prenatal diagnosis of VSD. This finding provided a foundation and broadened the horizon of the use of circulating miRNAs to assist in the prenatal diagnosis of VSD. The value in clinical application is expected to be verified in long-term follow-up of new cohorts in the future.
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Whether under anaerobic or aerobic conditions, glycolysis results in production of lactate. Increasing evidence suggests that lactate serves as a multifunctional signaling molecule that develops non-metabolic activities in addition to serving as a key metabolite to link glycolysis and oxidative phosphorylation. Histone posttranslational modification patterns (HPTMs) are essential epigenetic processes controlling a variety of biological activities. Proteomics based on mass spectrometry (MS) has been used to progressively reveal new HPTMs. Recent discoveries of histone lactylation modification mediated by lactate and subsequent research demonstrating its involvement in cancer, inflammation, lung fibrosis, and other conditions suggest that it plays a significant role in immune regulation and homeostasis maintenance. This review provides a brief overview of the complicated control of histone lactylation modification in both pathological and physiological conditions.
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INTRODUCTION
As part of the glycolysis process, lactate dehydrogenase (LDH) catalyzes a specific type of hydroxycarboxylic acid. It is produced by pyruvate breakdown in either anaerobic or aerobic conditions (Fletcher, 1907; Rogatzki et al., 2015). l-lactate and d-lactate are the two enantiomers of lactate that reside in the human body (Oh et al., 1979; Levitt and Levitt, 2020). The former is primarily found in human serum, whereas the latter comes from dietary intake. l-lactate is referred to in this article whenever the word lactate is not explicitly used. For quite a long time, lactate was thought to be a waste product of anaerobic glycolysis. However, emerging data suggest that lactate serves as a multifunctional bio-signaling molecule in addition to being a key metabolite connecting glycolysis and oxidative phosphorylation. On the one hand, lactate regulates intracellular and extracellular metabolic processes across the entire body. On the other hand, it also has a variety of biological effects, including anti-inflammation, immunological regulation, and gene expression, through receptors expressed in different cells and tissues (Ferguson et al., 2018; Brooks, 2020). Histone undergoes posttranslational alterations in both the C-terminal region and projecting N-terminal tails, which play a crucial role in histone modifications. Numerous histone modifications, including acetylation, methylation, and crotonylation, have been documented before the 2019 discovery of histone lactylation. Recent findings by Zhang et al. state that lactate contributed to epigenetic regulation of genes by lactylating histone lysine residues and that lactate was found to be a precursor to histone lysine lactylation (Kla), which stimulated gene transcription from chromatin (Zhang et al., 2019); these findings demonstrate lactylation’s critical role in immune regulation and homeostasis maintenance. Furthermore, lactylation modifications have primarily been studied on histones as of late, but we hypothesize that lactylation also occurs on non-histone proteins, similar to other modifications such as crotonylation. Additionally, the “YnLac” chemical reporter, which has an alkynyl functionalized bioorthogonal structure, may detect new lactylation modification sites in non-histone proteins (Sun et al., 2022). In addition, several microbes and plants have also been identified with lactylated global proteins, including non-histone (Gao et al., 2020; Zhang et al., 2021a; Meng et al., 2021; Sun et al., 2022). On the other hand, there are currently no investigations of non-histone lactylation in mammals, and additional research is required. In this review, we hope to share information on histone lactylation and discuss new findings that demonstrate how this process regulates a variety of pathological conditions.
HISTONE LACTYLATION
Core histones (H2A, H2B, H3, and H4) and linker histones (H1 and H5), which are alkaline, positively charged proteins, are found in histones. The elementary unit of a chromosome is the nucleosome, which consists of a histone octamer with 200 bp of DNA wrapped around it. Histone posttranslational modification (PTM) is a part of epigenetics. The term “epigenetics” refers to changes in gene expression that are heritable during cell division but do not include changes in the DNA coding sequence. Through covalent modification, different acyl groups can be joined to the amino acid residues on histones. Acyl groups have a variety of impacts on how tightly histone and DNA are bound because of various covalent modification forces (Strahl and Allis, 2000; Tessarz and Kouzarides, 2014; Bowman and Poirier, 2015; Zhang et al., 2021b). This variation will be amplified during the gene expression process, finally resulting in different biological signals that cause transcriptional activation or gene silencing (Table 1). So, histone lactylation will result in different biological responses.
TABLE 1 | Role of histone lactylation in disease models.
[image: Table 1]Discovery of lactylation
In 2019, Zhang et al. discovered that in human breast cancer cells, there was a mass shift which is 72.021Da on lysine residues by mass spectrometry (Zhang et al., 2019). Because this mass shift matched that produced by the attachment of a lactyl group to the ε-amino group of a lysine residue, the scientists suspected that it was caused by lactate. So, they created a synthetic peptide to see if it had any chemical characteristics with the peptide obtained in vivo that caused the mass change. Additionally, they carried out metabolic labeling studies with isotopic glucose and isotopic lactate to support it, which is in accordance with the conclusion of immunoblotting. The data showed that the unique histone modification known as “lysine lactylation” subsequently was derived directly from either exogenous or endogenous lactate. Zhang et al. made a crucial observation that lysine lactylation differed from lysine acetylation in its kinetics. Under the same conditions, lactylation occurs throughout 24 h, whereas acylations reach a stable state at 6 h. This demonstrates that lactylation and acetylation occur at different times. The scientists genetically removed LDH, which catalyzes the conversion of pyruvate to lactate, and discovered that lysine lactylation was completely abrogated (Zhang et al., 2019). This proved that the kinetics was only affected by lactate. All evidence signifies that lactylation is controlled by lactate and that the process takes longer than that of acetylation.
The enzymes of lactylation
Specific enzymes or enzyme complexes known as “writers” and “erasers” control the addition and removal of histone acylations, activating transcriptional signals that are then read by effector proteins known as “readers” to influence downstream signal pathways and start various biological events (Strahl and Allis, 2000; Figlia et al., 2020). Therefore, lysine lactylation, a novel histone modification, should have some comparable components evolved for it to regulate gene expressions, just as the other histone modifications have a kit of their enzymes. The “writer” and “eraser” is a pair of enzymes with some opposing enzymatic activities to install or remove lactyl groups from modified lysine residues. The “reader” is a type of protein that specifically recognizes this modification and translates it into a variety of functional outcomes within the cell. Currently, it has been shown that “writer” and “eraser” are components of the histone acetyltransferases (HATs) and histone deacetylases (HDACs), respectively (Zhang et al., 2019; Moreno-Yruela et al., 2022a). Additionally, it should possess a class of substrates known as “lactyl-CoA”, which directly adds a lactyl group to lysine residues (Zhang et al., 2019). Although there is no evidence to support the presence of “lactyl-CoA”, in vivo, we hypothesize that the enzyme ACSS2, also known as acetyl-CoA synthase 2, may be able to produce “lactyl-CoA” since the enzymes found in lactylation are highly coincident with those in acetylation, and in acetylation, ACSS2 produces acetyl-CoA. Zhang et al. showed strong p53-dependent, p300-mediated H3 and H4 lactylation and a commensurate impact on transcription, indicating that p300, an acetyltransferase known for mediating histone lactylation, was responsible for lactate inductions of the histone lactylation (Zhang et al., 2019). After that, Moreno-Yruela, C. et al. demonstrated in vitro that two families of deacetylases, namely, HDAC1-3 (histone deacetylase 1–3) and SIRT1-3 (silent information regulator1-3) were lysine delactylases (Figlia et al., 2020; Moreno-Yruela et al., 2022a). HDACs are a subclass of lysine deacetylases that may cleave lactyllysine marks. There are 18 enzymes in total among two families of HDACs (Delcuve et al., 2012). They confirmed that HDACs 1 and 3 in cells had a higher impact on modified histone to remove the lactyl group since HDAC1-3 showed substantial activity toward lysine lactylation (Moreno-Yruela et al., 2022a). So far, we have determined that p300, HDAC1-3, and SIRT1-3 are responsible for setting up and removing histone lactylation. These results, above all, constitute a crucial step toward a thorough characterization of the regulatory components of this pathway, even if the substrate of lactylation has not yet been identified.
It is worth noting that lysine D-lactylation is said to occur by a non-enzymatic acyl transfer. Methylglyoxal is a reactive molecule produced during glycolysis. In the glyoxalase pathway, glyoxalase 1 traps it as D-lactylglutathionethen, and then glyoxalase 2 regenerates glutathione by releasing d-lactate. During the process, d-lactylglutathione is reactive to nucleophiles and can transfer the D-lactyl acyl group onto lysine residues (Gaffney et al., 2020). HDACs also cause the elimination of D-lactylation, even though no enzymes are involved in the acyl installation. D-lactylation and L-lactylation have differing catalytic efficiencies when removed by HDACs (Moreno-Yruela et al., 2022b). The varied distribution of HDACs may be the cause of this. In the cell nucleus, HDAC1–3 may target a few proteins that have been discovered to have D-lactylation modifications (Gaffney et al., 2020; Jennings et al., 2021). Additionally, SIRT2, which is largely found in the cytoplasm, is more likely to break down D-lactylation. However, there are still a lot of questions that require additional research.
Mechanisms of lactylation
Similarly, we use acetylation as a model to determine how lysine lactylation occurs (Figure 1). We hypothesize that cells have a “lactate clock” (Zhang et al., 2019). When exogenous or endogenous lactate accumulates to a certain quantity in cells, the “lactate clock” is activated and initiates lysine lactylation. Then, relevant enzymes start the process. First, the “writer” transfers “lactyl-CoA” as a substrate to histone lysine residues. This generates that the degree to which the changed histone binds to the lactyl group alters how tightly it binds to the DNA molecule, indirectly controlling the expression of genes. Then, the “erasers” arise to complete it, preventing histone lysine from having a lasting impact and stopping the whole cycle of histone lactylation. However, the aforementioned procedure is only capable of reaching the speculation stage; hence, more testing is required. Although the exact mechanism of histone lactylation is unknown, Zhang et al. have identified certain particular locations. From mouse bone marrow–derived macrophages (BMDMs) and human HeLa cells, they found 26 and 16 histone lactylation sites, respectively (Zhang et al., 2019). Additionally, some new sites has been found and all the sites will make it much easier for future researchers to analyze histone lactylation (Figure 2). Interestingly, a newly created predictor called FSL-Klanew may help forecast lactylation sites. According to the model’s inventor, the model can generate candidates for further experimental approaches in addition to being a cutting-edge tool for lactylation site profiles (Zhang et al., 2019; Jiang et al., 2021a).
[image: Figure 1]FIGURE 1 | Possible mechanism and roles of histone lactylation in some diseases. Lactate derives from the conversion of glucose by glycolysis, and it may synthesize lactyl-CoA, which is hitherto unclear with the ACSS2. Then, the lactyl group is transferred by p300 to Lys lactylations, leading to various physiopathological activities in different diseases. For example, in human cervical cancer and colitis, inflammation-related genes such as Arg1, Mmp9, Rtn4r, Tgm1, and Spsb4 are upregulated; in embryon, some glycolysis-related genes, including Hk2, Pgk1, Pfk1, Pkm, Eno1, and Ldha, are upregulated; in lung fibrosis, fibrosis-related genes such as Opn, Pdgfa, Thbs1, and Vegfa are upregulated; in ocular melanoma, two tumor suppressor genes, namely, Per1 and Tp53 are upregulated; In sepsis, Kla of HMGB1 is upregulated, contributing to the translocation of HMGB1; in AD, Kla of H4K12 is upregulated, resulting in microglial dysfunction. Abbreviations: ACSS2, synthetase short-chain family member 2; p300, an acetyltransferase; Arg1, arginase1; Mmp9, matrixmetalloproteinase9; Rtn4r, reticulon 4 receptor; Tgm1, transglutaminase 1; Spsb4, SPRY domain- and SOCS box-containing protein 3; Hk2, hexokinase 2; Pgk1, phosphoglycerate kinase1; Pfk1, phosphofructokinase-2; Pkm, pyruvate kinase M2; Eno1, enolase1; Ldha, lactate dehydrogenase; Opn, osteopontin; Pdgfa, platelet-derived growth factor A; Thbs 1, thrombospondin-1; Vegfa, vascular endothelial growth factor A; Per1, period circadian regulator 1; Tp53, tumor suppressor gene TP53; the dashed lines mean that the process has not been proved; The solid lines mean that the process has been proved.
[image: Figure 2]FIGURE 2 | Sites of histone lactylation in humans and mice. The lactylation sites identified on the four core histones, namely, H3, H4, H2A, and H2B. The different numbers represent the various sequences of lysine in histones. Some sites, such as H3K18, locate in both humans and mice, shown by both yellow circle icon with “H” and green circle icon with “M”. Others locate in only humans or mice, shown by yellow circle icon with “H” and green circle icon with “M”, respectively.
The numerous histone modifications are more or less connected because differences between them are fundamentally existent only in the modification groups. Therefore, we suspect that other types of histone modifications, especially acetylation, intersect with lactylation. Before the discovery of lactylation, acetylation and glucose metabolism were investigated. For instance, Wellen et al. discovered that the acetyl-CoA generated by ATP citrate lyase served as a bridge between the acetylation process and glucose metabolism (Wellen et al., 2009). Latham et al. later discovered that lactate may inhibit the activity of deacetylase, regulating gene expressions (Latham et al., 2012). Furthermore, it was found by Moussaieff et al. and Li, L et al. that glycolysis also influenced the co-factor and substrate levels of acetylation and that, in many glycolysis-dependent cells, acetyl-CoA typically altered simultaneously with lactate (Moussaieff et al., 2015; Li et al., 2020). There should be a connection between acetylation and lactylation. In fact, it is indeed the same. The histone lysine lactyltransferase, p300, was experimentally shown by Zhang et al. In addition, Moreno-Yruela, C et al. discovered that a portion of HDACs had a delactylating effect (Zhang et al., 2019; Moreno-Yruela et al., 2022a). Since acetylation and lactylation are regulated by both HATs and HDACs, and it is reasonable to assume that the two are connected. Although the link between lactylation and acetylation has not yet been defined, we can make assumptions based on several investigations (de Ruijter et al., 2003). For instance, lactate can increase the levels of lactylation and acetylation in macrophage HMGB1 (Yang et al., 2022a). Additionally, when glucose is used as a treatment, the levels of lactylation and acetylation both increase within a certain limit (Zhang et al., 2019). Mice that are exposed to cold also have higher levels of lactylation and acetylation (Lu et al., 2022). Lactylation and acetylation levels under hypoxia, however, differ depending on the type of cell; in Hela cells, lactylation levels increase, while acetylation levels decrease. In contrast, when lactylation levels increase in murine macrophages, there is no change in acetylation levels (Zhang et al., 2019). Therefore, we believe that it is unreasonable to simply categorize the relationship between lactylation and acetylation or other acylation modifications as synergistic or competitive because the changes in lactylation and acetylation occur differently in diverse cells and respond differently to various stimuli. Although no research has yet provided an explanation for the result, we may assume that they are related to the various subtypes of the pertinent enzymes. As is well-known, various tissues express different subtypes of HDACs differently (de Ruijter et al., 2003). It remains unclear if, even in the presence of the same stimulus, different distribution or activity of a specific subtype of HDACs in cells leads to asynchronous changes in lactylation and acetylation.
Other histone modifications, such as crotonylation and butyrylation, have also been discovered to be connected to lactylation. For instance, a recent discovery indicates that histone lactylation and crotonylation are crucial for epigenetic regulation of brain development. In this work, lactylation and crotonylation were shown to have a synergistic effect on the processes of neural differentiation and cell proliferation (Dai et al., 2022). Lactylation may also be related to butyrylation mediated by butyric acid because butyric acid contributes to an increased lactylation level of whole protein in Hela cells and may prevent lactylation via inhibiting a wide range of HDACs. Similar to this, we hypothesize that lactylation may be connected in some unknown ways to other histone modifications, including butyrylation, propionylation, succinylation, glutarylation, beta-hydroxybutyrylation, and 2-hydroxyisobutyrylation (Chen et al., 2007; Xie et al., 2012; Dai et al., 2014; Xie et al., 2016; Bao et al., 2019). But, we do not fully understand all of this right now; thus, it has to be investigated in further research.
LACTYLATION AND DISEASES
HPTMs are involved in gene activation or gene silencing in cancer and inflammation (Allen et al., 2014; Benayoun et al., 2019; Evans et al., 2020). Belonging to HPTMs, lactylation is also intimately linked to numerous illnesses. An increasing amount of evidence points to the involvement of lactate-mediated histone lactylation in the pathophysiology of several systems. The function of histone lactylation in tumors, inflammation, embryogenesis, neuropathy, and pulmonary fibrosis will be discussed in the following sections.
Tumors
The microenvironment of tumors is crucial to development and growth of malignancies. Various factors, including metabolites such as lactate, can affect it. Lactate is released by tumor cells and detected by macrophages through transporters found on those cells (Colegio et al., 2014; Chen et al., 2017; Jiang et al., 2021b). In the past, lactate was thought to be a biological marker of malignancy. For instance, Martinez-Z et al. discovered that the accumulation of lactate outside the tumor was closely related to both a shorter overall patient survival rate and a greater incidence of metastasis in tumor patients (Martínez-Zaguilán et al., 1996). The German scientist Otto Heinrich Warburg discovered the Warburg effect in the 20th century, which describes how most tumor cells have a high glucose absorption rate. Tumor cells produced and secreted significant quantities of lactate as a result of aggressive glycolysis occurring in aerobic conditions (Warburg, 1928). The Warburg effect hypothesis brought increased attention to the role of glycolysis in cancer. When lactate from a Warburg-type metabolism was discovered, Arg1 expression surged. It has even been associated with protumor in several systems and is also a marker for M2 macrophages (Colegio et al., 2014; Carmona-Fontaine et al., 2017; Arlauckas et al., 2018). In conclusion, it is not difficult to hypothesize that lactate-induced histone lactylation should be a crucial factor in the growth of tumors. Exact histone lysine lactylation was identified in mouse bone marrow–derived macrophages and HeLa cells. Research studies also demonstrated that lactylation could be enhanced under hypoxia, and intracellular or extracellular lactate could affect it (Zhang et al., 2019). The carcinogenic significance of histone lactylation in ocular melanoma was then shown by Jie Yu et al. They demonstrated that YTH domain family protein 2 (YTHDF2), an m6A (N6-methyladenosine) reader protein, is activated by histone lactylation, and this finding provided novel histone lactylation targets for treating ocular melanoma (Yu et al., 2021). It is to be note that it was the first time lactylation of histones was shown to promote oncogene expression and quicken tumor development, indicating that lactylation was involved in tumor development. In tumor immune escape, the cell types known as tumor-infiltrating myeloid cells (TIMs) play a significant role. Recently, Jia et al. discovered that lactylation also controls TIMs. Their findings demonstrated that lactate accumulated in the tumor microenvironment effectively increased methyltransferase-like 3 (METTL3) in TIMs via H3K18la. They discovered it was critical for boosting TIMs’ immunosuppressive abilities using lactylation-driven METTL3-mediated RNA m6A modification after identifying two lactylation modification sites in the zinc-finger domain of METTL3 (Xiong et al., 2022).
Inflammation
It was well-established that inflammation is essential for onset and development of many illnesses (Liu et al., 2017). Growing evidence has shown several molecular mechanisms, and now histone lactylation is also involved in the activation of inflammation (Chen et al., 2019a; Feng et al., 2019; Wenzel et al., 2019; Certo et al., 2021). As a result, histone lactylation may create novel therapeutic strategies for prevention and treatment of various illnesses focused on inflammation (Chen et al., 2019b; Wang et al., 2020a; Wang et al., 2020b; Sousa et al., 2020). Under various disease conditions, such as sepsis, cancer, chronic inflammation, and autoimmune diseases, it has been reported that lactate produced by aerobic glycolysis has immunosuppressive effects in local tissues (Sangsuwan et al., 2020). It has also been suggested that glycolysis at high rates may provide a way to meet the increased demand for biosynthetic precursors, which is used for pro-inflammatory protein synthesis after pro-inflammatory immune cell activation (Pucino et al., 2017). Macrophages can be classified as M1 or M2 functional phenotypes, which act in pro-inflammatory or anti-inflammatory capacities, respectively. As was previously reported, Zhang et al. demonstrated that lactate and histone lactylation significantly contributed to transformation of pro-inflammatory M1 macrophages into anti-inflammatory M2 macrophages (Zhang et al., 2019), and this was further supported in adipose tissue. According to other research, lactylation is a consequence rather than a cause of macrophage activation, but it occurs coincidently with an IL-6-and Arg1-dependent metabolic rewiring under inflammatory duress (Palsson-McDermott and O'Neill, 2013). Clinical trials have shown similar findings. In a study of 13 healthy volunteers and 35 critically ill patients with septic shock, Chu, X et al. found that H3K18la may reflect the severity of critical illness and presence of infection, suggesting that H3K18la may have a significant impact on the balance of inflammation in sepsis (Chu et al., 2021). In addition, Irizarry-C et al. showed that when lacking B-cell adapter for PI3K (BCAP), macrophages show impaired lactate production and also exhibit reduced histone lactylation and lower tissue repair gene expression, which results in blunting their reparative transition (Irizarry-Caro et al., 2020). In short, the fact that histone lactylation plays a role in the development of inflammation is affirmative, suggesting a novel avenue for treatment of inflammation.
Embryogenesis
Recently, it has also been claimed that lactylation affects embryogenesis. Yang et al. discovered that H3K18la, which is a reflection of histone lactylation in the endometrium, participated in remodeling uterine receptivity (Yang et al., 2022b). This finding provided a novel insight for developing potential clinical intervention strategies to increase pregnancy rates following both natural and assisted conception. The effects of hypoxia on the development of mouse pre-implantation embryos were later shown in vitro. In hypoxic conditions (2 percent O2), as compared to atmospheric oxygen content, the lactylation in embryos was significantly less (Yang et al., 2021). Additionally, hypoxia reduces the activity of LDHA, which reduces lactate production. Moreover, another study showed that the accumulation of H3K18la on germline and cleavage embryo genes promotes transcriptional elongation (Tian and Zhou, 2022). The authors found that adding lactate activated the germline genes and cleavage embryo genes in mouse embryonic stem cells (ESCs). So, they proposed that to enhance transcriptional elongation, cofactors are recruited through lactylation, which is stimulated by lactate.
Neuropathy
Numerous studies have shown that astrocyte-derived lactate may be utilized to fuel neurons and can also serve as a signaling molecule by activating lactate receptors on the surface of neuronal cell membranes and changing how those receptors operate. In fact, lactylation, as with lactate, is also closely linked to neural activity. Hagihara et al. discovered that the degree of lactylation and lactate was correlated and that lactylation was controlled by neural excitation and social stress in brain cells (Hagihara et al., 2021). Social defeat stress and cerebral stimulation both increase brain lactate and lactylation levels, with the latter being a chronic process. After identifying 63 candidate lysine-lactylated proteins, additional research showed that lower social behavior is associated with higher histone H1la (Hagihara et al., 2021). A recent study found that lactylation had a role in the etiology of Alzheimer’s disease (AD). They discovered that the level of H4K12la was upregulated in Aβ plaque-adjacent microglia; thus, they hypothesized that this increased glycolysis/H4K12la/PKM2 positive feedback loop, which exacerbated microglial dysfunction in AD (Pan et al., 2022). So, this may be a possible therapy for AD.
Pulmonary fibrosis
Fibrosis is a common pathogenic characteristic of many illnesses, particularly interstitial lung disease, including pulmonary fibrosis. Pulmonary fibers may be stimulated by lactate that myofibroblasts and macrophages produce in the extracellular environment. To fulfill its non-metabolic activities, Cui et al. proposed that lactate generated by myofibroblasts may modify the pathogenic phenotype of alveolar macrophages. Then, they demonstrated that there was markedly elevated lactate in the conditioned media of transforming growth factor -β1 (TGF-1)–induced lung myofibroblasts and in the bronchoalveolar lavage fluids (BALFs) from animals with TGF-1-induced or bleomycin-induced lung fibrosis (Cui et al., 2021). Significantly, both the media and BALFs encouraged macrophages to produce pro-fibrotic mediators. Mechanistically, histone lactylation at the promoters of the pro-fibrotic genes in macrophages is boosted, which is consistent with the increase of lactate change in these cells. Histone lactylation and expression of pro-fibrotic genes were mediated by p300, as shown by the reduced levels of these processes in p300-knockdown macrophages (Cui et al., 2021). These discoveries provide fresh insight into the pathophysiology of the crucial role played by myofibroblast glycolysis in the etiology of lung fibrosis.
SUMMARY AND FUTURE PERSPECTIVES
Most somatic cells contain lactate, and histone lactylation alterations may also be common in vivo. The impact of lactylation on gene expression is well-established. The mechanism of histone lactylation is still unclear. In our hypothesis, when lactate reaches a specific level under healthy or pathological circumstances, it causes lactylation of histones or non-histone to engage in various biochemical processes in the body, influencing the biological reactions of the organism. How it begins, whether substrate enzymes are present before the transfer, and how the body detects when lactylation should end are all yet unknown at present. We, thus, need to conduct additional investigation. As we already noted, lactylation has been shown to occur in some diseases such as tumors, inflammation, and so on. Whether there is lactinylation in other diseases in which lactate increases within a period of time needs further research. For example, when in ischemic and hypoxic disorders such as cardiac ischemia, cells may produce more lactate, resulting in lactylation. Also, in disorders such as rheumatoid arthritis, atherosclerotic plaques, poisoning, and intervertebral disc illnesses, it will happen, too (Cheng et al., 2022). In addition, lactate level also increases in certain physiological states such as exercises, and whether the lactylation levels change during this process (Plaza-Diaz et al., 2022) or whether the function is the same and lactylation level under physiological conditions and disease conditions is different are all worth exploring. Histone lactylation represents a novel face of histone posttranslational modifications, and more research studies are needed to unravel its mysteries. As previously mentioned, D-lactylation and L-lactylation have differing catalytic efficiencies when removed by HDACs (Gaffney et al., 2020; Moreno-Yruela et al., 2022b). This requires further research. Currently, non-histone modifications are poorly studied and deserve more attention. Last, we hope that this article will help readers and provide them with new research ideas.
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Subclinical bovine mastitis is a pathogenic infection of the breast characterized by a marked decrease in milk production and quality. As it has no obvious clinical symptoms, diagnosis and treatment are challenging. Therefore, searching for biomarkers in cows’ peripheral white blood cells is valuable for preventing and treating subclinical mastitis. Thus, in this study, the transcriptome of peripheral blood from healthy and subclinical mastitis cows was characterized to find the regulatory signatures of bovine subclinical mastitis using RNA-seq. A total of 287 differentially expressed genes (DEGs) and 70 differentially expressed lncRNAs (DELs) were detected, and 37 DELs were documented near known Quantitative Trait Loci (QTL) associated with the mastitis of cows. Bioinformatic analysis indicated that lncRNAs MSTRG25101.2, MSTRG.56327.1, and MSTRG.18968.1, which are adjacent to the SCS QTL and SCC QTL, may be candidate lncRNAs that influence the pathogenesis of mastitis in cows by up-regulating the expression of genes TLR4, NOD2, CXCL8, and OAS2. Moreover, the alternative splicing (AS) pattern of transcriptional sequence differences between healthy cows and subclinical mastitis cows suggested a molecular mechanism of mastitis resistance and susceptibility. A total of 2,212 differential alternative splicing (DAS) events, corresponding to 1,621 unique DAS genes, were identified in both groups and significantly enriched in immune and inflammatory pathways. Of these, 29 DAS genes were subject to regulation by 32 alternative splicing SNPs, showing diverse and specific splicing patterns and events. It is hypothesized that the PIK3C2B and PPRPF8 splice variants associated with AS SNPs (rs42705933 and rs133847062) may be risk factors for susceptibility to bovine subclinical mastitis. Altogether, these key blood markers associated with resistance to subclinical mastitis and SNPs associated with alternative splicing of genes provide the basis for genetic breeding for resistance to subclinical mastitis in cows.
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1 INTRODUCTION
Bovine mastitis is the foremost production and major economic burden confronted by the global dairy industry (Hoque et al., 2019). The disease may be asymptomatic or symptomatic (subclinical or clinical mastitis), persistent (chronic), or nonpersistent. Infectious agents such as Staphylococcus aureus (S. aureus), Streptococcus agalactiae, and Mycoplasma spp as well as environmental pathogens such as Escherichia coli, Klebsiella pneumoniae, and Enterobacter aerogenes are the main causes of mastitis in cattle (Gao et al., 2017; Hoque et al., 2020, 2019). In countries such as China, 10–40% of mastitis cases are caused by S. aureus (Wang et al., 2018). These bacteria enter the mammary gland and are recognized by the interaction of their pathogen-associated molecular patterns (PAMP), and the resulting induced inflammatory response leads to the shedding of somatic cells (SC) into the milk. It has been demonstrated that both the number of somatic cells count (SCC) and changes in their gene expression are associated with physiological processes in the mammary gland and bacterial infection (Leitner et al., 2000), with 200,000 cells/mL being used as the best cut-off point to distinguish between infected and uninfected (Schepers et al., 1997; Goncalves et al., 2018).
Blood is a mixture of various immune cells, such as lymphocytes, neutrophils, and monocytes, which have an advantage in reflecting traits such as immunity and disease resistance in cows (Chaussabel, 2015). Also, circulating leukocytes in the blood play a key role in the onset, development, and regression of mastitis, as they are the primary source of immune cells attracted to the mammary gland during infection (Cheng et al., 2021). Most importantly, blood is an easily accessible and least damaging tissue sample compared to bovine mammary epithelial cells, which can accurately reflect the physiological status and health of cows during lactation (Bai et al., 2016). Thus, gene expression profiles from blood offer new opportunities to clarify the mechanisms underlying the complex traits of cows. Blood biomarkers play an important role in characterizing the disease state of animals, and many studies have reported altered mRNA and long non-coding RNA abundance in the mammary gland after mastitis, with some stable markers such as lncRNA XIST (Ma et al., 2019a), lncRNA-TUB (Wang H. et al, 2019), LRRC75A-AS1 (Wang et al., 2020b) and lncRNAs PRANCR (Mi et al., 2021) were identified, but the role of gene transcription and complex networks in the blood remains unclear.
The diversity of functional protein products is mostly attributed to gene alternative splicing. Alternative splicing is a fundamental mechanism by which introns in pre-mRNAs are clipped and exons are bonded together in different configurations, leading to alterations in the structure of major transcripts (Baralle and Giudice, 2017). The previous findings showed that well over 60% of human genes undergo substitutive splicing (Modrek et al., 2001) which has a strong association with diseases (Faustino and Cooper, 2003; Urbanski et al., 2018; Yang et al., 2019). In cows, one study found that 4,567 of 21,755 bovine genes are alternatively spliced, and the most common AS event is exon skipping (Chacko and Ranganathan, 2009). These AS events are strongly associated with disease resistance in cows. For example, two differential alternative splicing (DAS) events in the genes EXOC7 and KIF2C affect protein functional domains and are associated with the susceptibility to Mycobacterium avium subspecies paratuberculosis (Li et al., 2022). Furthermore, the specific alternative splicing patterns exhibited in genes SLAMF7 (Ju et al., 2012a), BOLA-DQA2 (Hou et al., 2012), and CD46 (Wang et al., 2016) in mammary gland tissues of cows were associated with mastitis resistance in cows.
Moreover, 15% of point mutations on genomic DNA that lead to genetic diseases impact pre-mRNA splicing (Wang et al., 2016). Several splicing-related single nucleotide polymorphisms (SNP) may directly alter the coding region, leading to aberrant alternative splicing that affects the disease phenotype (Wang et al., 2014; Ren et al., 2021). In cattle, a study found that an independent spontaneous splice site variant in COL2A1 (g.32473300 G > A) was most likely responsible for chondrodysplasia during early fetal development in cows. Similarly, the SNP g.5880C > T, SNP g.18174A > G, and SNP g.10766T > C might affect the binding with splicing-related factors, subsequently causing the production of aberrant splice variant HMGB3-TV1 (Li et al., 2013; Wang et al., 2014), NCF4-TV (Ju et al., 2015), and NCF1-TV1 (Zhang et al., 2015), thus increasing somatic cell scores in cows.
In the current study, we used RNA-seq to characterize gene expression patterns in the peripheral white blood cells transcriptome of healthy cows and subclinical mastitis cows. Furthermore, we obtained several candidate blood-based transcriptional biomarkers based on the comprehensive analysis of gene function annotation and gene expression patterns. Afterward, we further analyzed alternative splicing events at the transcription level and searched for splicing-associated mutations to elucidate the molecular regulatory mechanisms of bovine subclinical mastitis resistance.
2 MATERIALS AND METHODS
2.1 Sample collection and preparation
Three healthy cows and three subclinical mastitis cows were chosen according to three consecutive months of SCC records and other related phenotypes. In this study, cows with milk SCC values below 100,000 cells/mL were regarded as healthy cows. In contrast, cows with SCC values in the range of 200,000 cells/mL and 500,000 cells/mL were considered to be suffering from subclinical mastitis cows. For similarity in the biological background, the cows in this study had similar lactation days and all calved one litter (Supplementary Table S1).
About 20 mL of anticoagulant blood sample was collected from each cow. About 10 mL of anticoagulant blood sample was centrifuged at 3,500 r/min for 15 min and the middle leukocyte layer was collected and stored in 1 mL of TRIzol at -80 °C for RNA extraction. In addition, about 2 mL blood sample was sent to Jinhaikeyu company for HP testing (Beijing, China). A further amount of blood was used for genotyping at GGP Bull 150K BeadChip (Neogene, Lansing, MI, United States).
2.2 Hematological parameters
A Sysmex K-4500 automated hematology analyzer (Sysmex Corporation, Kobe, Japan) was used to test 24 hematological parameters, including White Blood Cells (WBC), Red Blood Cells (RBC), Hemoglobin (HGB), Red blood cell-specific volume (HCT), Mean Corpuscular Volume (MCV), Mean Corpuscular Hemoglobin (MCH), Mean Corpuscular Hemoglobin Concentration (MCHC), Platelet count (PLT), Neutrophil Ratio (NETU%), Neutrophil count (NETU#), Lymphocyte Ratio (LYMPH%), Lymphocyte count (LYMPH#), Monocyte Ratio (MONO%). Monocyte count (MONO #), Eosinophil Ratio (EO%), Eosinophil count (EO#), Basophil Ratio (BASO%), Basophil count (BASO#), Platelet Distribution Width (PDW), Mean Platelet Volume (MPV), Red cell distribution width - stand error (RDW-SD), Red blood cell distribution width - coefficient of variation (RDW- CV), Platelet-Large Cell Ratio (P-LCR), Platelet cubic metric distribution width (PCT).
2.3 RNA extraction and RNA sequencing
Total RNA of peripheral white blood cells for each cow was extracted with the TRIzol reagent (Invitrogen, Carlsbad, CA, United States) following the manufacturer’s procedures. The concentration of RNA was estimated using the NanoDrop 2000 (ThermoFisher Scientific, Waltham, MA, United States) and the RNA Nano 6000 Assay Kit of the Bioanalyzer 2,100 system was used to assess RNA integrity. The RNA quality was checked for contamination and degradation by a 1% agarose gel. Then, qualified RNA was used to construct RNA-seq libraries. Finally, cDNA libraries were sequenced with 150 bp paired-end reads from Illumina NovaSeq 6,000 platform (Novogene, Beijing, China).
2.4 RNA-Seq data analysis
2.4.1 Reads quality control and mapping
The quality of the raw data was evaluated with FastQC version 0.11.8. The clean data were obtained by using Trimmomatic version 0.38 to filter out reads with adapter sequences and low-quality reads from the raw reads (Bolger et al., 2014). Specifically, remove splice sequences, bases with mass less than three at the 5′ and 3′ ends of reads, and all bases with average mass less than 15 in the window; trim reads with sequence length less than 36. Subsequently, paired-end reads from each sample were aligned to the reference genome using STAR version 2.7.7a (Dobin et al., 2013). The generation of SAM files was sorted into BAM files using SAMtools version 1.9 (Li et al., 2009). Subsequently, each sample was assembled and merged using StringTie version 1.3.5 (Pertea et al., 2015).
2.4.2 Prediction novel lncRNA
In the current study, strict filtering conditions were set on the annotated transcripts to obtain novel lncRNA transcripts. Firstly, transcripts shorter than 200bp and less than two exons were discarded. Then, transcripts with the class codes “i" (intronic lncRNA, ilncRNA), “u" (Intervening lncRNAs, lincRNA), and “x" (antisense lncRNA, lncNAT) were preserved. Finally, protein-coding potential predictions were performed using the Coding-Non-Coding Index (CNCI) (Sun et al., 2013), ORF Length and GC content (LGC) (Wang G. et al., 2019), Coding Potential Calculator (CPC) (Kang et al., 2017), and Predictor of Long non-coding RNAs and messenger RNAs based on an improved K-mer scheme (PLEK) (Li et al., 2014), and only those transcripts at the intersection of the four software tools 132 were selected as novel lncRNA transcripts.
2.4.3 Quantification and Identification of Differentially Expressed Genes
Transcripts were quantified using HTSeq-counts version 2.0.1 and results were expressed as read counts (Anders et al., 2015). Subsequently, normalization of reads and differential expression analysis of reads were performed using the DESeq2 (Love et al., 2014). Differentially expressed genes (DEGs) and differentially expressed lncRNAs (DELs) were screened with the criteria of p-value < 0.05 and log2 (fold change) > 1.5.
2.4.4 Prediction of the cis and trans-target genes of lncRNAs
To explore the functions of lncRNAs, we simultaneously predicted the cis- and trans-target genes of lncRNAs. Protein-coding genes near the transcript positions of lncRNAs (100k upstream and downstream) were selected as cis-target genes of lncRNAs with the BEDTools version2.1.2 (Quinlan and Hall, 2010). Trans-target genes were predicted based on Pearson correlation coefficients between DELs and DEGs calculated by the R package-Hmisc, with screening criteria of r > 0.98 and p-value < 0.05.
2.4.5 Gene Alternative Splicing Analysis
In the alternative splicing analysis, alternative splicing events were detected using rMATS version 4.1.1 (Shen et al., 2014). In this study, five alternative splicing patterns, namely exon skipping (ES), retained intron (RI), mutually exclusive exon (MXE), alternative 5′ splice site (A5SS), and alternative 3’ splice site (A3SS), were detected from healthy cows and subclinical mastitis cows using rMATS software version 4.1.1. Statistical verification (FDR <0.05) was performed when the differences in isoform ratio (IncLevelDifference) of different alternative splice genes (DAS genes) exceeded the defined threshold of 0.01%. Static images of sarcograms were generated outside of IGV using sarcograms, which is a python tool that is part of the MISO package.
2.4.6 Functional annotation of SNPs
In this study, all animals were genotyped using the GGP Bull 150K BeadChip (Neogene, Lansing, MI, United States) and the effects of all SNPs were annotated by ensemble Variant Effect Predictor (VEP) to screen for SNPs associated with alternative splicing. Subsequently, SNPs were localized to target genes based on positional information to identify candidate SNPs associated with alternative splice genes.
2.5 Functional enrichment analysis
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis and gene ontology (GO) analysis of DEGs, target genes of DELs, and DAS genes were performed on the KOBAS 3.0 online website (http://kobas.cbi.pku.edu.cn/kobas3/).
2.6 Construction interaction network of DELs, DEGs, and pathways
A regulatory network of DELs, target genes of DELs, and pathways were constructed using Cytoscape version 3.5.1 (Yin et al., 2020)
2.7 Statistical analysis
Linear regression analysis was performed using GraphPad Prism (version nine; GraphPad Software, San Diego, CA, United States) and Student’s t-test was used to examine significant differences in the expression levels of lncRNAs and mRNAs between healthy and subclinical mastitis cows. The ggpubr was used to analyze correlations between routine blood test parameters and standardized read counts of genes.
3 RESULTS
3.1 Overview of RNA-seq data
RNA-seq was performed on six cDNA libraries using the Illumina NovaSeq 6,000 platform. The total reads mapped to the bovine genome have been summarized in Table 1. A total of 12.79 million raw reads per library and 12.59 million clean-read pairs were generated from all cDNA libraries. The GC contents of the reads ranged from 50 to 52%. The average alignment rate of clean reads to the bovine genome (version: ARS-UCD1.2) was 95.89%, while 90.91% of clean reads were uniquely mapped reads. Reads that uniquely mapped to the reference genome were used for further analysis (Table 1).
TABLE 1 | Summary of reads mapped to the bovine genome.
[image: Table 1]3.2 Identification and characterization of lncRNAs in subclinical mastitis cows vs. healthy cows
The identification of novel lncRNAs transcripts was followed by a series of criteria. Upon transcript filtering and protein-coding potential prediction, 5,510, 5,664, 5,296, and 5,165 lncRNAs transcripts were predicted by CPC, CNCI, LGC, and PLEK, respectively (Figure 1A). Of particular note, 4,424 lncRNAs transcripts were identified as novel lncRNAs transcripts, which were evaluated by four prediction tools. Of the 4,424 identified lncRNAs transcripts, 76.29% had two or three exons, while 0.52% had more than six exons (Figure 1B).
[image: Figure 1]FIGURE 1 | Identification and characterization of lncRNAs in cows with subclinical mastitis and healthy cows. (A) The Venn diagram of novel lncRNAs. The intersection part showed the novel lncRNAs predicted by the coding potential prediction software CPC, PLEK, CNCI, and LGC together. (B) Exon number of identified lncRNAs transcripts. (C) Distribution of identified lncRNAs transcripts on all chromosomes. (D) Among 4,421 lncRNA transcripts, the proportion of intronic lncRNA (ilncRNA), Intervening lncRNAs (lincRNA), and antisense lncRNA (lncNAT).
In the peripheral blood of healthy cows and subclinical mastitis cows, a total of 6,365 lncRNAs were screened, including 1,941 known lncRNAs transcripts. These transcripts were widely distributed in all chromosomes of the bovine genome, and the highest number of transcripts was on chromosome five (Figure 1C). lncRNAs were classified according to their genomic location, with intervening lncRNAs having the highest proportion (47.11%) of all novel lncRNAs, followed by antisense lncRNAs (26.92%) and the lowest percentage of intronic lncRNAs (18.85%) (Figure 1D).
3.3 lncRNAs and mRNA expression profile changes in subclinical mastitis cows vs. healthy cows
A total of 287 differentially expressed genes (DEGs) and 70 differentially expressed lncRNAs (DELs) were identified between the two groups (p-value < 0.05, log(fold change) > 1.5) (left panel in Figures 2A,B). Compared with healthy cows, 253 genes and 57 lncRNAs were significantly up-regulated, while 34 genes and 13 lncRNAs were significantly down-regulated in subclinical mastitis cows. The clustering results of the heatmaps showed that the expression patterns of lncRNAs and mRNAs were quite different between healthy and subclinical mastitis cows (right panel in Figures 2A,B).
[image: Figure 2]FIGURE 2 | lncRNAs and mRNA expression profile changes in subclinical mastitis cows vs. healthy cows. The number (A) and the heatmap (B) differentially expressed genes (DEGs) and differentially expressed lncRNAs (DELs) in subclinical mastitis (SM) cows vs. healthy (HY) cows (p-value < 0.05, log2 (fold change) > 1.5).
Next, the functions of 287 DEGs were investigated. As shown in Figures 3A, B, 287 DEGs were involved in 301 GO terms (p-value < 0.05), which contained 55 molecular compositions (CC), 190 biological processes (BP), and 56 molecular functions (MF). Furthermore, KEGG results of DEGs showed 17 enriched signaling pathways (p-value < 0.05) (Figure 3B). Among them, the NOD-like receptor signaling pathway was enriched with the highest number of DEGs (Supplementary Table S2). The genes FCAR, PTAFR, and SELPLG are involved in the S. aureus infection pathway, among which SELPLG is also involved in the cell adhesion signaling pathway (Supplementary Table S2). Notably, the genes SLC40A1 and SLC11A2 were involved in the ferroptosis signaling pathway, and SLC40A1 was up-regulated (Figure 3B) in subclinical mastitis cows vs. healthy cows.
[image: Figure 3]FIGURE 3 | Results of GO and KEGG analysis of 287 differentially expressed genes (DEGs) in subclinical mastitis (SM) cows vs. healthy (HY) cows. (A) REVIGO summary and visualization of the significant Go terms (p-value < 0.05), including 190 GO terms of biological process (BP), 50 GO terms of cellular components (CC), and 56 GO terms of molecular function (MF). (B) KEGG pathways of DEGs (p-value < 0.05), and expression differences of several DEGs involved in the S. aureus infection, cell adhesion molecules, and ferroptosis pathway.
We also investigated the relationship between DEGs and routine blood test parameters and found that the standardized read counts of genes DCK, ARGE, VNN2, and OAS2 were significantly correlated with White Blood Cell (WBC) count (109/L) (p-value < 0.05) (Figure 4A). Similarly, the standardized read counts of genes GBP6 and TBXAS1 were significantly correlated with the Monocyte Ratio (MONO %) in peripheral blood (p-value < 0.05) (Figure 4B).
[image: Figure 4]FIGURE 4 | Linear analysis of normalized read counts for several differentially expressed genes (DEGs). and routine blood test parameters. (A) DEGs are significantly associated with White Blood Cell (WBC) count (109/L). (B) DEGs are significantly associated with Monocyte Ratio (MONO %).
3.4 Combined DELs and DEGs of healthy cows and subclinical mastitis cows for exploring their co-expression
Potential target genes of DELs were predicted by co-localization and co-expression. In this study, 40 cis-target genes and 124 trans-target genes were predicted (Supplementary Table S2). The results of GO analysis showed that target genes of DELs were involved in 197 BP, 44 CC, and 55 MF (Figure 5A). Most of the target genes were located in cytoplasmic vesicles, outside of the plasma membrane and were involved in the positive regulation of interleukin-17 production, inflammatory response, and cell adhesion (Figure 5A).
[image: Figure 5]FIGURE 5 | Results of GO and KEGG analysis of lncRNAs cis-and trans-target genes. (A) Significant GO terms (p-value < 0.05) for cis- and trans-target genes of lncRNAs, including 197 GO terms for biological processes (BP), 44 GO terms for cellular components (CC) and 55 GO terms for molecular functions (MF). (B) Significant KEGG pathways for cis and trans target genes of lncRNAs (p-value < 0.05), and expression differences of the differentially expressed genes (DEGs) involved in the enrichment of the NOD-like receptor signaling, S. aureus infection, and cell adhesion pathways. (C) Annotation results of DELs in subclinical mastitis cows compared to healthy cows, with red bars showing DELs associated with reproductive traits and mastitis.
The results of the KEGG analysis showed 12 pathways (p-value < 0.05) (Figure 5B). Most of these pathways were related to immune responses and inflammation, like NOD-like receptor, p53, IL-17, and S. aureus infection pathway. Besides, the genes FCAR, PTAFR, and SELPLG are involved in the S. aureus infection pathway, among which SELPLG is also involved in the cell adhesion signaling pathway (Supplementary Table S2). Notably, most DELs and their target genes showed the same expression trends (Supplementary Table S2).
3.5 Identification of candidate biomarkers associated with subclinical mastitis
In this study, the functions of DELs were further annotated by comparing the genomic positions of DELs and QTL-related regions in Cattle QTLdb. The results showed that 245 DELs were located adjacent to 481 QTLs in Cattle QTLdb (Figure 5C). These QTLs surrounding DELs were associated with milk production performance and reproductive traits, with more than 75% of QTLs being associated with milk (Supplementary Table S3). More importantly, 35 DELs were located adjacent to three QTLs related to mastitis, such as SCC QTL, somatic cell score (SCS) QTL, and white blood cell count QTL (Supplementary Table S3). What’s more, it was found that 32 lncRNAs were adjacent to stillbirth and calving ease QTLs (Supplementary Table S3), of which 15 DELs were also adjacent to white blood cell QTL, SCS QTL, and SCC QTL, such as MSTRG.10101.2, MSTRG.28749.24, MSTRG.46076.1, MSTRG.67501.5, and MSTRG.23805.2, MSTRG.28197.1 (Supplementary Table S3), and so on.
3.6 Co-expression networks revealed the regulatory mechanism of lncRNAs in subclinical mastitis
Previous studies have shown that lncRNAs may impact disease resistance of livestock and poultry by regulating the expression levels of their cis-and trans-target genes. In this study, five signaling pathways were shared by DEGs and DELs, including NOD-like receptor, S. aureus infection, cell adhesion, B cell receptor, and IL-17 signaling pathways, involving 18 DEGs, 37 DELs, and 7 DEGs. As shown in Figure 6, the network included 117 nodes, 133 edges, and lncRNAs MSTRG.25101.1, MSTRG.25098.1, MSTRG.25418.3, MSTRG.56318.1, MSTRG.15193.2, MSTRG.56327.1, MSTRG.67146.1, and MSTRG.54896.1 may play key nodes to regulate the expression levels of core genes OAS1Y, GBP4, OAS2, FCAR, SELPLG, DCK, and ICAM3. This result implied the important role of lncRNAs in bovine subclinical mastitis.
[image: Figure 6]FIGURE 6 | Co-expression networks of lncRNAs cis- and trans- target gene pathways; In particular, these five pathways were shared by differentially expressed genes (DEGs) and differentially expressed lncRNAs (DELs), including the NOD-like receptor, S. aureus infection, and cell adhesion (CAMs), B-cell receptor, and IL-17 signaling pathways. Purple rectangles represents DELs, blue diamonds represents DEGs, red ellipses represents critical paths, and different target relationships in the same regulatory network are distinguished by different colored lines.
3.7 Identification and characterization of total alternative splicing events and differential alternative splicing events
A comprehensive analysis of alternative splicing events in peripheral blood was also performed. As shown in Figure 7A, a total of 65,839 alternative splicing (AS) events were found between healthy and subclinical mastitis cows (FDR < 0.05), including 2,212 differential alternative splicing (DAS) events. Five patterns of AS consist of exon skipping (ES), retained intron (RI), mutually exclusive exon (MXE), alternative 5′ splice site (A5SS), and alternative 3’ splice site (A3SS). A total of 2,212 events were segregated into 82.59% ES events, 11.66% MXE events, 2.44% A3SS and A5SS events, and 3.30% RI events (Figure 7A). More than two types of AS events were presented in 139 genes, 89 genes showed both MXE and SE events, 18 genes showed both SE and RI events (Figure 7B), and the genes CCDC51, PIK3CG, MCEMP1, STRADA, and ATP2A3 presented three types of AS events.
[image: Figure 7]FIGURE 7 | Identification and characterization of total alternative splicing (AS) events and differential AS (DAS) events. (A) Distribution of five AS types including skipping exon (SE), alternative 5′ splice site (A5SS), alternative 3′ splice site (A3SS), mutually exclusive exon (MXE), and retained intron (RI) among 65,839 AS events and 2,212 unique DAS events (FDR < 0.05). (B) Statistical results of shared and specific AS events in two groups. The bar graph on the left shows the number of raw AS events. The connections between points indicated the presence of intersections between corresponding data sets. (C) The number of five AS event genes in the healthy and subclinical mastitis cows.
Further analysis revealed that 60 and 13 AS genes presented RI events, 16 and 17 AS genes presented A5SS events, 13 and 8 AS genes presented A3SS events, and the same number of genes presented MXE events in healthy and subclinical mastitis cows, respectively (Figure 7C). Notably, the number of SE events increased two-fold in subclinical mastitis cows compared to healthy cows (Figure 7C).
3.8 Several DAS genes were mastitis-specific and involved in immune, inflammatory response, and reproduction-related pathways
Through the integration of DAS events that belong to the same gene, 2,212 DAS events were found to correspond to 1,621 unique genes (Figure 8A). Gene Ontology and KEGG pathway analysis were used to characterize the primary functions of AS genes. In all three functional categories, AS genes were annotated to different GO terms, including 142 GO terms for CC, 455 GO terms for BP, and 172 GO terms for MF (Figure 8B), affecting insulin binding, regulation of bacterial entry into host cells, and response to ionizing radiation. KEGG pathway analysis further revealed that DAS genes were enriched in 154 pathways, which were classified into five categories in the KEGG database.
[image: Figure 8]FIGURE 8 | Functional characterization of differential alternative splicing (DAS) genes. (A) Distribution of the five essential AS events detected from 1,621 DAS genes, and a schematic illustration of the five AS models, including skipping exon (SE), alternative 5′ splice site (A5SS), alternative 3′ splice site (A3SS), mutually exclusive exon (MXE), and retained intron (RI). (B) Significant GO terms for 1,621 DAS genes (p-value < 0.05), including 455 GO terms for biological processes (BP), 142 GO terms for cellular components (CC) and 172 GO terms for molecular functions (MF). (C) Significant KEGG pathways of 1,621 DAS genes (p-value < 0.05), divided into five types, with different colors representing different types.
At one hierarchical level of the KEGG results (Figure 8C), a total of 42 signaling pathways associated with the organism system were enriched (Supplementary Table S4). In particular, the highest proportion of signaling pathways related to the immune system were reported, such as chemokines, Toll-like receptor, NOD-like receptor, hematopoietic cell lineage, natural killer cell-mediated cytotoxicity, IL-17, and leukocyte transendothelial migration signaling pathways (Figure 8C), which comprised 134 unique genes, representing 62.62% of the catalog (Supplementary Table S4). As a matter of note, 32 DAS genes were found involved in reproductive trait-related signaling pathways, such as thermogenesis, oxytocin, estrogen, and progesterone-mediated oocyte maturation signaling pathways (Supplementary Table S4). Hierarchical level two showed that 18 signaling pathways are involved in the regulation of mastitis, including MAPK, Ras, cGMP-PKG, NF-κb, phosphatidylinositol, and mTOR, wnt, and TNF pathways (Figure 8C). At the third level, a total of 19 pathways were identified as being related to cellular processes.
Worthy of note, the genes SLC40A1, ACSL6, GCLC, ACSL5, CYBB, VDAC3, and FTH1 were also enriched in the ferroptosis signaling pathway (Figure 8C). Of these, SLC40A1 was up-regulated and also enriched in the ferroptosis signaling pathway as DEGs (Figure 3B).
3.9 SNPs rs42705933 and rs133847062 may impact mastitis resistance by altering the alternative splicing patterns of PIK3C2B and PRPF8
From the results of the annotation of ensemble Variant Effect Predictor (VEP) on all SNPs, 51.97% of the SNPs were intronic variants, 34.00% were intergenic variants, and only 0.02% of the variants were associated with alternative splicing (Supplementary Figure S1), which included spliced donor region variants and spliced polypyrimidine tract variants. Ultimately, a total of 32 SNPs associated with alternative splicing were screened, corresponding to 29 unique alternative splicing genes (Table 2), including 23 genes that exhibited SE events, three genes that exhibited MXE events, and three genes that exhibited A5SS events, A3SS events, and RI events (Table 2).
TABLE 2 | AS SNPs of all SNPs and the AS events of their target genes.
[image: Table 2]To explore the mechanism by which alternative splicing variants regulate subclinical mastitis resistance, it was further investigated the genotype of these 32 AS SNPs between healthy and subclinical mastitis cows. Two AS SNPs were associated with subclinical mastitis resistance, and the genotypes of these AS SNPs were completely dissimilar between the healthy and subclinical mastitis cows (Table 3). Specifically, SNP rs42705933 on chromosome 16 at 2,210,365 bp of gene PIK3C2B had the genotype AA in healthy cows and AG in subclinical mastitis cows. Furthermore, SNP rs133847062 on chromosome 19 at 22,777,382bp of gene PRPF8 had the genotype AC in healthy cows and AA in subclinical mastitis cows (Table 3). Notably, the two DAS genes both presented exon skipping compared to the healthy cows (Figure 9A).
TABLE 3 | Genotypes of SNP rs42705933 and rs133847062 in two groups.
[image: Table 3][image: Figure 9]FIGURE 9 | Interacting networks of alternative splicing genes, differentially expressed genes (DEGs), and the target genes of differentially expressed lncRNA (DELs). (A) differential alternative splicing (DAS) genes PIK3C2B and PRPF8 exhibited skipping exon (SE) events compared to healthy cows. Red represents healthy cows (HY1, HY2, and HY3) and yellow represents subclinical mastitis cows (SM1, SM2, and SM3). Inclevel represents inclusion level for sample replicates, and gene structure graph represents alternative splicing isoforms imputed from GTF files. (B) PPI network of subclinical mastitis resistance-associated genes. Purple nodes represents DEGs, red nodes represents the target genes of lncRNAs that were close to somatic cell count (SCC) and somatic cell score (SCS), and white cell count QTLs, blue nodes represents two DAS genes regulated by SNPs, and gray nodes represents the second shell of interactors. The thickness of the line represents the strength of the interaction, and the arrow represents the up-regulated gene.
To gain more insight into the interactions of these two mastitis resistance-related DAS genes with DEGs, a PPI network was constructed for functional association analysis. As a result, 110 interactions were found to be present in 37 genes (interaction score >0.4). As shown in Figure 9B, some proteins were able to interact, such as GBP4 could interact with OAS1Y and OAS2, MYD88 could interact with S100A9, and TLR4 could interact with CXCL8, NOD2, and PTAFR. On the other hand, one protein interacts with another protein through a third protein. For example, OAS2 could interact with TBXAS1 via PTGS1, PIK3C2B could interact with AREG via EGFR, and CXCR1 could interact with S100A8 via CXCL6. The above results suggest that these proteins play a synergistic role in the regulation of bovine subclinical mastitis.
4 DISCUSSION
In this study, the expression profiles of mRNAs and lncRNAs from healthy cows and subclinical mastitis cows were characterized, and the functions of 287 DEGs, 70 DELs, and 1,621 DAS genes were annotated, obtaining a number of significantly enriched pathways. Notably, the NOD-like receptor signaling pathway, cytokine-cell receptor interaction, Toll-like receptor signaling pathway, and S. aureus infection pathway were also significantly enriched in the available studies of bovine mammary epithelial (BME) cells (Wang et al., 2016; Wang et al., 2020a; Lin et al., 2021), suggesting that these pathways play important regulatory roles in the pathogenesis of mastitis in blood and breast tissue. Subsequently, based on target gene prediction and QTL database annotation, the results showed that the lncRNAs MSTRG25101.2, MSTRG.56327 0.1, and MSTRG.18968.1, which are adjacent to the SCS QTL and SCC QTL, regulate the expression levels of genes NOD2, CXCL8, OAS2, and TLR4, which are involved in the NOD-like receptor signaling pathway, Cytokine-cytokine receptor interaction, and Toll-like receptor signaling pathway.
The innate immune system is the host’s first line of defense against pathogenic microorganisms and relies on pattern recognition receptors (PRRs) (Kawai and Akira, 2010; Celhar et al., 2012; Kawasaki and Kawai, 2014). These PRRs recognize molecular features expressed on microorganisms and the interaction of PRRs with microbe-associated molecular patterns (MAMP) can lead to the expression of pro-inflammatory cytokines and other immunomodulatory molecules (Gilbert et al., 2013). Among several different types of PRRs in cows, Toll-like receptors (TLRs) and NOD-like receptors (NLRs) have been extensively studied (Bhattarai et al., 2018). In the present study, genes NOD2, CXCL8, OAS2, and TLR4 were differentially expressed in the blood transcriptome of subclinical mastitis cows and involved in the NOD-like receptor, Toll-like receptor pathway and were identified as key candidates for this study. TLR4 and NOD2, as key PRRs, and their recognition of MAMP have been shown to be a key event in the development of mammary inflammation (Goldammer et al., 2004; Aitken et al., 2011; Porcherie et al., 2012). CXCL8 is an important neutrophil chelator in BME cells (Wellnitz and Bruckmaier, 2012), induces chemotaxis in the target cells, and has a significant change in expression levels upon TLR4 activation, which could serve as a potential biological for improving the outcome of mastitis markers (Islam et al., 2020).
Ferroptosis is a regulatory form of iron-dependent cell death (Dixon et al., 2012; Zuo et al., 2022), and is characterized by abnormal iron metabolism (Yang and Stockwell, 2016), lethal lipid peroxidation, and reactive oxygen species accumulation. Several studies have demonstrated that ferroptosis plays a vital regulatory role in the pathology of cancers such as lung cancer (Yang and Stockwell, 2016), gastrointestinal cancer (Zhu et al., 2020), and breast cancer (Xu et al., 2021; Zhang et al., 2021). Yet, few studies reported the relationship between ferroptosis and subclinical mastitis of cows, and the precise mechanism of programmed cell death in bovine mastitis is not fully understood. In our study, KEGG results showed that SLC40A1 (Deng et al., 2021), SLC11A2 (Weijiao et al., 2021), ACSL6, GCLC (Chang et al., 2021; Wang et al., 2021), ACSL5, CYBB (Ping et al., 2022), VDAC3 (Yang et al., 2020; Zhu et al., 2021), and FTH1 (Liu et al., 2022) were involved in the ferroptosis signaling pathway (Supplementary Table S4). Among them, SLC40A1 was up-regulated in subclinical mastitis cows compared to healthy cows (Figure 3B). Moreover, SLC40A1, ACSL6, GCLC, ACSL5, CYBB, VDAC3, and FTH1 were also DAS genes. Of these, the SLC40A1 presented SE and RI events and the FTH1 showed four alternative splicing patterns, including SE and RI, MXE, and A3SS. It is hypothesized that alternative splicing may influence the development of subclinical mastitis by altering the alternative spliced pattern of genes associated with ferroptosis.
RNA splicing is an important regulatory mechanism that links trait-associated variants and complex traits. Alternative splicing generates diverse transcripts with significant roles in disease resistance (Ju et al., 2012a; Asselstine et al., 2022) and the metabolic process (Sun et al., 2021) of the cow. In this study, a total of 2,212 differential splicing events were detected, affecting 1,621 different genes, and GO enrichment analysis showed that they mainly affected some genes that are thought to be involved in transcriptional regulation, proteolytic processes, and neurodevelopment (Figure 8C). It was furthermore reported that the two groups exhibited different AS profiles, with a two-fold increase in the number of SE events in subclinical mastitis cows compared to healthy cows (Figure 7C), whereas there was no significant increase in the number of MXE events, A5SS events and A3SS events, or even a decrease in the number of RI events, demonstrating a link between specific alternative splicing patterns and subclinical mastitis in cows, and similar results were obtained in mammary gland tissues infected with S. aureus (Sun et al., 2021). Consequently, we hypothesized that mastitis-specific AS patterns may increase susceptibility to mastitis and that gene-specific AS patterns in the mammary gland of healthy cows may positively influence the disease resistance of cows, which requires further study.
Mutations affected by pre-mRNA splicing account for more than 15% of disease-causing mutations (Caminsky et al., 2014). Previous studies have documented numerous loci of disease susceptibility genes associated with certain specific splicing patterns in cows. For instance, SNPs rs39652267 and rs39631044 in the 3′ flanking region of the gene JAK2 were dramatically associated with SCC and SCS, and SNP rs43046497 on the intron nine of the gene STAT5A was significantly linked to IL-6 (Usman et al., 2014). These results indicated that the alternative splicing process of mastitis resistance-associated genes is mediated by SNPs. In our study, a total of 32 AS SNPs were identified (Table 2), of which two SNPs rs42705933 and rs133847062 had completely different genotypes between healthy cows and subclinical mastitis cows, which corresponded to SE events of PIK3C2B and PRPF8 (Table 3). Notably, neither of the candidate mastitis genes affected by splice variants in this study, PIK3C2B and PRPF8 were simultaneously regulated at the transcriptional level, indicating independent regulation of genes by alternative splicing, while the PPI interaction network showed that these two alternative splice genes interacted with subclinical mastitis-related genes at the protein level (Figure 9B).
Among them, PIK3C2B belongs to class II of the PI3Ks family and performs a pivotal role in the control of membrane trafficking and intracellular signaling (Vanhaesebroeck et al., 2010; Margaria et al., 2019). The splicing factor PRPF8 is critical for breast cell survival and has potential prognostic value in breast cancer (Cao et al., 2022). What is more, these two SNPs are variants of spliced polypyrimidine fragments (Supplementary Table S5), which are recognized by the polypyrimidine fragment binding protein of the spliceosome complex and are essential for the initial recognition of introns in mammals (Riolo et al., 2021), and the expansion of the polypyrimidine fragment enhances the efficiency of splicing (Romfo and Wise, 1997). Therefore, we hypothesized that the SNPs rs42705933 and rs133847062 may act as pathogenic mutations that cause the genes PIK3C2B and PRPF8 to exhibit exon skipping, which in turn affects the resistance of cows to subclinical mastitis, but the detailed regulatory mechanism remains to be verified in subsequent future studies.
5 CONCLUSION
Our data suggest that genes TLR4, NOD2, CXCL8, and OAS2 are key components involved in the host immune response to bovine mastitis and that the lncRNAs MSTRG25101.2, MSTRG.56327.1, and MSTRG.18968.1 adjacent to the SCC QTL and SCS QTL may potentially regulate expression of these candidate genes. In addition, characterization of peripheral white blood cell transcriptome alternative splicing events indicated that specific types of alternative splicing events appear to be associated with mastitis resistance in cows and that single nucleotide polymorphisms in the DAS genes PIK3C2B and PPRF8 may be risk factors for mastitis susceptibility in cows. The genes and lncRNAs highlighted in this study could serve as expression biomarkers for mastitis that can be used for genetic improvement of dairy cattle for resilience to mastitis. In conclusion, our study provides a basis for further investigation of the molecular mechanisms of resistance and susceptibility to subclinical mastitis in cows.
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The aim of this study was to explore the potential biological function of circular RNAs (circRNAs) in the sperm motility traits of Xinjiang Yili geese, and to provide a reference for analyzing the mechanism of regulation of Yili geese sperm motility. The 10 selected Xinjiang Yili Geese with high or low sperm motility (five for each group) were 3 years old, in good health, and were kept in the same feeding conditions. Yili geese were slaughtered for the collection of testicular tissue and high-throughput sequencing technology was used to screen differentially expressed circRNAs for bioinformatics analysis. Combined with the previously screened miRNAs related to the sperm motility of Yili geese, the circRNAs miRNAs regulatory network was constructed. The results showed that a total of 26,311 circRNAs were obtained from testicular tissues with high and low sperm motility, and 173 DECs were screened between the two groups (p < 0.05, |log2Foldchange|>0), of which 82 were up-regulated and 91 were down-regulated. Functional analysis of the source genes of these DECs showed that the source genes were mainly involved in biological processes. KEGG enrichment analysis showed that the source genes of DECs were mainly enriched in autophagy-animal, ubiquinone and other terpenoid-quinone biosynthesis, progesterone-mediated oocyte maturation, regulation of the actin cytoskeleton and other pathways. Furthermore, the visual regulatory network of differential circRNA-miRNA-mRNA was constructed, including 20 circRNAs, 18 miRNAs and 177 mRNAs, and nine core regulatory circRNAs were screened, including novell_circ_0045314, novel_circ_0019994 and novel_circ_0020422, etc., targeting ppy-mir-16, hsa-mir-221–3p, gga-mir-499–5p, etc. The results suggest that circRNAs may interact with miRNAs to further regulate mRNA to regulate sperm motility in Yili geese, so as to provide a reference for analyzing the molecular mechanism of sperm motility regulation.
Keywords: yili geese, sperm motility, testis, circrnas, transcriptomic
1 INTRODUCTION
The Yili goose is the only local poultry variety in China that is derived from the herbivorous characteristics of gray geese. As a high-quality local characteristic poultry, the Yili goose has the characteristics of strong adaptability, good flight, heat resistance, cold resistance, rough feeding resistance, strong disease resistance and stress resistance, as well as good meat quality (Zhao et al., 2020). Reproductive traits are the most important economic traits in poultry production. Improving reproductive performance is always an important goal of poultry genetic improvement. The semen quality of male birds is directly related to the fertilization ability of sperm, which is one of the important indicators affecting reproductive efficiency. According to previous research, the low fertility of male Yili geese and the low fertilization rate of eggs limit the development of the Yili goose industry (Zhao et al., 2019). We also found that the sperm motility of yili geese was significantly different among individuals, and there was a positive correlation between sperm motility and fertilization rate (Wu et al., 2022). Therefore, there is an urgent need to use molecular biotechnology to improve the reproductive performance of male Yili geese and to explore the genetic mechanisms affecting their semen quality.
CircRNAs are closed circular RNA transcripts formed by reverse splicing from a single RNA precursor and are found in all higher eukaryotes, including mammals (Li et al., 2018). It has been found that circRNA plays an important role in organisms. It can be used as competitive endogenous RNA (CeRNA) or as an “miRNA sponge” to inhibit the activity of miRNA, weaken or even relieve the inhibitory effect of miRNA on downstream target genes, and promote the expression of target genes (Zhong et al., 2018). At present, there are many studies on the roles of circRNAs in various aspects of the mammalian reproductive system, such as testicular development (Li et al., 2021; Zhang et al., 2021), follicle development (Guo et al., 2020; Liang et al., 2020), embryonic development (Quan and Li, 2018), etc. However, studies on the molecular mechanisms of circRNAs in the poultry reproductive system have mainly focused on the follicle development of female poultry (Shen M. et al., 2019; Shen M. et al., 2020; Wu et al., 2020). Research on the mechanism of regulation of circRNA with regard to sperm motility in the Yili goose is still lacking. In this study, Yili geese with extreme differences in sperm motility were taken as the objects of research. The expression pattern of circRNA in the testicular tissue of Yili geese with high and low sperm motility was analyzed by RNA-seq technology, and the circRNA related to the sperm motility of male geese was screened and identified, so as to provide a theoretical basis for the genetic and breeding improvement of Yili geese.
2 MATERIALS AND METHODS
2.1 Sample collection
The experimental animals used in this study were provided by Hengxin Industrial Co., Ltd. Emin County, Xinjiang. According to the data on sperm motility and egg fertilization rate, among the 3-year-old Xinjiang Yili goose with similar body weight (3.65±0.40 kg) and the same feeding conditions, 5 geese with high and low sperm motility were selected (p < 0.01) (Table 1). After the geese were sacrificed, their testis tissues were collected immediately, and stored in liquid nitrogen, rinsed with PBS 1 to 2 times, and immediately placed in a cryopreservation tube containing RNA preservation solution. The testis samples of the HFR geese (high sperm motility group) were labeled as HFR-1∼HFR-5, and the testis samples of the LFR geese (low sperm motility group) were labeled as LFR-1∼LFR-5. The samples were labeled and stored at 4 °C overnight and then stored at -80 °C the next day until they were used for the extraction of total RNA.
TABLE 1 | Sperm motility and fertilization rate of Yili geese with high and low sperm motility.
[image: Table 1]2.2 Total RNA extraction and illumina sequencing
The total RNA was extracted using Trizol (Invitrogen, Carlsbad, CA, United States), following the manufacturer’s protocol, and agarose gels, a Nanodrop ND-1000 spectrophotometer (IMPLEN,CA, United States) and an Agilent 2100 Bioanalyzer (Agilent Technologies, CA, United States) were used to ensure that the quality of the samples was sufficient for transcriptome sequencing. After the samples passed quality control, the strand-specific library was constructed by removing ribosomal RNA (circRNA library building and the linear RNA process). After the libraries were qualified, the library preparations were sequenced on an Illumina Hiseq platform and 150 bp paired-end reads were generated.
2.3 circRNAs identification
Raw data (raw reads) in fastq format were firstly processed through in-house perl scripts. In this step, clean data (clean reads) were obtained by removing reads containing adapter, reads containing ploy-N and low-quality reads from raw data. At the same time, for Q20, Q30 and GC content the clean data were calculated. The index of the reference genome (Yan et al., 2020) was built using Bowtie2 (v2.2.8) (Langmead et al., 2009)and paired-end clean reads were aligned to the reference genome using Bowtie. The circRNA was detected and identified using find_circ (v1.2) (Memczak et al., 2013)and CIRI2 (v2.0.5) (Gao et al., 2015), and the intersection of the two types of software was also used to identify the circRNA.
2.4 circRNAs difference analysis and functional enrichment analysis
HTSeq v0.6.0 (Anders et al., 2015)was used to count the reads numbers mapped to each gene, and the expression amount was normalized with TPM (Zhou et al., 2010). The input data of circRNA differential expression is readcounts data obtained from circrna expression level analysis. Differential expression analysis of the two groups was performed using the DESeq2 R package (1.10.1) (Michael et al., 2014). circRNAs with a p < 0.05 and |log2Foldchange|>0 found by DESeq2 were set as the threshold for significantly differential expression. The GOseq (Release 2.1.2) (Young et al., 2010) software was used for the GO enrichment analysis of differentially expressed circRNA-derived genes, and KOBAS (2.0) (Mao et al., 2005; Kanehisa et al., 2008) was used for Paththe way enrichment analysis. A P of <0.05 was set as the threshold for statistically significant results.
miRNA target sites in the exons of circRNA loci were identified using miRanda (Enright et al., 2003). miRNA target genes were predicted to be the intersection of miRanda (Enright et al., 2003) and RNAhybrid (Kruger and Rehmsmeier, 2006). Cytoscape (v3.7.1) (Paul et al., 2003) software was used to construct the circRNA-miRNA-mRNA networks.
2.5 Real-time PCR validation of sequencing results
Randomly selected from the transcriptome sequencing results, 8 DECs related to the HFR and LFR of Xinjiang Yili geese were used for fluorescence-based quantitative validation. Oligo 7.0 software was used to design primers (Supplementary Table S1). SYBR GREEN reagent (TaKaRa) was used to amplify the target gene and internal reference gene (beta-actin) mRNAs on a ROCHE 480 quantitative PCR instrument (Eppendorf, Germany). The PCR reaction system (20 μl) included the 10 μl AceQ Universal SYBR qPCR Master Mix, 0.4 μl upstream primer (10 μmol L/L), 0.4 μl downstream primer (10 μmol L/L), 6.7 μl ddH2O, and 2.5 μl cDNA. The reaction conditions were as follows: 95°C for 5 min, 95°C for 10 s, 60°C for 30 s, 40 cycles; dissolution curve: 60°C→95°C, with a temperature increase of 0.3°C every 15 s. Quantitative expression results were calculated according to the cross point (CP) values, and the relative expression levels were calculated according to the 2−∆∆Ct method (Bustin et al., 2009).
3 RESULTS
3.1 Screening of yili geese with high and low sperm motility
Based on the semen quality data from six instances and the fertilization rate data from five instances, five individuals in the high sperm motility group and five individuals in the low sperm motility group were screened out. An independent t-test showed that the sperm motility and fertilization rate of the individuals in the high sperm motility group were significantly higher than in the low sperm motility group (p < 0.01, Table 1).
3.2 Evaluation of sequencing data quality
It can be seen from Table 2 that 495,401,294 clean reads and 475,402,620 reads were obtained by sequencing Yili geese with high and low sperm motility, respectively. The Q20 and Q30 of each sample were at least 97.49% and 93.06%, respectively, and the GC contents were between 45.40% and 47.40%. These results indicated that the quality of transcriptome sequencing results met the needs of subsequent analyses. According to the statistical results, 91.29%–92.37% of the clean reads were mapped to the reference genome, of which 86.06%–89.40% of the clean reads were uniquely mapped. The results showed that there were enough reads of each sample mapped to the reference genome, and the selected reference genome was suitable.
TABLE 2 | Evaluation of sequencing data quality.
[image: Table 2]3.3 circRNAs identification and characteristic analysis
3.3.1 Identification of circRNAs
A total of 26,311 circRNAs were identified in testicular tissues (Figure 1), of which 6,520 and 6,032 were unique of the Xinjiang Yili geese with HFR and LFR, respectively. According to the annotation of the reference genome, it was found that many of the host genes of circRNAs are related to male reproduction (Table 3, Supplementary Table S2), such as spermatogenesis-related SPA5L, SPAT5, SPAT6, SPT17, SPT48, etc., testis-specific genes TESK1, TEX10, TSG10 etc., and flagellar motility genes SPEF2, CF206, IF172, etc., showing that it is feasible to sequence testicular tissue by RNA-seq technology and to screen for biomarkers related to geese reproduction.
[image: Figure 1]FIGURE 1 | circRNAs difference between HFR and LFR. The big circle represents each comparison combination, the sum of the numbers in each big circle represents the total number of circrnas identified by the comparison combination, and the overlapping part of the circle represents the number of circrnas common between the combinations.
TABLE 3 | Annotation of host genes associated with gander reproduction for partial circRNAs.
[image: Table 3]3.3.2 Characteristic analysis of circRNAs
According to the comparison results of circRNAs and the reference genome, there were 14,232 circRNAs without corresponding host genes, and other circRNAs were mapped to 12,080 genes. The lengths of these circRNAs ranged from 23 bp to 1,511 bp, with an average length of 357 bp (Figure 2). Most circRNAs were distributed on chromosome 2, accounting for 8.43%, followed by chromosomes 1, 7, and 10, accounting for 6.38%, 5.83%, and 4.87%, respectively (Figure 3). According to their location in the genome, most circRNAs were derived from intergenic regions (34.19%), followed by exonic regions (33.45%) and intronic regions (32.36%) (Figure 4).
[image: Figure 2]FIGURE 2 | Length distribution of circRNAs.
[image: Figure 3]FIGURE 3 | circRNA chromosome distribution.
[image: Figure 4]FIGURE 4 | circRNA source statistics.
3.4 circRNAs differential expression analysis
Compared with the low sperm motility group, a total of 173 DECs (differentially expressed circRNAs) were screened in the high sperm motility group, of which 82 were up-regulated and 91 were down-regulated (p < 0.05, |log2Foldchange|>0) (Figure 5), and 77 circRNAs had the source genes. Among them, the circRNAs with the smallest p values were novel_circ_0013769 and novel_circ_0007998, both located in the intergenic region, and both being up-regulated circRNAs. The fold difference was the largest in novel_circ_0042868 (source gene PDE6C), novel_circ_0018689 (intergenic_region) and novel_circ_0030568 (source gene ADAM9), with a fold difference of 7.6687, 7.1261 and 7.0849, respectively. There were 87 circRNAs with more than a 4-fold difference, accounting for 50.29% of the DECs. Hierarchical clustering analysis was performed on the circRNAs that were significantly differentially expressed in the testes of the two groups, as shown in the heat map (Figure 6), red color and blue color respectively represent the significant increase or decrease in the HFR group compared with the LFR group. It can be seen that the repeatability within the sample group was good, and the difference between the groups was large, which can better reflect the differences between different treatments.
[image: Figure 5]FIGURE 5 | Differential circRNA volcano map. Differentially expressed circRNAs were filtered using a p < 0.05 as a threshold. Red spots represent up-regulated circRNAs, and green spots indicate down-regulated circRNAs. Blue spots represent circRNAs that did not show obvious changes between the HFR and LFR samples.
[image: Figure 6]FIGURE 6 | Differential circRNA cluster map. The horizontal axis is the sample, and the vertical axis is the differential gene. The left side clusters the genes according to the expression similarity, and the upper part clusters each sample according to the expression profile similarity. The expression level gradually increases from blue to red, and the number is the relative expression level after homogenization.
3.5 Functional analysis of circRNA host genes
The functional analysis of the source genes of these DECs (Figure 7; Table 4) showed that 58 significant GO terms were enriched (p < 0.05), and biological processes (63.79%) were mainly enriched in cellular component organization, multi-organism processes, and the reproduction of a single-celled organism. The molecular function (31.03%) was mainly enriched in adenyl nucleotide binding, cytoskeletal protein binding, actin binding, etc., and the cellular component (5.17%) was mainly enriched in the microtubule organizing center, integral to the Golgi membrane. KEGG analysis was mainly enriched in autophagy-animal, ubiquinone and other terpenoid-quinone biosynthesis, progesterone-mediated oocyte maturation, oocyte meiosis and purine metabolism and other signaling pathways, of which metabolic pathways were enriched. The pathways with the most genes, autophagy-animal and ubiquinone and other terpenoid-quinone biosynthesis were the most significantly enriched pathways, and the source genes of differential circRNAs involved in these two pathways were Pdpk1 (phosphoinositide-dependent protein kinase 1) and COQ5 (methoxy-6-polypropylene-1,4-benzoquinone methylase) (Figure 8;Table 5).
[image: Figure 7]FIGURE 7 | GO enrichment map. The horizontal axis represents the GO term of the next level of the three categories of GO, and the vertical axis represents the p value ranges.
TABLE 4 | GO enrichment analysis of circRNA host genes.
[image: Table 4][image: Figure 8]FIGURE 8 | KEGG enrichment map. The vertical axis represents the pathway name, the horizontal axis represents rich factor, the size of the point represents the number of differentially expressed genes in this pathway, and the color of the point corresponds to different p value ranges.
TABLE 5 | KEGG enrichment analysis of circRNA host genes.
[image: Table 5]3.6 Construction and analysis of circRNA-miRNA-mRNA interaction network
circRNAs can adsorb miRNAs by combining with them, and can act as miRNA sponges (Li et al., 2018). Therefore, miRNA binding site analysis on the identified circRNAs is helpful to further study the function of circRNAs. In this study, the differentially expressed miRNAs in the testis of Yili geese with high and low sperm motility obtained in the previous stage were combined to construct a differential circRNA-miRNA-mRNA interaction network. As shown in Figure 9, the network was enriched with 20 circRNAs, 18 miRNAs and 177 mRNAs, and each circRNAs had at least 2 or more miRNA binding sites. Aca-mir-212–5p has 10 target circRNAs and 49 target mRNAs. Hsa-mir-221–3p has 3 target circRNAs and 10 target mRNAs. Bta-mir-221 has 3 target circRNAs and 11 target mRNAs. In addition, novel_ circ_ 0017590, novel_ circ_0018059 had four miRNA binding sites.
[image: Figure 9]FIGURE 9 | Interaction diagram of differential circRNA-miRNA-mRNA network. Triangle nodes represent the targeted miRNAs, circular nodes show circRNAs, and squares nodes show mRNA. Red color represent up-regulated, and green color indicate down-regulated.
novel_ circ_ 0045314, novel_ circ_ 0019994 and novel_ circ_ 0020422 has two negatively regulated target miRNAs, novell_ circ_0017628, novel_ circ_ 0018615, novel_ circ_ 0021179, novel_circ_ 0029447, novel_ circ_ 0014152 and novel_ circ_ 0010078 has one negatively regulated target miRNA. These results suggested that circRNAs in testis may regulate testicular development and sperm motility by actively participating in binding with miRNAs, acting as competitive endogenous RNAs, regulating the function of target miRNAs, and thus indirectly targeting mRNA levels.
3.7 Fluorescence quantitative polymerase chain reaction
In order to validate the differentially expressed genes identified by transcriptome sequencing, eight circRNAs were randomly selected and confirmed by qRT-PCR using GAPDH as the internal reference gene. The results showed that the expression trends of the eight circRNAs were consistent with those of the transcriptome sequencing results. Therefore, the transcriptome sequencing results are reliable and can be further studied and analyzed (Figure 10).
[image: Figure 10]FIGURE 10 | Comparison of qRT-PCR and RNA-seq results. Total RNA extracted from the hypothalami, pituitary glands, and ovaries tissues that were measured by qRT-PCR analysis; relative expression levels were calculated according to the 2−∆∆Ct method using GAPDH as an internal reference gene.
4 DISCUSSION
Semen quality is one of the important indicators to measure the breeding value of male birds. The evaluation indicators of semen quality mainly include semen color, sperm motility, sperm viability, sperm deformity rate, semen volume, pH, etc (Jerysz and Lukaszewicz, 2013; Lukaszewicz et al., 2021). Sperm motility is a reflection of metabolic capacity, and is an important factor in ensuring that the sperm and egg meet and complete fertilization. Studies have shown that sperm motility traits are highly positively correlated with fertilization rate (Nguyen, 2019). Moreover, the evaluation of sperm motility traits is relatively simple compared with other semen quality traits, and is easy to generalize. Therefore, sperm motility is the most suitable indicator to measure the reproductive performance of breeding poultry. The testis is an important reproductive organ of male birds, and its main functions are spermatogenesis and endocrine function (Iddrriss et al., 2018). The seminiferous tubules are distributed inside the testis and are the main location of spermatogenesis, making them the most suitable organ for determining male sperm motility.
circRNAs are a new class of RNAs that are different from traditional linear RNAs. They are conserved in different species and are specifically expressed in tissues at different developmental stages. circRNAs can be regulated by affecting the transcription, mRNA conversion and translation of RNA-binding proteins and miRNAs(Panda, 2018; Kristensen et al., 2019). So far, research on circRNAs has mainly focused on humans and model animals, and less research has been carried out on testicular development. Like other vertebrates, the avian testis is the site of spermatogenesis and androgen production, and research on testicular biology in avians mainly focuses on chickens and ducks (Estermann et al., 2021). Research on circRNA in poultry mainly focuses on muscle cell proliferation and differentiation (Ouyang et al., 2018; Shen X. X. et al., 2019), follicle development (Shen M. M. et al., 2020; Wu et al., 2020), disease and immunity (Qiu et al., 2018; Wang et al., 2020) and intramuscular fat deposition (Wang, 2018). However, in the study of the genetic mechanisms regulating sperm motility, the mechanism of generation and the downstream functions of circRNAs remain unclear.
Studies have shown that in mammals, the brain and testis are the tissues with the highest expression levels of circRNAs(Zhou et al., 2018; Mahmoudi and Cairns, 2019). The normal progression of testicular development and spermatogenesis depends on the precise regulation of related genes at the transcriptional and post-transcriptional levels, and ncRNAs can be temporally and spatially refined. At present, research on sperm motility regulation, especially non-coding RNA-mediated gene regulation, is relatively scarce. In this study, based on the data on semen quality and egg fertilization rate, male Yili geese with extreme differences in sperm motility were strictly screened. High-throughput sequencing technology was used for the first time to study the circRNA expression profile of the testicular tissue of Yili geese with high and low sperm motility, and a total of 26,312 circRNAs were identified. Most of these circRNAs were 23 bp-1,511 bp in length, with an average length of 357 bp, which is similar to the length of circRNAs identified in other animals (Liang et al., 2017; Yuan et al., 2018). It is worth noting that in this study, circRNAs were relatively evenly distributed in intergenic, exonic and intronic regions, and most of them were derived from intergenic regions (34.19%). Tang et al, (2020) and other studies have shown that circRNAs are abundantly expressed in male germ cells during spermatogenesis, and circRNA levels increase with the progress of spermatogenesis. This study identified a higher number of circRNAs in high sperm motility testes, indicating that there are more sperm cells in testes with high sperm motility, that is, the spermatogenesis ability is stronger. In addition, compared with the low sperm motility group, a total of 173 DECs were screened, of which 82 were up-regulated and 91 were down-regulated. The source genes of these DECs are widely involved in biological processes such as growth and development, reproduction, and metabolism.
To explore the relationship between these DECs and sperm motility in Yili geese, GO enrichment analysis was performed on the host genes of these circRNAs, and it was found that they were mainly involved in biological processes (63.79%), and were significantly enriched in the reproduction of a single-celled organism, cytoskeletal protein binding, actin binding, adenyl nucleotide binding, microtubule organizing center and other terms. Signaling pathways that play an important role in sperm motility are included in the significantly enriched signaling pathways. Among them, actin is an important part of the cytoskeleton (Hohmann and Dehghani, 2019), and is distributed in mammalian cells, including Sertoli cells in the testis, and actin polymerization in the sperm tail during capacitation regulates motility (Finkelstein et al., 2013). The core of sperm flagella is made up of microtubules, along with tens of thousands of tiny molecular motors called dyneins, which bend these microtubules rhythmically, creating wave after wave of motion, resulting in steering. Sudarshan (Gadadhar et al., 2021) and others found that a special enzymatic modification of tubulin, called glycylation, is the key to keeping sperm moving in a straight line. It is suggested that these circRNAs may be involved in the regulation of sperm motility.
KEGG enrichment analysis showed that autophagy-animal and ubiquinone and other terpenoid-quinone biosynthesis were the most significantly enriched pathways (p < 0.05), and the source genes of differential circRNAs involved in these two pathways were Pdpk1 (phosphomuscle alcohol-dependent protein kinase 1) and COQ5 (methoxy-6-polyacryl-1,4-benzoquinone methylase). The PDPK1 gene is expressed in spermatogenic cells, and PDPK1 is localized in the post-acrosomal region of mouse epididymal caudate sperm (Vadnais et al., 2013). COQ5 is a methyltransferase with adenopicromethionine as a methyl donor. It is located on the stromal side of the inner mitochondrial membrane and plays a crucial role in the stability and activity of the CoQ protein complex (Nguyen et al., 2014). CoQ may not only participate in electron transfer in the mitochondrial respiratory chain of cells, maintaining the functions of cellular respiration and energy metabolism, but also participate in the redox reaction of the body as an antioxidant (Zhong and Zhong, 2014).
Autophagy is a basic process that exists in all eukaryotes, and is involved in the life processes of various cells in the male reproductive system, as well as being involved in the key pathophysiological processes of many diseases of the male reproductive system, such as azoospermia, oligospermia, asthenozoospermia, cryptorchidism, and orchitis (Zhu et al., 2019). Lei et al, (2021) studied the initiation of autophagy in mouse testis and found that after autophagy was blocked in sperm cells, the assembly of a series of key structures during sperm differentiation was disrupted. For example, the deformed scaffold of the sperm–sperm collar (manchette) and the tail shaft (axoneme) to ensure sperm movement at the same time lead to a large amount of cytoplasm to remain in the sperm head that ought to have been removed, resulting in morphological deformities and movement disorders. Yefimova et al, (2013)abolished autophagy by germ-cell-specific knockout of Atg7, resulting in reduced testicular weight, sperm deformities, and significantly reduced fertility in male mice. Liu et al, (2016) found that Sertoli cell-specific knockout of Atg5 or Atg7 disrupted autophagy, resulting in disorders of the vas deferens and deformed sperm heads, which in turn affected the reproductive performance of male mice.
Coenzyme Q (coenzyme Q, CoQ) is a class of quinone substances widely distributed in living organisms. Benzoquinone, also known as ubidearenone and ubiquinone, is a lipid-soluble antioxidant mainly present in the mitochondria, and is also a natural antioxidant and free radical scavenger in mammals (Lafuente et al., 2013; Liu et al., 2017). As an energy promoter and antioxidant, coenzyme Q10 is mainly distributed in the mitochondria in the midsection of sperm, and the availability of the energy required for sperm motility and other energy-dependent processes depends on the availability of coenzyme Q10 (Aby and Lavon, 1997). Studies have shown that sperm concentration, motility and semen parameters are related to CoQ10 concentration, as CoQ10 can reduce stress oxidation, increase antioxidant enzyme activity, and improve overall antioxidant capacity (Balercia et al., 2009; Lafuente et al., 2013). Studies have confirmed that ubiquinone (Q10) coenzyme is more active in the biosynthesis of the male testis and female follicular fluid, and confirmed that coenzyme Q10 is inseparable from mammalian reproduction (Shetty et al., 2013; Varela-Lopez et al., 2017). Huo Min (Huo, 2018) added different concentrations of CoQ10 exogenously to a frozen dilution solution, and detected various indicators of cashmere goat sperm after thawing. The results show that compared with the control group, the sperm quality after freezing and thawing was significantly improved (p < 0.05). When the concentration of coenzyme Q10 was 400 μg/ml, the sperm motility rate was 60.2%, which was significantly higher than that of the control group (p < 0.05), and the intracellular ROS content was significantly decreased (p < 0.05); when the concentration of coenzyme Q10 was 40 μg/ml, the sperm plasma membrane integrity rate was 63.0%, the acrosome integrity rate was 76.5%, and the mitochondrial membrane potential was 2.9, which were significantly higher than the levels found in the control group (p < 0.05). Hamed et al, (2019) explored the protective effect of coenzyme Q10 (CoQ10) and berberine (BB) combined with and without varicocelectomy on sperm parameters in rats with postoperative varicocele. They showed that BB and CoQ10 alone and/or together could improve sperm parameters and reduce sperm DNA damage in varicocele-induced rats. It is worth noting that although the metabolic pathways in the KEGG enrichment were not significantly enriched, the pathways with the most enrichment of source genes were identified. These results indicate that there are cellular differences in testicular tissue in Yili geese with high and low sperm motility, and many of the DECs identified may play a roles in regulating autophagy, anti-oxidation and cell metabolism, thereby participating in the regulation of sperm motility in Yili geese.
The circRNA-miRNA-mRNA interaction network further revealed that cirRNA may regulate the expression of mRNA through the interaction with miRNA to regulate the sperm movement ofYili geese. In the interaction network, miR-212–5p, which has the most binding sites for circRNAs, was reported to be developmentally related to the follicles of ewe during FSH stimulation (Hya et al., 2022). Spermatogonial stem-cell-specific miR-221 is involved in the regulation of spermatogenesis in mice (Smorag et al., 2012). Qin et al, (2019) confirmed that circRNA-9119 is a regulatory circRNA involved in testicular inflammation and acts as a sponge for miR26a and miR-136 in Sertoli cells and Leydig cells in response to mimic RNAs, and that the stimulation of viral replication produces poly I:C. These results indicate that circRNAs have potential roles in the regulation of testicular development or sperm motility in Yili geese, and whether these circRNAs really affect testicular development or sperm motility requires further experiments in order to study and verify their mechanisms.
5 CONCLUSION
In summary, this study analyzed the expression profile of circRNAs in the testis of Yili geese with high and low sperm motility, identified a large number of circRNAs in the testis, revealed the genomic characteristics and length distribution of circRNAs, and constructed the circRNA-miRNA interaction network. The results suggest that circRNAs may regulate the sperm motility of Yili geese through interaction with miRNAs, which provides a solid foundation for identifying and characterizing the key circRNAs involved in testis development or the regulation of sperm motility.
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Background: Various circular RNA (circRNA) molecules are abnormally expressed in acute myeloid leukemia (AML), and associated with disease occurrence and development, as well as patient prognosis. The roles of circ_0059706, a circRNA derived from ID1, in AML remain largely unclear.
Results: Here, we reported circ_0059706 expression in de novo AML and its association with prognosis. We found that circ_0059706 expression was significantly lower in AML patients than in controls (p < 0.001). Survival analysis of patients with AML divided into two groups according to high and low circ_0059706 expression showed that overall survival (OS) of patients with high circ_0059706 expression was significantly longer than that of those with low expression (p < 0.05). Further, female patients with AML and those aged >60 years old in the high circ_0059706 expression group had longer OS than male patients and those younger than 60 years. Multiple regression analysis showed that circ_0059706 was an independent factor-affecting prognosis of all patients with AML. To evaluate the prospects for application of circ_0059706 in machine learning predictions, we developed seven types of algorithm. The gradient boosting (GB) model exhibited higher performance in prediction of 1-year prognosis and 3-year prognosis, with AUROC 0.796 and 0.847. We analyzed the importance of variables and found that circ_0059706 expression level was the first important variables among all 26 factors included in the GB algorithm, suggesting the importance of circ_0059706 in prediction model. Further, overexpression of circ_0059706 inhibited cell growth and increased apoptosis of leukemia cells in vitro.
Conclusion: These results provide evidence that high expression of circ_0059706 is propitious for patient prognosis and suggest circ_0059706 as a potential new biomarker for diagnosis and prognosis evaluation in AML, with high predictive value and good prospects for application in machine learning algorithms.
Keywords: circ_0059706, acute myeloid leukemia, machine learning, prognosis, biomarker
INTRODUCTION
Acute myeloid leukemia (AML) is one of the most common hematological malignancies and the most frequent type of acute leukemia in adults (Haubner et al., 2019; Newell and Cook, 2021). In recent years, treatment approaches, including molecular targeted therapy and hematopoietic stem cell transplantation, among others, have led to great progress in improving patient outcomes; however, 5-year survival rates remain low (Huang et al., 2019; Burchert et al., 2020; Vetrie et al., 2020; Du et al., 2021; Pollyea et al., 2021; Zhang et al., 2021). Therefore, research into the molecular mechanisms underlying the occurrence and development of AML is crucial to inform discovery of new clinical markers and therapeutic targets.
Circular RNA (circRNA) is a type of non-coding RNA characterized by a closed ring structure and circRNA molecules are widely distributed in eukaryotes, where they perform complex biological functions (Kristensen et al., 2019; Zhou et al., 2020). As circRNAs do not have 5′ end cap or 3′-polyadenylation tail structures, they cannot easily be recognized and degraded by RNase enzymes (Huang et al., 2020). Hence, circRNAs have high stability, as well as specificity, which contribute to its good potential for application in the field of tumor biomarkers (Xu et al., 2019; Wang et al., 2021; Wei et al., 2020). Some circRNA molecules are abnormally expressed in AML and associated with patient prognosis (Chen et al., 2018; Sun et al., 2019; Lin et al., 2021); for example, circ-VIM is significantly up-regulated in AML, and its over-expression is an independent prognostic factor associated with duration of overall and leukemia-free survival of patients with AML (Yi et al., 2019).
Developments in big data and computer hardware and software technologies have led to widespread use of machine learning in medicine (Ngiam and Khor, 2019; Radakovich et al., 2020). Compared with traditional statistics, machine learning has more powerful predictive ability (Lewis and Kemp, 2021; Tran et al., 2021) and its value for application in assisting disease diagnosis and predicting clinical outcomes has also attracted the attention of scholars.
Our previous study has revealed ID1 transcript level significantly increased in AML and act as an independent risk factor in young non-M3 patients. Circ_0059706 is a circular RNA, formed by ID1 during its splicing. In this study, we investigated circ_0059706 expression in patients with AML, evaluated its clinical significance, and analyzed the predictive ability of circ_0059706 expression for AML prognosis using machine learning. The aim of the study was to explore the value of circ_0059706 as a new tumor marker for predicting AML prognosis.
MATERIALS AND METHODS
Patients
This study was approved by the Ethics Committee of the Affiliated People’s Hospital of Jiangsu University and included 100 patients newly-diagnosed with AML and 33 healthy controls (K-20190020-Y). All samples were from the sample bank at our hospital and all patients signed informed consent forms. AML was classified according to World Health Organization (WHO) criteria and French-American-British (FAB) classification. Mutations were detected by high-resolution melting analysis (Wen et al., 2015).
Cell culture and transfection
The K562 and THP-1 human leukemia cell line were purchased from ATCC. Cells were cultured in RPMI 1640 medium (Wisent, Nanjing, China) containing 10% fetal calf serum (FCS) (ExCell Bio, Shanghai, China) and 100 U/ml penicillin/streptomycin (Wisent, Nanjing, China) at 37°C in a 5% CO2 humidified atmosphere. Lentiviruses over-expressing circ_0059706 were purchased from Shanghai Jikai Biological Co., Ltd. (Shanghai, China) and cell transfection performed according to the manufacturer’s instructions.
Cell growth assays
Cells were seeded at 3 × 103 per well in 96-well plates. After culture for 0, 24, 48, and 72 h, 10 μl CCK-8 (Dojindo, Kumamoto, Japan) solution was added to each well. Optical density values were measured at 450 nm absorbance using a microplate reader.
Cell apoptosis assay
Cells (5 × 105) were seeded into 6-well plates containing complete 1640 culture solution, without FCS, for 48 h. Apoptosis rate was determined using an apoptosis detection kit (Annexin V PE/7-AAD, BD Biosciences, Franklin Lakes, NJ, United States), and analyzed by flow cytometry on a FACSCalibur platform (Becton Dickinson, San Jose, CA, Unied States).
RNA isolation, reverse transcription, and real-time quantitative PCR (RQ-PCR)
Mononuclear cells were extracted from bone marrow (BM) specimens using gradient centrifugation (TBD Sciences, China). RNA extraction and reverse transcription were conducted based on the instructions in miScript kits (Qiagen, Tilden, Germany). Reverse transcription and RQ-PCR were conducted as previously reported (Ma et al., 2014). The primers for circ_0059706 were 5′-TGG​TAA​ACT​CTC​ATT​CCA​CGT​TC-3' (forward) and 5′-CCA​CTG​GCG​ACT​TTC​ATG​AT-3' (reverse). The primers used as controls were ABL and sequences were 5′- TCC​TCC​AGC​TGT​TAT​CTG​GAA​GA -3′ (forward) and 5′- TCCAACGAGCGGCTTCAC -3' (reverse). The primers for miR-326 were 5′-GTC​GTA​TCC​AGT​GCA​GGG​TCC​GAG​GTA​TTC​GCA​CTG​GAT​ACG​A CCTGGAG-3' (forward) and 5′- GCC​GAG​CCT​CTG​GGC​CCT​TC-3' (reverse). The primers for U6 were 5′-CTC​GCT​TCG​GCA​GCA​CA-3' (forward) and 5′-AAC​GCT​TCA​CGA​ATT​TGC​GT-3' (reverse). Relative circ_0059706 expression levels were calculated using 2−ΔΔCT method.
Statistical analysis
Data were analyzed using SPSS 20.0 software. Relative levels of circ_0059706 expression were calculated using the 2−ΔΔCT method. Categorical variables were analyzed using chi square tests and/or Fisher’s exact tests. The diagnostic capacity of circ_0059706 was analyzed using receiver operating characteristic (ROC) curves and area under the curve (AUC) values. Survival was analyzed using the Kaplan-Meier method. Univariate and multivariate Cox regression analyses were conducted. Differences in continuous variables between two groups were compared by Student’s t-test. Differences were considered statistically significant at two-tailed p < 0.05.
For machine learning, case and survival data, including 26 characteristic variables from 57 cases, were used. Twelve basic variables included in the analysis were: circ_0059706 expression level, sex, age, white blood cell (WBC) count, hemoglobin (HB) level, platelet (PLT) count, BM blasts, diagnosis, karyotype chromosome abnormalities, chromosome risk group, blast percentage, and granulocyte count. Mutations of nine genes (CEBPA, NPM1, FLT3, CKIT, RAS, IDH1/DH2, DNMT3A, SRSF2, and SETBP1) were also included as variables. Five derivative variables and the methods used to generate them are shown in Table 1. Data from all cases were randomly divided into a training set (75%) for model development and a test set (25%) for performance evaluation. We developed seven types of machine learning algorithm, including: logistic regression (LR), random forest (RF), gradient boosting (GB), neural network (NNK), support vector machine (SVM), k-NearestNeighor (KNN), and Gaussian naïve Bayes (GNB). Parameters of 1-year survival and 3-year survival are as follows: C = 0.01 in LR, n_estimators = 300, random_state = 10 in RF, C = 100 in SVM, MLPClassifier (80, 10), random_state = 100 and random_state = 200 in NNK separately, n_estimators = 500, random_state = 300 and n_estimators = 200, random_state = 280 in GB separately, neighbors = 9 in KNN. Area under the ROC curve (AUROC), sensitivity, and specificity values were used as performance evaluation indicators. Machine learning algorithms were developed using Python software (version 3.7.6.). The “LogisticRegression,” “randomforestclassfier,” “gradientbootingclassifier,” “MLP classifier,” “SVC,” “Kneighborsclassifier,” and “Gaussian NB” functions in the “Sklearn” package (version 1.0.2.) were used for machine learning algorithms, and the “matplotlib” package was applied for machine learning data display.
TABLE 1 | Methods used to generate the five derivative variables included in machine learning models.
[image: Table 1]RESULTS
Circ_0059706 expression and its capacity to distinguish between patients with AML and healthy controls
Levels of circ_0059706 expression in BM samples from 100 patients with AML and 33 healthy controls were detected by RQ-PCR. Median circ_0059706 expression levels in healthy controls and patients with AML were 4.581 and 0.153, respectively; Circ_0059706 expression was significantly lower in AML than in controls (p < 0.001) (Figure 1A). The AUC value of circ_0059706 was 0.925 in AML patients (95% confidence interval: 0.873–0.978, p < 0.001) (Figure 1B), indicating that circ_0059706 expression has potential as biomarker to distinguish AML from control samples.
[image: Figure 1]FIGURE 1 | Expression of circ_0059706 in patients with AML and its impact on overall survival. (A) Level of circ_0059706 expression in controls and patients with AML detected by RQ-PCR. (B) Discriminative capacity of circ_0057606 expression in patients with AML determined by ROC curve analysis. (C–G) Impact of circ_0057606 expression on overall survival in: (C) total, (D) male, (E) female, (F) age >60 years, and (G) age ≤60 years, patients with AML.
Associations between Circ_0059706 expression and patient clinical characteristics
To investigate associations of circ_0059706 expression with AML clinical characteristics, the total patient group was divided into circ_0059706high and circ_0059706 low groups, according to median +1/16 standard deviation of circ_0059706 expression level, using a cutoff value of 0.254 (sensitivity, 91.3%; specificity, 85.6%). Then, clinical parameters were compared between the high and low expression groups (Table 2). No significant differences were detected between the high and low expression groups; however, HB level, WBC count, and platelet count were higher in peripheral blood from the circ_0059706high group than from the circ_0059706low group, and the proportion of BM blast cells in the circ_0059706high group was lower than that of the circ_0059706low group. No correlations between gene mutations and circ_0059706 expression were detected.
TABLE 2 | Correlation between circ_0059706 expression and patients parameters.
[image: Table 2]Association of Circ_0059706 expression level and prognosis of patients with AML
To explore association of circ_0059706 expression with patient prognosis, we analyzed survival data from 57 patients. Although circ_0059706 had no value for predicting complete remission (CR), patients in the circ_0059706high group had significantly longer overall survival (OS) than those in the circ_0059706low group (p = 0.047) (Figure 1C). Further, compared with male patients with AML, OS of circ_0059706high female patients was longer than that of circ_0059706low female patients (p = 0.037) (Figures 1D,E). Compared with older than 60 years, OS of those in the circ_0059706high group was significantly longer than that of those in the circ_0059706low group who were younger than 60-years-old AML (p = 0.009) (Figures 1F,G). Variables resulting in p < 0.1 in univariate analysis (age, WBC, risk classification, and circ_0059706 expression) were included in multivariate analysis, which demonstrated that circ_0059706 was an independent factor associated with poor prognosis in the total AML patients (p = 0.020) (Table 3).
TABLE 3 | Univariate and multivariate analyses of prognostic factors for overall survival in whole-cohort AML patients.
[image: Table 3]Evaluation of prediction ability of Circ_0059706 in machine learning algorithms
First, LR, RF, GB, NNK, SVM, KNN, and GNB 7 machine learning algorithms were developed using training set data, and their performance evaluated. As shown in Table 4, the GB model had better performance in predicting 1-year prognosis and 3-year prognosis, with AUROC 0.796 and 0.847, and sensitivity 0.615 and 0.923, specificity 0.75 and 1.
TABLE 4 | Predictive performance comparison in the six kinds of machine learning algorithms.
[image: Table 4]The selection of variables for machine learning algorithms is critical. Therefore, we analyzed the importance of variables included in the GB, LR, and RF algorithms, which had good modeling performance. Circ_0059706 expression level was the first important variable among all 26 features included in the GB and RF algorithms and was among the most important in the LR algorithm (Figure 2).
[image: Figure 2]FIGURE 2 | Top 10 variables most important in each algorithm.
Circ_0059706 inhibits cell growth and increases apoptosis
To study the effect of circ_0059706 on leukemia cells, we over-expressed it in THP-1 and K562 cells (Figure 3A), and found that cell growth rate was inhibited by circ_0059706 over-expression (Figure 3B). Moreover, the apoptosis rate of circ_0059706-transfected THP-1 and K562 cells was significantly higher than that of the control group (p < 0.01) (Figure 3C).
[image: Figure 3]FIGURE 3 | Effect of circ_0059706 on cell growth and apoptosis. (A) The level of circ_0059706 expression was detected by RQ-PCR. (B) Circ_0059706 inhibited cell growth in THP-1 and K562 cells detected by CCK8. (C) Circ_0059706 promoted cellular apoptosis in THP-1 and K562 cells, as detected by flow cytometry. (D) Bioinformatics analysis of the binding site between circ_0059706 and miR-326. (E) Expression levels of miR-326 in controls and AML patients were analyzed in the GSE51908 datasets. (F) The level of miR-326 was detected in circ_0059706 overexpressed cells by RQ-PCR. **, compared with the NC group, p < 0.01.
To determine the possible mechanism involved in the functionality of circ_0059706, we performed additional analysis. We analyzed the miRNAs that may bind to circ_0059706 by use of the circinteratome database (https://circinteractome.nia.nih.gov/index.html). Then, the expression levels of these miRNAs in AML patients were analyzed by the GEO database (Datasets: GSE51908). Bioinformatics analysis revealed that circ_0059706 contains a binding site for miR-326 (Figure 3D). The levels of miR-326 were lower in AML patients when compared with controls in GSE51908 datasets (Figure 3E). Finally, the expression levels of miR-326 were found to be up-regulated in cells that overexpressed circ_0059706 (Figure 3F).
DISCUSSION
CircRNAs are non-coding RNAs that have recently emerged as a potential tumor biomarkers and drug targets, with good prospects for clinical application. CircPLXNB2 is a valuable predictor of prognosis in patients with AML (Lin, Wang, Bian, Sun, Guo, Kong, Zhao, Guo, Li, Wu, Wang, Wang and Li, 2021). Further, Liu et al. (2022) found that expression of hsa_circ_0004277 can be restored after chemotherapy in patients with AML, suggesting that its up-regulation is associated with successful treatment; hence, hsa_circ_0004277 is a potential diagnostic marker and treatment target in AML. Further, circRNF220 can distinguish AML from ALL and other hematological malignancies, while high circRNF220 expression is an unfavorable prognostic marker of recurrence, due to its role in sequestration of miR-30a, which increases MYSM1 and IER2 expression and is implicated in AML relapse (Liu et al., 2021).
Circ_0059706 derived from ID1. ID1 is a negative regulator of the HLH transcription factor that plays the role of an oncogene in promoting cell cycle, proliferation and inhibiting apoptosis (Yin et al., 2017; Chen et al., 2020). Our group previously reported that ID1 expression was up-regulated in AML patients, and the high expression associated with poor prognoses. Here, we found that circ_0059706 was down-regulated in AML. HB, WBC, and PLT levels were higher in peripheral blood from the circ_0059706high group than those in the group with low circ_0059706 expression. Further, the proportion of BM blast cells in the circ_0059706high group was lower than that in the circ_0059706low group. Hence, routine blood parameters appeared to be better in the high expression group than those of the low expression group. There were no correlations between gene mutations and circ_0059706 expression. Survival analysis showed that circ_0059706 has no value for prediction of CR; however, OS was significantly higher in patients with high circ_0059706 expression than those with low expression. Longer OS was observed in female patients and those >60-years-old with high circ_0059706 expression than in male patients <60-years-old. Furthermore, the total patient group was divided into circ_0059706high and circ_0059706low groups, according to circ_0059706 expression level at quartiles or tertiles. Patients in the circ_0059706high group had significantly longer OS than those in the circ_0059706low group (p = 0.038, p = 0.027). Multivariate analysis showed that circ_0059706 low expression was an independent factor associated with poor prognosis of all patients with AML, indicating that circ_0059706 has potential for application as a new biomarker for diagnosis and prognosis evaluation of AML.
Traditional statistics are generally used to infer relationships between variables, while machine learning models aim to make the most accurate predictions possible, and are increasingly being applied in medical prediction models. Gao et al. predicted a significant association between Luminal and HER2 breast cancer subtypes and estrogen/progesterone and HER2 receptor status, using the DeepCC method (Gao et al., 2019). Lee et al. comprehensively analyzed RNA-seq data and identified a potential role for machine learning in identifying categories of acute leukemia (Lee et al., 2021). Based on traditional statistical analysis, we found that Circ_0059706 level are closely related with survival, suggesting its potential as a biomarker in patients with AML. Different machine learning algorithms may be optimal for any data set; therefore, to assess the prospects for application of circ_0059706 levels in AML in machine learning algorithms, we developed seven types of machine learning algorithm, including LR, RF, GB, NNK, SVM, KNN, and GNB. The GB model had better performance in predicting 1-year prognosis and 3-year prognosis. We were unable to predict 5-year survival due to insufficient data. In recent years, scholars have established many risk assessment methods in various disease prognosis models using machine learning, which can provide guidance for the selection of treatment methods and prognosis assessment. For example, Heo applied an NNK algorithm to establish a prediction model for long-term prognosis in patients following ischemic stroke (Heo et al., 2019), while Tian established an early gastric cancer lymph node metastasis prediction model using a regularized dual averaging approach (Tian et al., 2021). Moreover, machine learning achieved acceptable prediction of central lymph node metastasis, with a GB model performing best, which may help to determine the optimal extent of initial surgical treatment for patients with T1–T2 stage, non-invasive, and clinically node-negative papillary thyroid cancer (Zhu et al., 2021).
Variables are crucial to the prediction results generated by machine learning; hence, the key roles of variables included in the machine learning models was also a focus of our attention. We analyzed the importance of variables in the GB, LR, and RF algorithms, which had good modeling performance. Circ_0059706 expression level was the first important variable among all 26 features included in the GB and RF algorithms, and it ranked highly in the LR algorithm. It indicated that circ_0059706 has a high predictive value and a good prospect for application in machine learning, supporting the potential of this circRNA as a new biomarker for diagnosis and prognosis evaluation in AML.
Furthermore, we analyzed the effect of circ_0059706 on cell growth and apoptosis in leukemia cells. The results showed that circ_0059706 overexpression inhibited cell growth and increased apoptosis, further supporting the hypothesis that the high expression of this circRNA is propitious for patient prognosis. To investigate the mechanisms, we analyzed miRNAs with common binding sites for circ_0059706 in the circinteratome database. The expression levels of miRNAs were analyzed by datasets GSE51908. Combined with literature reports, we focused miR-326, which was downregulated in GSE51908 datasets. P Cheng reported that expression of miR-326 was downregulated in AML patients compared with that in normal. Overexpression of miR-326 inhibited proliferation, promoted cell apoptosis and PMA-induced differentiation in AML cells (Cheng et al., 2020). Moreover, miR-326 down regulated in ALL patients and negative associated with its expression and MDR (Ghodousi and Rahgozar, 2018). These results suggested miR-326 maybe act as a tumor suppressor miRNA in leukemia and it was upregulated in circ_0059706 over-expressed cells. miR-326 was up-regulated in circ_0059706 overexpression cells, it may be a mechanism of inhibited growth and promoted cell apoptosis. However, more experiments needed to verify, such as luciferase reporter experiment, the effect of up/down-regulation of miR-326 expression on cell biological function, etc.
CONCLUSION
Taken together, our results indicate that down-regulation of circ_0059706 is a frequent event and predicts poor prognosis in patients with de novo AML. Circ_0059706 showed good predictive effects in machine learning models and was among the most important variables in the developed models. In addition, circ_0059706 overexpression could inhibit cell growth and increase apoptosis. These results demonstrated that circ_0059706 might act as a potential biomarker for prognosis in de novo AML.
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A genome-wide cell-free DNA methylation analysis identifies an episignature associated with metastatic luminal B breast cancer
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Breast cancers of the luminal B subtype are frequent tumors with high proliferation and poor prognosis. Epigenetic alterations have been found in breast tumors and in biological fluids. We aimed to profile the cell-free DNA (cfDNA) methylome of metastatic luminal B breast cancer (LBBC) patients using an epigenomic approach to discover potential noninvasive biomarkers. Plasma cfDNA was analyzed using the Infinium MethylationEpic array in a cohort of 14 women, including metastatic LBBC patients and nontumor controls. The methylation levels of cfDNA and tissue samples were validated with droplet digital PCR. The methylation and gene expression data of 582 primary luminal breast tumors and 79 nontumor tissues were obtained from The Cancer Genome Atlas (TCGA). We found an episignature of 1,467 differentially methylated CpGs that clearly identified patients with LBBC. Among the genes identified, the promoter hypermethylation of WNT1 was validated in cfDNA, showing an area under the ROC curve (AUC) of 0.86 for the noninvasive detection of metastatic LBBC. Both paired cfDNA and primary/metastatic breast tumor samples showed hypermethylation of WNT1. TCGA analysis revealed significant WNT1 hypermethylation in the primary tumors of luminal breast cancer patients, with a negative association between WNT1 methylation and gene expression. In this proof-of-principle study, we discovered an episignature associated with metastatic LBBC using a genome-wide cfDNA methylation approach. We also identified the promoter hypermethylation of WNT1 in cfDNA as a potential noninvasive biomarker for luminal breast cancer. Our results support the use of EPIC arrays to identify new epigenetic noninvasive biomarkers in breast cancer.
Keywords: DNA methylation, EPIC Array, cell-free DNA, liquid biopsy, metastasis, luminal B, breast cancer
INTRODUCTION
Breast cancer (BC) is the most frequently diagnosed cancer in women worldwide, with 2.3 million new cases (11.7% of all cancer cases) in 2020, representing the leading cause of cancer death in women (Sung et al., 2021). BC is a heterogeneous disease with several distinct clinical characteristics that, according to a gene expression profile, can be divided into four molecular subtypes: luminal, HER2-enriched, basal-like, and normal breast-like (Perou et al., 2000). In addition, luminal tumors can be divided into the luminal A and B subtypes according to the expression profile of the estrogen receptor (ER), progesterone (PR), HER2, and proliferation tumor status (Cheang et al., 2009). The luminal B subtype is a common BC subtype characterized by high proliferation, resistance to standard therapies, risk of early relapse, and poor prognosis (Tran and Bedard, 2011; Cornen et al., 2014; Li et al., 2016). In addition, this tumor subtype is more likely to exhibit local recurrence and single bone metastases than nonluminal BC. However, recent studies have not investigated this tumor subtype as thoroughly as other subtypes (Li et al., 2016). Notably, the incidence of luminal B tumors has increased in recent years in many racial/ethnic and age groups (Acheampong et al., 2020).
Cancer metastasis is characterized by highly variable clinical manifestations and is responsible for over 90% of cancer-related deaths (Gupta and Massague, 2006; Chaffer and Weinberg, 2011). However, despite recent advances, the clinical need to identify biomarkers in metastatic BC disease remains unmet (Gupta et al., 2020). In recent years, liquid biopsy has emerged as a good opportunity to address this clinical need. This noninvasive approach allows for the characterization of the molecular landscape of circulating tumor elements in body fluids, such as epigenetic modifications of cell-free DNA (cfDNA), to obtain biomarkers for the management of cancer patients (Siravegna et al., 2017).
The most well-known epigenetic modification is DNA methylation, which is an important regulator of gene expression originating from the addition of a methyl group (CH3) to the 5’ carbon of cytosines in cytosine–phosphate–guanine (CpG) dinucleotides (Bao-Caamano et al., 2020). The deregulation of this epigenetic mechanism in breast tumor cells has major implications for cancer development, progression, and therapy response (Gomez-Miragaya et al., 2019; Martin-Pardillos et al., 2019; Palomeras et al., 2019; Pineda et al., 2019). Notably, the analysis of DNA methylation in liquid biopsy has shown utility as a potential clinical biomarker for BC patients (Palanca-Ballester et al., 2021).
Recently published studies of other tumor types have shown that epigenomic approaches based on the Infinium MethylationEPIC array (EPIC array) technology, which covers over 850,000 CpG sites along the human genome, could be useful to profile the methylation of cfDNA in biological fluids (Gallardo-Gomez et al., 2018; Herrgott et al., 2022). Therefore, this proof-of-principle study aimed to profile the cfDNA methylome of luminal B breast cancer (LBBC) patients using an EPIC array approach to discover new noninvasive biomarkers. In this study, we identified an epigenetic signature (episignature) based on the methylation of cfDNA associated with metastatic LBBC. Among the genes of this episignature, we confirmed the hypermethylation of WNT1 in cfDNA and tumor tissues (primary and metastatic) as a potential new biomarker for LBBC patients. The results of our work support the application of the EPIC array technology as a noninvasive tool to identify new biomarkers in breast cancer.
METHODS
Study participants
In this retrospective study, 9 luminal B metastatic breast cancer patients and 5 healthy controls (nontumor controls) were recruited between 2016 and 2018 at the Medical Oncology Department at the University Clinical Hospital of Santiago de Compostela (Spain). Most of the metastatic patients of this study (7 out of 9) had been diagnosed in the past at M0 stage. Two patients of our cohort had metastases at the time of primary tumor diagnosis. The study was approved by the Galician Ethical Committee (reference number 2015/772) and conducted in accordance with the guidelines for Good Clinical Practice and the Declaration of Helsinki. All participants included in the study signed the informed consent to participate.
Blood and tissue samples
Blood sample was obtained from all the patients at the time of diagnosis of metastasis and before starting the treatment. Blood samples were collected by phlebotomy into collection tubes containing K2EDTA as an anticoagulant. Plasma was isolated within 2 h of collection by initial centrifugation at 1,700 × g for 10 min at room temperature (RT), followed by a second centrifugation at 15,000 × g for 10 min at RT. Isolated plasma was stored at −80°C until analysis. All tumor tissues used were obtained according to standard-of-care (SOC) procedures. We used formalin-fixed and paraffin-embedded (FFPE) primary and/or metastatic tumor and matched nontumor tissue samples available from 4 patients included in the study. Whole slide FFPE tissue sections of 10 μm were obtained.
Isolation of DNA from plasma and tissue samples
We used the QIAamp® Circulating Nucleic Acid Kit (Qiagen) and the vacuum system QIAvac 24 Plus (Qiagen) following the manufacturer´s recommendations to isolate cfDNA from 2 ml of plasma. DNA was also isolated from 10-μm FFPE tissue sections using the AllPrep DNA/RNA FFPE Kit (Qiagen) following the manufacturer’s protocol. The quality and quantity of DNA from FFPE tissue sections were evaluated with a NanoDrop (Thermo Fisher), and cfDNA was quantified using the Qubit 1× dsDNA High-Sensitivity Assay Kit and a Qubit 4.0 Fluorometer (Thermo Fisher Scientific). The DNA from FFPE tissue sections and cfDNA from plasma were stored at −80°C until analysis.
Genome-wide cell-free DNA methylation analysis
Fifteen nanograms of each individual sample of plasma cfDNA was bisulfite-converted using the EZ DNA Methylation Lightning Kit (Zymo Research) following the manufacturer’s recommendations. Subsequently, the bisulfite-modified cfDNA was then subjected to whole genome amplification (WGA) using the EpiTect Whole Bisulfitome Kit (Qiagen) according to the manufacturer’s protocol. Briefly, the bisulfite-modified cfDNA of each individual sample was amplified with a reaction buffer containing REPLI-g Midi DNA Polymerase (Qiagen) at 28°C for 8 h, which was subsequently inactivated at 95 °C for 5 min. After the WGA of cfDNA, the Illumina Infinium HD methylation protocol was followed using MethylationEPIC BeadChips that were analyzed in a HiScan (Illumina). Samples with a mean detection p-value < 0.01 were considered valid for the analysis. The methylation data were processed in the R statistical environment using RnBeads 2.0 (Muller et al., 2019). Raw intensity data files (IDATs) were imported into RnBeads 2.0 for quality control and preprocessing. First, a greedycut algorithm was used to filter out low-quality probes. Probes overlapping with SNPs and probes whose sequences mapped to multiple genomic locations (cross-reactive) were removed. IDATs obtained in the array were normalized using the beta-mixture quantile (BMIQ) method. Hierarchical linear models were used to obtain the methylation differences between groups. p-values were corrected for multiple testing using the Benjamini‒Hochberg method, and a false discovery rate (FDR) < 10% was selected for significance. The DNA methylation level was represented as the average β-value, which was calculated as the ratio of the fluorescent signal intensity of the methylated probe to those of total (methylated and unmethylated) probes. Average β-values were used to calculate the mean methylation difference between groups as the Δβ-value (β-value Luminal B – β-value Control). An unsupervised hierarchical clustering heatmap of β-values was generated using the ComplexHeatmap package. Gene ontology (GO) enrichment analysis of biological pathways from the PANTHER database was performed using GENECODIS (Tabas-Madrid et al., 2012).
Methylation and expression analysis from The Cancer Genome Atlas
The DNA methylation (β-values) and expression data of WNT1 in luminal primary breast tumors and nontumor controls were obtained from the public datasets of The Cancer Genome Atlas (TCGA) Cancer Genome Atlas, N. (2012). The breast cancer subtype of patients was obtained from the clinical information available at TCGA and the classification of these TCGA patients based on PAM50 assay performed by Netanely et al. (2016).
Methylation analysis of the WNT1 promoter in cell-free DNA by droplet digital PCR
The methylation of the WNT1 promoter was analyzed by droplet digital PCR (ddPCR) in a QX200 system (Bio-Rad). Twenty nanograms of plasma cfDNA and 30 ng of DNA from FFPE tissue samples were bisulfite converted using the EZ DNA Methylation Lightning Kit (Zymo Research) following the manufacturer’s recommendations. A custom Bio-Rad assay to detect the methylation status of WNT1 (cg27196808) was designed: WNT1-M for methylation and WNT1-U for unmethylation (Supplementary Table S1). A multiplex preamplification reaction was performed with ∼2 ng of bisulfite-converted DNA using SsoAdvanced™ PreAmp Supermix (Bio-Rad), WNT1-M, and WNT1-U. The PCR conditions were as follows: 3 min at 95°C, 10 cycles of 95°C for 15 s and 50.6°C for 4 min, and a final hold step at 4°C. Next, a multiplex reaction mix was prepared with 2 µL of the preamplification product using ddPCR Supermix for Probes (No dUTP) (Bio-Rad), WNT1-M, and WNT1-U. The QX200™ Droplet Generator (Bio-Rad) was used to generate droplets. The thermocycling conditions were as follows: 10 min at 95°C, 40 cycles of 95°C for 15 s and 50.6°C for 30 s, 98°C for 10 min, and a final hold step at 4°C. The temperature ramp increment was 2.5°C/s for all steps. Droplets were counted and analyzed using the QX200™ Droplet Reader system (Bio-Rad), and the QuantaSoft analysis software (Bio-Rad) was used to acquire data. Water was included as a no-template control, and the Human Methylated and Non-Methylated DNA set (Zymo Research) was used as a positive control for methylation and unmethylation. Reactions were performed in triplicate. DNA methylation was expressed according to the following formula: Methylation (%) = [M/(U + M)] x 100, where M represents the copies/μl of methylated cfDNA, and U the copies/μl of unmethylated cfDNA.
Statistical analysis
The Kolmogorov‒Smirnov test was used to evaluate the normality of the distribution of the data. The nonparametric Mann‒Whitney U test was used to compare methylation data. To assess the diagnostic accuracy, a receiver operating characteristic (ROC) curve was generated. The greatest combination of sensitivity and specificity was obtained using the Youden index (J): J = sensitivity + specificity - 1. The association between DNA methylation and gene expression was evaluated with a Spearman correlation. The GraphPad Prism 6.0 software (GraphPad Software) and the R statistical environment (version 4.2.0) were used for statistical analysis and graphical representation. All expressed p-values were calculated with two-tailed tests and were considered significant when the p-value < 0.05.
RESULTS
Clinical characteristics of patients
A retrospective cohort of 14 women was included in this study: 9 patients with LBBC at the time of metastatic disease diagnosis and 5 nontumor controls. The mean age of the patients was 66 ± 16 years, whereas the control group had a mean age of 53 ± 10 years. The main clinical characteristics of the analyzed cohort are described in Supplementary Table S2. All patients had distant metastases and invasive ductal carcinoma with a high Ki-67 proliferative index (≥20%), and they were positive for estrogen receptors (ER+). Eight out of nine patients were positive for progesterone receptors (PR+), and two patients had HER2 overexpression (Supplementary Table S2). Six out of the 9 patients (66%) included in the study had lung metastasis, 4 patients (44%) showed bone lesions, and 3 patients (33%) had liver affectation. In addition, 5 of the patients (55%) had multiple metastatic locations.
Genome-wide cell-free DNA methylation analysis of metastatic patients with luminal B breast cancer
The analysis of DNA methylome with the EPIC array methodology usually needs a high amount of DNA, which is difficult to obtain in the clinic from individual plasma samples. As a novelty in our study, to overcome this limitation, we have used small amounts of cfDNA from individual plasma samples, which were genome-wide amplified after bisulfite modification and then analyzed using EPIC arrays. Thus, using this approach we performed a genome-wide cell-free DNA methylation analysis in our cohort of 9 LBBC patients and 5 nontumor controls (Figure 1A). After hybridizing the samples in the EPIC array, 2 LBBC samples showed a mean detection p-value > 0.01 and were not considered valid for the analysis. Therefore, we ultimately compared the methylation status of cfDNA in 7 LBBC patients and 5 nontumor controls, leading to 28,799 differentially methylated CpGs (DMCpGs) (p < 0.05; FDR < 10%) between LBBC and nontumor controls. These DMCpGs showed a wide distribution throughout all chromosomes of the genome (Figure 1B). Of these DMCpGs, 92% (26,486) were hypomethylated and 8% (2,313) were hypermethylated in LBBC patients with respect to nontumor controls (Figure 1C). Most of the hypomethylated CpGs were distributed in regions with low CpG density (open sea) (Figure 1D) and outside promoter regions (Figure 1E), whereas hypermethylated CpGs were mainly located in CpG islands (CpGIs) (Figure 1F) and promoters (Figure 1G).
[image: Figure 1]FIGURE 1 | Methylation landscape of cell-free DNA in metastatic patients with luminal B breast cancer. (A) Flowchart of the cfDNA methylation analysis. Individual cfDNA samples from controls and luminal B breast cancer patients were analyzed with EPIC array. (B–G) Description of the 28,799 differentially methylated CpGs (DMCpGs) found in cfDNA of luminal B breast cancer patients according to (B) chromosome location, (C) methylation status, (D,F) CpG context, and (E,G) gene location. cfDNA, cell-free DNA; Ctrls, controls; LBBC, luminal B breast cancer; FDR, false discovery rate; HypoM, hypomethylated; HyperM, hypermethylated.
Identification of a cell-free DNA episignature in metastatic patients with luminal B breast cancer
The aberrant hypermethylation of CpGI promoters is a very relevant feature that usually occurs in tumor cells (Baylin and Chen, 2005). Therefore, we focused our study on analyzing the methylation profile of cfDNA at the CpGIs of promoters. In these regions of cfDNA, we identified 1,467 DMCpGs (p < 0.05; FDR < 10%) with a difference in methylation (Δβ-value) higher than 0.20 (Δβ-value > |0.20|) (Figure 1A). Notably, this epigenetic signature (episignature) of 1,467 DMCpGs was able to clearly differentiate LBBC patients from nontumor controls (Figure 2A). Next, to obtain information related to the functional pathways involved in the identified episignature, we performed a gene ontology (GO) enrichment analysis based on the PANTHER database. This analysis revealed that methylation differences in the cfDNA of LBBC patients and nontumor controls were mainly associated with genes related to the Wnt signaling pathway (Figure 2B). Table 1 shows the 34 DMCpGs (corresponding to 24 genes) of the episignature of cfDNA that are associated with the Wnt signaling pathway. Relevantly, the genes of these 34 DMCpGs that are associated with Wnt signaling belonged to a network significantly enriched in protein interactions (p < 0.001) according to a STRING analysis (Supplementary Figure S1).
[image: Figure 2]FIGURE 2 | Episignature of cell-free DNA in metastatic patients with luminal B breast cancer. (A) Unsupervised hierarchical clustering heatmap of the episignature (1,467 DMCpGs) obtained in cfDNA that differentiates LBBC patients (n = 7) from nontumor controls (n = 5). (B) Gene Ontology enrichment analysis by the PANTHER database, showing the most representative pathways associated with the episignature of cfDNA in luminal B breast cancer patients. Ctrls, controls; LBBC, luminal B breast cancer; DMCpGs, differentially methylated CpGs; cfDNA, cell-free DNA.
TABLE 1 | The 34 CpGs of cfDNA episignature found in metastatic patients with luminal B breast cancer associated with the Wnt signaling pathway.
[image: Table 1]Hypermethylation of the WNT1 promoter in the cell-free DNA and tumor samples of patients with luminal B breast cancer
Among the DMCpGs in the episignature obtained from the cfDNA of LBBC patients that were associated with the Wnt signaling pathway (Table 1), we found 2 CpGs (cg27196808 and cg02771661) located in WNT1 that were hypermethylated in the cfDNA of LBBC patients with respect to nontumor controls. To confirm this aberrant methylation, we selected the most DMCpG of WNT1 (cg27196808), and we analyzed its methylation status in the cfDNA of our cohort using ddPCR. As expected, the methylation of WNT1 was significantly higher in LBBC patients than in nontumor controls (Figure 3A). In addition, using a ROC curve analysis, the methylation status of the WNT1 promoter analyzed by ddPCR accurately differentiated LBBC patients from nontumor controls, with an area under the ROC curve (AUC) of 0.86 (95% CI: 0.65–1.00, p = 0.045) (Figure 3B), a sensitivity of 78% (CI 95%: 40%–98%), and a specificity of 100% (CI 95%: 40%–100%).
[image: Figure 3]FIGURE 3 | Methylation status of the WNT1 promoter in the cfDNA and tumor samples of patients with luminal B breast cancer. (A) Validation of the methylation levels of the WNT1 promoter (cg27196808) in cell-free DNA (cfDNA) of luminal B breast cancer patients (n = 9) and nontumor controls (n = 4) analyzed by droplet digital PCR (ddPCR). Methylation levels are represented as the mean ± SEM. (B) Diagnostic accuracy of the methylation of the WNT1 promoter using droplet digital PCR (ddPCR) in cfDNA for the detection of metastatic luminal B breast cancer patients (n = 9) with respect to nontumor controls (n = 4). (C) Methylation levels of WNT1 in cfDNA and paired breast primary and/or metastatic tumor samples of 4 luminal B breast cancer patients analyzed by droplet digital PCR (ddPCR). Nontumor tissues from the same patients were used as controls. (D–E) Methylation status of WNT1 in primary tumors of luminal B breast cancer patients (n = 122) and nontumor controls (n = 79) analyzed by 450K methylation array and obtained from TCGA considering (D) all TNM stages together (stages I–IV, n = 122) or (E) separated according to TNM stage (I, n = 14; II, n = 70; III-IV, n = 37). The horizontal line represents the mean methylation values. (F) ROC curve evaluating the methylation of WNT1 to detect primary tumors of luminal B breast cancer patients (stages I-IV, n = 122) with respect to nontumor controls (n = 79) from TCGA. Ctrl, control; P, p-value; AUC, area under the ROC curve; ROC curve, receiver operating characteristic curve. PT, primary tumor; M, metastasis.
To verify that the hypermethylation of WNT1 found in cfDNA (cg27196808) was also present in the tumor tissues of patients with LBBC, we assessed its methylation status by ddPCR in the available matched primary and/or metastatic tumor tissue samples (n = 4) of our cohort. This assay revealed that WNT1 hypermethylation was present not only in the cfDNA but also in the paired primary and/or metastatic tumor samples of the LBBC patients analyzed (Figure 3C). Next, we took advantage of public DNA methylation array data from The Cancer Genome Atlas (TCGA) to evaluate whether the hypermethylation of the WNT1 promoter was a frequent event in LBBC. This analysis showed that the methylation of the WNT1 promoter (cg27196808) was significantly higher in luminal B primary tumors (stages I–IV) than in nontumor controls (Figure 3D), and this observation was consistent across all TNM tumor stages (Figure 3E). However, the methylation status of WNT1 did not differ among the tumor stages of LBBC analyzed (Figure 3E). An ROC curve analysis showed that WNT1 methylation differentiated luminal B primary tumors (stages I-IV) from nontumor controls with high diagnostic accuracy, with an AUC of 0.87 (95% CI: 0.82–0.92, p < 0.0001) (Figure 3F). In addition, we also analyzed the WNT1 expression data (RNAseq) available from LBBC patients and nontumor controls included in TCGA, revealing that WNT1 was significantly downregulated in this BC subtype (Supplementary Figure S2).
Finally, we also evaluated in breast primary tumors from TCGA whether the hypermethylation of WNT1 was a specific event of LBBC patients. The methylation levels of WNT1 were significantly higher in LBBC than in the other breast tumor subtypes (Supplementary Figure S3). Interestingly, we observed that WNT1 was also significantly hypermethylated in other breast cancer subtypes (Luminal A, triple negative and HER2+) in comparison with nontumor controls.
DISCUSSION
Alterations in epigenetic mechanisms, such as aberrant DNA methylation, are implicated in the development, progression, and therapy response of BC (Palomeras et al., 2019; Pineda et al., 2019; Glodzik et al., 2020). In recent years, the methylation analysis of liquid biopsy samples in BC patients has shown clinical utility as a biomarker for the detection, prognosis, and monitoring of the disease (Hoque et al., 2006; Mastoraki et al., 2018; Palanca-Ballester et al., 2021). However, a clinical need to find new noninvasive biomarkers associated with metastatic BC subtypes persists (Gupta et al., 2020). Herein, we focused our study on patients with advanced LBBC, since it represents a frequent, aggressive and poor prognosis BC subtype (Creighton, 2012). The characterization of liquid biopsy samples using epigenomic tools for genome-wide methylation analyses has been recently proposed as a good approach to discover new noninvasive biomarkers (Shen et al., 2018). Thus, we used a genome-wide DNA methylation approach based on the EPIC array methodology to profile the methylome of cfDNA and discover novel noninvasive biomarkers in metastatic LBBC patients.
Our work revealed that the cfDNA of patients with metastatic LBBC is characterized by the hypomethylation of regions with a low density of CpGs and the site-specific hypermethylation of CpGIs in promoter regions. Importantly, this pattern is similar to the deregulation of DNA methylation that has been previously described in cancer cells (Nishiyama and Nakanishi, 2021), suggesting that the methylation profile in the cfDNA of the patients in our cohort mirrors the epigenetic alterations of BC cells.
Specific genes, such as RASSF1A and BRCA1, have been previously described to exhibit aberrant hypermethylation of their promoter CpGIs in BC (Rice et al., 1998; Dammann et al., 2001). Accordingly, we focused our study on promoter CpGIs and were able to identify a novel noninvasive episignature in cfDNA based on 1,467 CpGs that was associated with LBBC patients. We found that the genes of this episignature were related to relevant biological pathways, mainly Wnt signalling pathway. Among these genes, we focused on WNT1, which is involved in the canonical Wnt signaling pathway (also known as Wnt/β-Catenin) in cancer cells (Ayyanan et al., 2006; Mehta et al., 2021). Thus, we confirmed that the promoter CpGI of WNT1 was hypermethylated in the cfDNA of patients with metastatic LBBC and that this aberrant methylation showed a high diagnostic accuracy to detect this BC subtype, suggesting that the hypermethylation of WNT1 could be a suitable biomarker for cancer detection and monitoring of metastatic patients. In line with this, it has been recently shown that methylation biomarkers of cfDNA with high diagnostic accuracy are useful not only for diagnosis but also for monitoring tumor burden dynamics under different therapeutic regimens in advanced disease (Barault et al., 2018). Importantly, evaluating prognosis and monitoring tumor response in real time during treatment continues to be an unmet clinical need in advanced BC (Gupta et al., 2020). Wnt signaling is a very relevant pathway in BC whose molecular alterations have clinical implications to establish the prognosis of the disease (Mukherjee et al., 2012) and has been associated to breast cancer therapy response (Abreu de Oliveira et al., 2022). Therefore, it would be interesting to evaluate in future studies whether the hypermethylation of WNT1 could be useful for the selection of patients susceptible to systemic therapies (CDK inhibitors for example) in the BC metastatic setting.
Of note, we also found that the promoter hypermethylation of WNT1 was present not only in cfDNA of LBBC patients but also in their primary and/or metastatic tumors. This finding is in accordance with our previous work and that of other authors showing that the molecular landscape present in liquid biopsy may also be detected in the corresponding tumor tissue of patients (Rahvar et al., 2020; Rodriguez-Casanova et al., 2021). In addition, when we extended our study to the analysis of breast primary tumors using the public TCGA database, we were able to confirm that the hypermethylation of WNT1 is a frequent event in early and advanced LBBC, suggesting that the epigenetic deregulation of WNT1 is not a specific biomarker of metastatic disease but rather a biomarker of breast cancer cells. In agreement with our results, the aberrant methylation of other genes involved in the Wnt signaling pathway (e.g., WNT5A and WNT7A) has previously been described in tumor cells from the BC luminal subtype (Shan et al., 2019) and in other tumor types, such as gastric cancer or chronic lymphocytic leukemia (Liu et al., 2019; Poppova et al., 2022).
Several studies have shown that aberrant promoter hypermethylation is a relevant mechanism that is able to repress the expression of key genes in breast tumor cells (Alvarez et al., 2013; Palomeras et al., 2019). Accordingly, the analysis of luminal breast tumors from the TCGA database also revealed that WNT1 promoter hypermethylation was associated with a downregulation of its gene expression in primary tumors, suggesting that WNT1 is epigenetically regulated in luminal BC. The downregulation of WNT1 observed in particular BC subtypes corroborates the work by Koval and Katanaev (2018), who reported low expression of this gene in primary tumors of nontriple-negative BC patients (ER+/PR + and HER+). Indeed, it has been reported that the deregulation of some Wnt signaling components depends on the BC subtype, with many being downregulated in the luminal B subtype (Smid et al., 2008).
One limitation of our study is that the epigenomic profiling of cfDNA performed is based on a retrospective cohort of patients with a small sample size. Although the results obtained in this work should be taken with caution, they provide the basis for further large, prospective and independent studies that validate the clinical utility of the potential epigenetic biomarkers identified herein. In addition, it would be interesting to evaluate in future works the implications of the epigenetic deregulation of WNT1 in the development of metastasis.
In summary, in this proof-of-principle study, we discovered an episignature associated with patients with advanced LBBC using a genome-wide cfDNA methylation approach. We also identified the promoter hypermethylation of WNT1 in cfDNA as a potential noninvasive biomarker for luminal BC. Our results support the use of EPIC array technology to identify new noninvasive biomarkers in BC.
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In this study, we aimed to identified CpG sites at which DNA methylation levels are associated with meat quality traits in 140 Yorkshire pigs, including pH at 45 min (pH45min), pH at 24 h (pH24h), drip loss (DL), meat redness value (a*), yellowness (b*) and lightness (L*). Genome-wide methylation levels were measured in muscular tissue using reduced representation bisulfite sequencing (RRBS). Associations between DNA methylation levels and meat quality traits were examined using linear mixed-effect models that were adjusted for gender, year, month and body weight. A Bonferroni-corrected p-value lower than [image: image] was considered statistically significant threshold. Eight CpG sites were associated with DL, including CpG sites annotated to RBM4 gene (cpg301054, cpg301055, cpg301058, cpg301059, cpg301066, cpg301072 and cpg301073) and NCAM1 gene (cpg1802985). Two CpG sites were associated with b*, including RNFT1 and MED13 (cpg2272837) and TRIM37 gene (cpg2270611). Five CpG sites were associated with L*, including GSDMA and LRRC3C gene (cpg2252750) and ENSSSCG00000043539 and IRX1 gene (cpg2820178, cpg2820179, cpg2820181 and cpg2820182). No significant associations were observed with pH45min, pH24h or a*. We reported associations of meat quality traits with DNA methylation and identified some candidate genes associated with these traits, such as NCAM1, MED13 and TRIM37 gene. These results provide new insight into the epigenetic molecular mechanisms of meat quality traits in pigs.
Keywords: DNA methylation, EWAS, CPGs, pig, gene
1 INTRODUCTION
Meat quality are important traits in the pig industry. Meat quality traits mainly include, pH45m, pH24h, water-holding capacity (WHC) or DL, meat color and intramuscular fat content (IMF). In the process of pig genetics and breeding, the production performance of pig has always been the main breeding goal, and has achieved remarkable results. However, in recent years, the meat quality of pig has attracted more and more attention. Improving meat quality has become a high priority for the pork industry.
A great deal of progress has been made by genome-wide association studies (GWAS) to identify genetic loci for meat quality traits (Zhang et al., 2015; Shen et al., 2016; Verardo et al., 2017; Xing et al., 2019). In recent decades, more than 30,000 quantitative trait loci (QTL) have been released for public access on the Pig QTLdb (release 40 December 2019. http://www.animalgenome.org/cgi-bin/QTLdb/SS/index). Among them, 730 QTLs have been found to affect pork pH and 651 QTLs are associated with meat color.
While tremendous progress has been made in identifying QTLs associated with meat quality traits, epigenetic mechanisms for regulating gene expression are less understood, such as DNA methylation, histone modification and chromatin accessibility. In particular, DNA methylation at CpG sites plays an important role in development, cell differentiation, imprinting and regulation of gene expression. DNA methylation is an annotation system that marks genetic text to guide how and when to read information and control transcription (Dor and Cedar, 2018). DNA methylation has been shown to be related to pig traits, including growth (Jin et al., 2014), reproduction (Bell et al., 2011) and immune response (Wang et al., 2017).
Similar to GWAS, epigenome-wide association studies (EWAS) use epigenetic factors instead of SNP to identify candidate genes for traits (Flanagan, 2015). In recent years, EWAS have identified associations for DNA methylation and complex traits in humans, such as body-mass index (BMI) (Dick et al., 2014; Demerath et al., 2015), obesity (Silva and Garvin, 2009; Klodian et al., 2018) and diseases (Dedeurwaerder et al., 2011; Mathias et al., 2016; Soriano-Tárraga et al., 2016; Meeks et al., 2019). However, up to now, most EWAS studies have been carried out in human but no EWAS studies have been conducted on pigs.
In this study, we aimed to investigate the association between DNA methylation and meat quality traits in Yorkshire pigs by using muscular tissue. We conducted EWAS using RRBS data and then identified 20 significant CpG sites associations with meat quality traits. The results are a step toward realizing the epigenetic molecular mechanisms of meat quality traits and identifying new loci.
2 RESULTS
2.1 Animals and meat quality traits
A total of 140 Yorkshire pigs (51 male and 89 female) were sampled in this study. The characteristics of these pigs were presented in Table 1. The mean value of pH45min, pH24h, DL, a*, b*, and L* were 6.30, 5.91, 2.89%, 5.09, 2.36, and 45.77, respectively.
TABLE 1 | Descriptive statistics of meat quality characteristics of muscular tissue from Yorkshire pigs.
[image: Table 1]2.2 DNA methylation
We constructed RRBS libraries from muscular tissue to examine methylation patterns in 140 pigs. We sequencing the libraries using Illumina HiSeq platform and then obtained on an average of [image: image] Gb raw bases per sample (Supplementary Table S1). After quality control, we obtained on an average of [image: image] Gb clean bases per sample. Moreover, the average bisulfite conversion of Yorkshire pigs was over 99%. Besides, more than 60% of the reads of Yorkshire pigs were mapped to the porcine reference genome. We filtered ML data for CpG sites with at least 10 [image: image] coverage, and present in at least 105 samples, corresponding to 3,083,713 CpG sites for further analysis. Figure 1 showed the distribution of CpG sites and methylation level of CpG sites for Yorkshire pigs in the 18 autosomal chromosomes.
[image: Figure 1]FIGURE 1 | The distribution and methylation level of CpG sites for Yorkshire pigs in the 18 autosomal chromosomes. The color of chromosome ideogram represents the methylation level of CpG sites.
2.3 EWAS
We performed EWAS between CpG ML and 6 meat quality metrics, including pH45min, pH24h, DL, a*, b* and L*. We then used the R package “CpGassoc” to determine associations between DNA methylation and phenotype, as is common practice for GWAS of quantitative traits. Based on the Bonferroni correction for the number of CpG sites tested, associations were deemed significant if p-value were below [image: image].
A total of 15 significant associations were detected, corresponding to 3 unique phenotypes (Figure 2, Figure 3 and Figure 4) where the p-value was below [image: image]. Table 2 summarized the significant CpG sites associated with these traits. However, we did not find significant CpG sites ([image: image]) for pH45min (Figure 5A), pH24h (Figure 5B) and a* (Figure 5C).
[image: Figure 2]FIGURE 2 | Manhattan plot showing EWAS results for DL trait. Each dot represents an CpG site and the blue line represents the threshold.
[image: Figure 3]FIGURE 3 | Manhattan plot showing EWAS results for b* trait. Each dot represents an CpG site and the blue line represents the threshold.
[image: Figure 4]FIGURE 4 | Manhattan plot showing EWAS results for L* trait. Each dot represents an CpG site and the blue line represents the threshold.
TABLE 2 | Summary of significant CpG sites associated with meat quality traits.
[image: Table 2][image: Figure 5]FIGURE 5 | Manhattan plots showing EWAS results for other traits. Each dot represents an CpG site. (A) Manhattan plot showing EWAS results for pH45min. (B) Manhattan plot showing EWAS results for pH24h. (C) Manhattan plot showing EWAS results for a*.
As Table 2 shown, of the 15 significant CpG sites, 9 CpG sites were intragenic, and 6 CpG sites were intergenic. The distance between intergenic loci and nearby flanking genes ranged between 2,640 bp and 249,955 bp. The candidate genes listed for each site correspond to the gene itself for intragenic, and the two nearest flanking genes by distance for intergenic, with the distance between the site and each flanking gene listed for intergenic associations.
Subsequently, we calculated the average methylation level (ML) of significant CpG sites (Supplementary Table S2). Of these 15 significant CpG sites, 13 CpG sites (cpg301073, cpg301059, cpg301055, cpg301058, cpg301066, cpg301054, cpg301072, cpg2272837, cpg2270611, cpg2820181, cpg2820178, cpg2820182, and cpg2820179) were hypermethylation, and only 2 CpG sites (cpg1802985 and cpg2252750) were hypomethylation.
2.4 Candidate genes
Totals of 8 CpG sites reached significant level and were regarded as significant sites for DL trait (Table 2). Of the 8 CpG sites, 7 sites were located within the exon1 of RBM4 gene (Figure S1), and the top CpG site was cpg301073 (SSC2:5783171, [image: image]). Besides, only 1 CpG site (cpg1802985, SSC9:40844891, [image: image]) were located within the NCAM1 gene (Supplementary Figure S2).
For meat color trait, totals of 2 and 5 CpG sites reached significant level for b* and L*, respectively. For b*, one of them, cpg2272837 (SSC12:36261646, [image: image]), was located in the intergenic region and the nearest flanking genes were RNFT1 gene and MED13 gene (Supplementary Figure S3). Another one was cpg2270611 (SSC12:35240816, [image: image]) that was located within the TRIM37 gene (Supplementary Figure S3). In addition, for L*, the nearest flanking genes of the cpg2252750 (SSC12:22395823, [image: image]) were GSDMA and LRRC3C (Supplementary Figure S4). A total of 4 CpG sites were located in the intergenic region and the nearest flanking genes were ENSSSCG00000043539 and IRX1 gene (Supplementary Figure S5). Of them, the top CpG site was cpg2820181 (SSC16:77445768, [image: image]).
The main GO terms enriched in 9 candidate genes (Supplementary Table S1) might be related to negative regulation of centriole replication ([image: image]) and protein autoubiquitination ([image: image]).
3 DISCUSSION
This study reported the results of EWAS of meat quality traits in 140 Yorkshire pigs, including drip loss (DL), meat pH (pH45 min, pH24 h), and meat color (a*, b* and L*). Just as genome-wide association studies (GWAS) grew from the field of genetic epidemiology, so too do EWAS derive from the field of epigenetic epidemiology. Although there have been numerous studies of EWAS in humans, few studies perform EWAS analysis to identified associations between DNA methylation and complex traits in livestock (Flanagan, 2015). In the current study, we found associations between DNA methylation levels and meat quality traits in the muscle tissue of pigs. These findings suggest that it was possible to find significant associations between DNA methylation and traits by using tissues associated with traits of interest. Besides, one of the advantages of using mammalian models, such as pigs, is that tissues that are not readily available in human studies can be collected.
DL trait is used to describe the water-holding capacity of meats. The water-holding capacity of meats is affected by multiple factors (Huff-Lonergan and Lonergan, 2005), including muscle cell structure, muscle contraction, muscle cell protein and genetic factors. We observed that methylation of 7 CpG sites annotated to the RBM4 gene on SSC2 and 1 CpG site annotated to the NCAM1 gene on SSC9 were associated with DL trait. The RBM4 gene encodes RNA Binding Motif Protein 4 (RBM4) which participates in both precursor mRNA splicing regulation and translational control in muscle cells. RBM4 protein promotes the expression of many muscle-specific mRNAs from individual genes via its activity in modulating alternative splicing in myoblasts (Lin and Tarn, 2012). The NCAM1 gene encodes a cell adhesion protein that is a member of cell adhesion molecules (CAMs) family. The CAMs are associated with the binding of a cell to another cell or to the extracellular matrix. They play important role in cell proliferation, differentiation, trafficking, motility, apoptosis and tissue architecture. Up to now, it is not clear how methylation of RBM4 gene and NCAM1 gene are involved in DL. Multiple studies have shown that NCAM1 is associated with denervation and reinnervation, and is often used as a marker of muscle fiber denervation. We cannot definitively know that the NCAM1 is associated with DL. However, that NCAM1 is associated with denervation and reinnervation, and is often used as a marker of muscle fiber denervation (Barns et al., 2014; Messi et al., 2016) provides evidence to conclude that NCAM1 may be involved in WHC of muscle by regulating skeletal muscle fiber.
When consumers choose fresh meat, meat color plays an important visual role. In this study, meat color traits were recorded by a Minolta CR-300 colorimeter. We identified several of significant CpG sites in 2 chromosome regions (SSC12 and SSC16). Yellowness of meat (b*) is mainly influenced by the fat deposits in muscle (Calnan et al., 2017). Usually, yellowness increases with the amount of fat deposited in the muscle. We identified 2 significant CpG sites for b* on SSC12 (Figure S3), which had’n been previously reported. The cpg2272837 is annotated to the upstream of MED13 gene. The MED13 is a protein coding gene that encodes a component of the mediator complex. The mediator complex acts as a centralized hub for transcriptional regulation and plays an important role in metabolic control (Amoasii et al., 2018). Previous study reported that MED13 overexpression enhanced lipid metabolism, insulin sensitivity, and decreased susceptibility to obesity (Baskin et al., 2014). Yellowness of meat is affected by muscle fat deposition. This result could imply that MED13 may affect yellowness of meat by participating in lipid metabolism. The cpg2270611 is annotated within the TRIM37 gene which encodes a peroxisomal protein (TRIM37) with E3 ubiquitin-ligase activity. The mutations in the TRIM37 gene caused mulibrey (muscle-liver-brain-eye) nanism (MUL). Although the physiological function of TRIM37 in vivo is unclear, a study has shown that members of the ubiquitin-proteosome pathway can participate in energy metabolism by affecting the regulation of insulin signaling (Karlberg et al., 2005). Energy metabolism plays an important role in the process of muscle transformation after slaughter. Functional studies are needed to investigate the roles of the MED13 and TRIM37 gene in meat color among Yorkshire pigs.
A growing body of evidence supports the contribution of epigenetic modification to phenotypic variation in livestock (Triantaphyllopoulos et al., 2016; Wang and Ibeagha-Awemu, 2020) and supports the potential application of epigenetic biomarkers, particularly DNA methylation in livestock breeding programs. Moreover, a previous study has reported the association between SNPs and differential DNA methylation (Imgenberg-Kreuz et al., 2018). This provided one possible mechanism that SNPs impacts gene expression by altering DNA methylation, thereby suggesting the possible application of epigenetic biomarkers in livestock improvement breeding (Maldonado et al., 2019). Thus, in the development of new breeding methods, the relationship between DNA methylation biomarkers identified by EWAS and production traits can be considered in order to be able to quantify the epigenetic contribution to breeding value prediction. (Wang and Ibeagha-Awemu, 2020). Therefore, more studies are needed to get a better understanding of the epigenetic mechanisms underlying phenotyping variation in pig production.
4 MATERIALS AND METHODS
4.1 Animals and DNA sample
A total of 140 Yorkshire pigs (51 male and 89 female) were used to extracted genomic DNA from muscular tissue. The pigs were raised under the same recommended environment at the conservation farm of Mingxing Agricultural science and Technology Development Co.,Ltd. All individuals were raised to 111.71 Kg ([image: image] Kg) weight, transported to the slaughterhouse, and were fasting for 24 h before slaughter determination. After the carcass composition traits were determined, meat quality traits were measured using methods previously described in detail (Duan et al., 2009; Ma et al., 2009). All meat quality measurements were taken on the left side of the carcass. Muscle pH values of the longissimus dorsi muscle were measured at 45 min (pH45min) and 24 h (pH24h) using a portable pH meter (model 720A; Orion Research Inc., Boston, MA, United States). Meat color, including lightness (L*), redness (a*), and yellowness (b*) were measured at 45 min using a Minolta CR-300 colorimeter (Minolta Camera, Osaka, Japan). Drip loss (DL) was accessed by the method described by Otto et al. (2004). Briefly, a slice of fresh muscle was placed in a plastic bag on a grid parallel to the fiber direction. The weight loss percentages after 24 h of storage at 4°C were calculated. Muscle pH, meat color, and DL were measured in triplicate for each sample, and the average of the three measurements was used. DNA samples from the muscle tissue were snap-frozen in liquid nitrogen then held at −80°C until analysis.
4.2 DNA methylation data
Briefly, genomic DNA was isolated from flash frozen muscular tissue. Then, the construction of RRBS libraries and paired-end sequencing using Illumina HisSeq analyzer was performed at Novogene technology co., LTD. (Beijing, China). Raw sequencing data were processed by an Illumina base-calling pipeline. Clean reads were aligned to the pig reference genome (Sscrofa11.1) using Bismark (Felix and Andrews, 2011) after removing adaptor sequences. Next, ML were measured using bismark_methylation_extrator program. A quality control procedure was adopted to ensure the high data quality by 1) retaining only CpG cytosines across all samples; 2) removing CpG sites with missing methylation values at >35 samples; 3) removing CpG sites with coverage <10 reads within a sample. A total of 3,083,713 CpG sites were retained for further analysis. The distribution of CpG sites were conducted using R package Rldeogram v.2.2 (Hao et al., 2020).
4.3 Data analysis
We used the R package CpGassoc v2.60 (Barfield et al., 2012) to test for association between methylation and phenotype. We applied the linear mixed-model with the CpG ML score (vary between 0 and 1) as the outcome, and adjusted for sex, year, month, parity and body weight. The following model was used:
[image: image]
where [image: image] is vector of the phenotypes, μ is the mean, [image: image] is the vector of CpG, [image: image] is CpG effect, [image: image] represent random effects, [image: image] is the vector of random residuals.
We corrected for multiple comparisons using a Bonferroni correction for [image: image] test setting a significant threshold p-value to [image: image]. We constructed Manhattan plots to present the results of epigenome-wide association analysis using the R package qqman v0.1.8 (Turner, 2018).
4.4 Candidate genes and annotation
Then we identified candidate genes based on the significant CpG sites by the Ensemble biomart (http://www.biomart.org). The candidate genes listed for each site correspond to the gene itself for intragenic, and the two nearest flanking genes by distance for intergenic, with the distance between the site and each flanking gene listed for intergenic associations. The gene lists were then submitted for enrichment analysis using the Database for Annotation, Visualization and Integrated Discovery (DAVID) v6.8 (http://david.ncifcrf.gov/). Significant Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were selected after filtering with [image: image].
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Supplementary Figure S1 | The Manhattan plot of significant CpG sites on SSC2 for DL trait and the graphic of significant CpG sites in the genomic region. Each dot represents an CpG site and the green dot in the circle represents significant CpG site. The X-axis represents genomic region, and the Y-axis represents average methylation level of CpG sites.
Supplementary Figure S2 | The Manhattan plot of significant CpG sites on SSC9 for DL trait and the graphic of significant CpG sites in the genomic region. Each dot represents an CpG site and the green dot in the circle represents significant CpG site. The X-axis represents genomic region, and the Y-axis represents average methylation level of CpG sites.
Supplementary Figure S3 | The Manhattan plot of significant CpG sites on SSC12 for b* and the graphic of significant CpG sites in the genomic region. Each dot represents an CpG site and the green dot in the circle represents significant CpG site. The X-axis represents genomic region, and the Y-axis represents average methylation level of CpG sites.
Supplementary Figure S4 | The Manhattan plot of significant CpG sites on SSC12 for L* and the graphic of significant CpG sites in the genomic region. Each dot represents an CpG site and the green dot in the circle represents significant CpG site. The X-axis represents genomic region, and the Y-axis represents average methylation level of CpG sites.
Supplementary Figure S5 | The Manhattan plot of significant CpG sites on SSC16 for L* and the graphic of significant CpG sites in the genomic region. Each dot represents an CpG site and the green dot in the circle represents significant CpG site. The X-axis represents genomic region, and the Y-axis represents average methylation level of CpG sites.
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N6-methyladenine regulator-mediated RNA methylation modification patterns in immune microenvironment regulation of osteoarthritis
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Background: Osteoarthritis is a common chronic degenerative disease, and recently, an increasing number of studies have shown that immunity plays an important role in the progression of osteoarthritis, which is exacerbated by local inflammation. The role of N6-methyladenine (m6A) modification in immunity is being explored. However, the role of m6A modification in regulating the immune microenvironment of osteoarthritis remains unknown. In this study, we sought to discuss the association between the N6-methyladenine (m6A) modification and the immune microenvironment of osteoarthritis.
Methods: First, the data and gene expression profiles of 139 samples, including 33 healthy samples and 106 osteoarthritis samples, were obtained from the Genetics osteoARthritis and Progression (GARP) study. Then the differences in m6A regulators between healthy individuals and osteoarthritis patients were analyzed. The correlation between m6A regulators and immune characteristics was also investigated by single-sample gene set enrichment analysis (ssGSEA). Principal component analysis (PCA), Gene Set Variation Analysis (GSVA) enrichment analysis, weighted gene coexpression network analysis (WGCNA), and Associated R packages were used to identify the m6A phenotype and its biological functions.
Results: A total of 23 m6A regulators were involved in this study. We found a close correlation between most m6A regulators in all samples as well as in osteoarthritis samples. VIRMA and LRPPRC were the most highly correlated m6A regulators and showed a positive correlation, whereas VIRMA and RBM15B were the most negatively correlated. M6A regulators are associated with osteoarthritis immune characteristics. For example, MDSC cell abundance was strongly correlated with RBM15B and HNRNPC. Meanwhile, RBM15B and HNRNPC were important effectors of natural killer cell immune responses. IGFBP3 is an important regulator of cytolytic activity immune function. We performed an unsupervised consensus cluster analysis of the osteoarthritis samples based on the expression of 23 m6A regulators. Three different m6A subtypes of osteoarthritis were identified, including 27 samples in subtype C1, 21 samples in subtype C2, and 58 samples in subtype C3. Different m6A subtypes have unique biological pathways and play different roles in the immune microenvironment of osteoarthritis.
Conclusion: The m6A modification plays a crucial role in the diversity and complexity of the immune microenvironment in osteoarthritis.
Keywords: N6-methyladenine (m6A), osteoarthritis, methylation, immune, microenvironment
1 INTRODUCTION
Osteoarthritis (OA) is a common chronic degenerative disease that is characterized by joint pain, swelling, and limited activity, resulting in decreased activity and dysfunction of elderly individuals (Abramoff and Caldera, 2020). Patients may endure severe pain with decreased joint mobility, resulting in rising healthcare system costs and decreased work productivity. It was thought in the past that OA is simply produced by mechanical wear and tear and that its mechanism was an imbalance in joint biomechanics (Vincent, 2013). Recently, OA has been understood to result from a complex interplay of local and systemic factors. An increasing number of studies have demonstrated that immune cell infiltration plays an important role in the progression of OA and that local inflammation further aggravates the disease process (Moradi et al., 2015; Rosshirt et al., 2019). The body’s natural wound healing response is manifested in osteoarthritic joints, and there is growing interest in how immunity influences disease initiation and progression (Daghestani and Kraus, 2015). Therefore, immunomodulation in osteoarthritis may be key to the new pathological mechanisms behind it and may shed some light on the discovery of novel immunotherapies for osteoarthritis.
Currently, an increasing number of studies are revealing a novel mode of inheritance, epigenetics, which is based on changes in the expression levels of genes caused by non-genetic sequence alterations (Harvey et al., 2018). Among them, as the third layer of epigenetics, more than 150 RNA modifications have been identified, including N1-methyladenosine (m1A), N6-methyladenine (m6A), 5-methylcytosine (m5C), and 7-methylguanosine (m7G). Notably, m6A is the most abundant form and has received substantial attention (Patil et al., 2016). It is a dynamic and reversible RNA modification that is involved in a wide range of biological and pathological processes, such as cancer progression and inflammation (Lan et al., 2019; Zong et al., 2019). m6A is the most common chemical modification of eukaryotic mRNA and is important in the regulation of mRNA stability, splicing, and translation (Cao et al., 2016). Its regulatory proteins include writers (METTL3, METTL14, WTAP, etc.), erasers (FTO, ALKBH5, etc.), and readers (YTHDF1, YTHDF2, YTHDF3, etc.) (Yang et al., 2018).
Recent studies have identified that m6A modification can regulate various aspects of immune function, including immune recognition, activation of innate and adaptive immune responses, and cell fate decisions (Shulman and Stern-Ginossar, 2020). Despite increasing evidence for the regulatory role of m6A in immune responses, current studies focusing on the role of m6A modification in the immune-related pathogenesis of osteoarthritis are still lacking. Existing studies have mainly focused on METTL3 and FTO (Liu et al., 2019; arc et al., 2012; Panoutsopoulou et al., 2014). The correlation between m6A regulators and osteoarthritis remains elusive and requires further exploration. In-depth investigation of immune dysregulation between normal samples and osteoarthritis samples as well as among the various subtypes of osteoarthritis and how m6A regulators act on these changes may shed light on osteoarthritis pathogenesis from a new perspective.
However, previous studies have been limited to a few m6A regulators due to technical limitations. In this study, we systematically evaluated the modification patterns of m6A regulators in osteoarthritis, which furthers our understanding of the immune microenvironment in osteoarthritis. We found that the classification model based on m6A regulators could distinguish osteoarthritis samples from healthy samples. There was a high degree of coordination and correlation between m6A regulators and infiltrating immune cells, immune responses, and immune functions in osteoarthritis. We identified 3 distinct m6A-modified subtypes where different immune characteristics were observed, and we compared the biological functions of these subtypes. In addition, we studied 1175 m6A phenotype-related genes and their biological functions. In conclusion, the effect of m6A modification on the immune microenvironment of osteoarthritis cannot be ignored.
2 MATERIALS AND METHODS
2.1 Dataset sources and preprocessing
The data used in this study consisted of 139 samples, including 33 healthy samples and 106 osteoarthritis samples. These samples were obtained from 139 participants of the Genetics osteoARthritis and Progression (GARP) study, and gene expression profiles were extracted from peripheral blood mononuclear cells (PBMCs) of these participants (The age and gender information are provided in Supplementary Table S1). The sample processing protocol and RNA extraction method were well described in a previous study (Ramos et al., 2014). The dataset was deposited in the Gene Expression Omnibus (GEO) database with the accession number GSE48556. The R/Bioconductor package “GEOquery” (Davis & Meltzer, 2007) was used to extract the GEO dataset, which consisted of the gene expression matrix and clinical features. According to the annotation information of the GPL6947 platform, probe mapping was applied to genes. If multiple probes corresponded to one gene, the average value was taken, and probes corresponding to multiple genes were deleted. Matrix expression values were preprocessed by correction with the “normalizeBetweenArrays” function in the “limma” package (Ritchie et al., 2015).
2.2 Alteration analysis of m6A regulators between healthy individuals and osteoarthritis patients
These 23 m6A regulators involved in the study included 8 writers (METTL3, METTL14, METTL16, WTAP, VIRMA, ZC3H13, RBM15, and RBM15B), 2 erasers (FTO and ALKBH5), and 13 readers (YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, HNRNPC, FMR1, LRPPRC, HNRNPA2B1, IGFBP1, IGFBP2, IGFBP3, and RBMX). The expression relationships among the 23 m6A regulators were evaluated by Spearman correlation analysis in all samples and osteoarthritis samples. Then, we constructed a correlation network of these 23 m6A regulators. The expression differences of the 23 m6A regulators between healthy and osteoarthritis samples were compared by the Wilcoxon test. OA-related m6A regulators were determined by univariate logistic regression with a cutoff criterion of p-value <0.2. Least absolute shrinkage and selection operator (LASSO) regression was used for feature selection and dimension reduction. Multivariate logistic regression was used to develop a m6A regulator-associated osteoarthritis classification model and external data sets (Details are provided in Supplementary Table S2) were used for verification. Receiver operating characteristic (ROC) curve analysis was used to evaluate the discriminatory performance of the model signatures.
2.3 Correlation between m6A regulators and immune characteristics
Single-sample gene set enrichment analysis (ssGSEA) was used to estimate the abundance of specific infiltrating immune cells and the activity of specific immune responses and immune function. It defines an enrichment fraction to express the absolute degree of enrichment of a gene set in each sample (Shen et al., 2019). The immune cell gene set and the immune function gene set were derived from previous studies (Zhang et al., 2020a; Liang et al., 2020). The immune genes and immune response gene sets were obtained from the ImmPort database (http://www.immport.org) (Bhattacharya et al., 2014). The Wilcoxon test was used to compare the abundance of immune cells, immune response, and immune function enrichment scores between healthy and osteoarthritis samples. We analyzed the correlation between the expression of m6A regulators and the immune cell fraction, immune response activity, and immune function activity by the Spearman method.
2.4 Identification of distinct m6A modification patterns by unsupervised clustering
The ConsensusClusterPlus package was applied to classify disease samples into distinct subtypes based on the expression of 23 m6A regulators (Wilkerson and Hayes, 2010). This is an unsupervised clustering analysis method. The Euclidean distance was utilized to calculate the similarity distance between samples, and the K-means algorithm was used to evaluate cluster numbers and robustness (Hartigan and Wong, 2013). The maximum cluster number was set to be 9. Eighty percent of the samples were sampled by the resampling scheme, and resampling was conducted 1000 times. The final cluster number was determined by the consensus matrix and the cluster consensus score (>0.8). Principal component analysis (PCA) was used to further verify the distinct modification patterns of 23 m6A regulators.
2.5 Immune characteristics and biological enrichment analysis of distinct m6A modification subtypes
We compared the differences in the immune cell fraction, immune response activity, and immune function activity among the m6A subtypes by the Kruskal test. To investigate the differences in biological functions and processes between m6A modification patterns, Gene Set Variation Analysis (GSVA) enrichment analysis was applied by the “GSVA” package. GSVA, known as gene set variant analysis, is a non-parametric unsupervised analysis method that transforms the expression matrix of genes across different samples into a pathway activation score matrix and evaluates whether different biological pathways are enriched across samples (Hanzelmann et al., 2013). The HALLMARKS pathway and KEGG pathway are two commonly used pathway gene sets. From the MSigDB database (http://www.gsea-msigdb.org/gsea/msigdb), the “h.all.v7.4.symbols” and “c2.cp.kegg.v7.4.symbols” gene sets were downloaded for running the GSVA analysis. Pathway activation scores were compared between the two groups by the R package “limma”, and adjusted p-values less than 0.05 were considered statistically significant.
2.6 Identification of m6A phenotype-related genes
To identify genes mediated by m6A regulators, differentially expressed genes (DEGs) between distinct m6A phenotypes were analyzed by the empirical Bayesian method of the “limma” R package, and the cutoff criterion for screening DEGs were set as adjusted p-value <0.01. The biological functions of m6A phenotype-related genes were analyzed by GO and KEGG enrichment analysis using the R package “clusterProfiler” (Yu et al., 2012). WGCNA (weighted gene coexpression network analysis) was used to identify the modification pattern-related gene modules through the “WGCNA” package (Langfelder and Horvath, 2008).
3 RESULTS
3.1 Landscape of m6A regulators between healthy and osteoarthritis samples
A total of 23 m6A regulators were involved in this study, including 8 writers, 13 readers, and 2 erasers. An overview of m6A regulators and their functions was given (Figure 1A). By analyzing the transcriptome matrix, we found a close correlation between most m6A regulators in all samples as well as in osteoarthritis samples (Figures 1B, D). This illustrated that these regulators influenced each other, and this correlation was approximately the same across all samples as well as across disease samples. Among them, VIRMA and LRPPRC were the most highly correlated m6A regulators expressed in all samples and osteoarthritis samples and showed a positive correlation, whereas VIRMA and RBM15B were the most negatively correlated (Figures 1C, E). These suggested that they function together. We constructed a correlation network of m6A regulators in osteoarthritis (Figure 1F), again verifying that they generally function as a group. Differential expression analysis identified 6 m6A regulators with altered expression. These factors with altered expression were distributed among the writers and readers, whereas the erasers did not change significantly, suggesting that they might not play an important role in osteoarthritis independently (Figure 1G).
[image: Figure 1]FIGURE 1 | The landscape of m6A RNA methylation regulators in osteoarthritis (A) Overview of the dynamic reversible process of m6A RNA methylation modification regulated by “writers”, “erasers” and “readers” in osteoarthritis and their potential biological functions for RNA. (B,C) The correlation of the expression of 23 m6A regulators in all samples. Red indicates a positive correlation, and green indicates a negative correlation. Two scatter plots showed the two most relevant sets of m6A regulators: VIRMA and LRPPRC were the most positively correlated and VIRMA and RBM15B were the most negatively correlated. Above * means p < 0.05. (D,E) The correlation of the expression of 23 m6A regulators in osteoarthritis samples. Orange indicates a positive correlation, and blue indicates a negative correlation. Two scatter plots showed the two most relevant sets of m6A regulators: VIRMA and LRPPRC were the most positively correlated and VIRMA and RBM15B were the most negatively correlated. Above * means p < 0.05. (F) The regulatory network of 23 m6A regulators in osteoarthritis: red indicates a positive correlation, and blue indicates a negative correlation. (G,H) The boxplot and heatmap show the expression of 23 m6A regulators between healthy and osteoarthritis samples. Above * indicates p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001, and ns indicates that the difference was not statistically significant.
3.2 m6A regulators contribute to the osteoarthritis process
We employed a series of statistical algorithms to explore the impact of m6A modification on osteoarthritis pathogenesis. We found that 12 m6A regulators were associated with osteoarthritis by univariate logistic regression (Figure 2A; see Supplementary Table S3 in the Supplementary Material). LASSO regression was performed on 12 m6A regulators for feature selection and dimensionality reduction to exclude non-significant regulators (Figures 2B, C). We found that all 12 m6A regulators were essential for osteoarthritis. When lambda with the minimum squared error (MSE) was employed, 12 variables were obtained, and 8 were obtained when the one-fold standard error (1-SE) was chosen. The ROC curve indicated the higher precision of the former 12 regulators in distinguishing disease from the normal group (AUC = 0.913) (Figure 2D). Multivariate logistic regression was performed to develop a categorical model to discriminate between normal and osteoarthritis samples (Figure 2E; see Supplementary Table S4 in the Supplementary Material). The model consisted of 6 m6A regulators and discriminated well between healthy and osteoarthritis samples based on predicted probability values, where the probability scores of osteoarthritis were significantly higher than those of healthy samples (Figure 2F). The ROC curve illustrated the excellent performance of the 6 m6A regulators in classifying health and osteoarthritis, indicating their diagnostic value for OA (Figure 2G). We found that our model based on the expression of 6 m6A regulators had excellent diagnostic performance in other data sets (Supplementary Figure S1).
[image: Figure 2]FIGURE 2 | m6A regulators have profound effects on the osteoarthritis process. (A) Univariate logistic regression presenting the relationship between m6A regulators and osteoarthritis revealed 12 OA-related m6A regulators (p < 0.2). (B) LASSO coefficient distribution of 12 OA-associated m6A regulators. (C) Cross-validation for tuning parameter selection in the LASSO regression. For each λ value, around the mean of the target parameter shown by the red dot, we obtained the confidence interval of one target parameter. Two dashed lines indicate two special λ values: lambda. min was referred to in all λ values, the one giving the minimum target parametric mean, and lambda.1se refers to the one that gave the simplest model with a variance in the lambda. min λ value. (D) The ROC curve illustrated that the LASSO model, which includes 12 m6A regulators according to MSE, has better performance in distinguishing between normal and osteoarthritis samples than 1-SE, with an AUC value of 0.913. (E) Multivariate logistic regression presenting the relationship between m6A regulators and osteoarthritis revealed 6 osteoarthritis-related m6A regulators (p < 0.05). (F) Boxplot showing the probability difference between normal and osteoarthritis samples, where osteoarthritis had a much higher probability score than normal samples. (G) The ROC curve depicting that the classification model based on 6 m6A regulators has good prediction performance.
3.3 m6A regulators are associated with osteoarthritis immune characteristics
To investigate the biological behaviors between m6A regulators and the immune microenvironment, we performed correlation analyses between m6A regulators and immune infiltration cells, immune responses, and immune functions. First, the results revealed differences in the abundance of 23 infiltrating immune cells between healthy and osteoarthritis samples (See Supplementary Figure S2 in the Supplementary Material for comprehensive image analysis). Some immune cells changed in osteoarthritis, such as myeloid-derived suppressor cells (MDSCs), T follicular helper cells, type 1 T helper cells and type 17 T helper cells, involving innate immunity and adaptive immunity. Correlation analysis identified that m6A regulators were closely associated with these immune cells (Figure 3A). For example, the MDSC cell abundance was positively correlated with RBM15B and negatively correlated with HNRNPC (Figures 3B, C). This showed that infiltrating MDSCs were increased in osteoarthritis, which was closely related to the expression of RBM15B and HNRNPC. Similarly, we analyzed the immune response in osteoarthritis. The differences in the activity of each immunoreaction gene set between the healthy and osteoarthritis samples are presented (See Supplementary Figure S3 in the Supplementary Material for comprehensive image analysis). Several immune responses were increased in osteoarthritis, such as natural killer cell activity and TNF family members receptors. Natural killer cell activity was positively correlated with RBM15B, but it was negatively correlated with HNRNPC (Figures 3D, F). This suggested that RBM15B and HNRNPC played important roles in the natural killer cell response of osteoarthritis. We observed that RBM15B had a positive regulatory effect on multiple immune responses, while HNRNPC showed a negative regulatory effect. We also investigated the active state of immune function, in which half of the immune functions were altered in patients with osteoarthritis (See Supplementary Figure S4 in the Supplementary Material for comprehensive image analysis). For example, the check-point, cytolytic activity, and T-cell costimulation scores were higher in osteoarthritis. We found that METTL16 and ZC3H13 were positively and negatively correlated with most immune functions, respectively (Figures 3E, G). Check-point-METTL16 was the most positively correlated pair, and the most negatively correlated pair was APC costimulation-ZC3H13 (Figure 3G). However, for dysregulated m6A regulators, pairs with a stronger positive correlation were cytolytic activity-IGFBP3, whereas a negative correlation was with check-point-IGFBP1 (Figure 3G).
[image: Figure 3]FIGURE 3 | Correlations between the immune cell infiltration fraction, immune response gene sets, immune function gene sets, and m6A regulators. (A) Heatmap demonstrating the correlations between each immune infiltration cell type and each m6A regulator. Red indicates a positive correlation, and blue indicates a negative correlation. (B,C) Scatterplot demonstrating the correlations between the dysregulated immune cell fraction and the m6A regulator. The fraction or expression status is presented as a violin plot, indicating that there were more MDSCs, higher expression of RBM15B, and lower expression of HNRNPC in osteoarthritis. (D,F) Heatmap demonstrating the correlations between each immune response gene set and each m6A regulator. For dysregulated m6A regulators, the most positively correlated pair was natural killer cell-RBM15B, and the most negatively correlated pair was natural killer cell-HNRNPC. There was a more active natural killer cell reaction in osteoarthritis, as presented by the violin plot. (E,G) Heatmap demonstrating the correlations between each immune function gene set and each m6A regulator. For dysregulated m6A regulators, pairs with a stronger positive correlation were cytolytic activity-IGFBP3, whereas a negative correlation was found for check-point-IGFBP1, and there were stronger check-point and cytolytic activity functions activated in osteoarthritis, as presented by the violin plot.
3.4 Patterns of m6A methylation modification mediated by 23 regulators in osteoarthritis
To investigate the m6A modification patterns in osteoarthritis, we performed an unsupervised consensus cluster analysis of the osteoarthritis samples based on the expression of 23 m6A regulators. Three different m6A subtypes of osteoarthritis were identified, including 27 samples in subtype C1, 21 samples in subtype C2, and 58 samples in subtype C3 (Figures 4A–C). The results of PCA confirmed that the 23 m6A regulators could discriminate the 3 subtypes well (Figure 4D). The 3 distinct modification patterns differed from the current osteoarthritis classification, with no significant differences in clinical features between the different modification patterns, such as sex and age (Figures 4E, F). Except for RBMX, all m6A regulators showed significant differences in their expression among the 3 m6A subtypes (Figure 4G). The 23 m6A regulators could still be divided into 3 parts according to their expression levels (Figure 4H), verifying the diversity of m6A modification patterns in osteoarthritis.
[image: Figure 4]FIGURE 4 | Identification of subtypes by unsupervised clustering based on the expression of 23 m6A regulators. (A) Consensus clustering cumulative distribution function (CDF) for k = 2–9. (B) Relative change in the area under the CDF curve for k = 2–9. (C) Heatmap of the consensus matrix for osteoarthritis samples. (D) PCA of the transcriptome profiles of 3 m6A subtypes, showing a remarkable difference in the transcriptome between different modification patterns. (E,F) Comparison of age and gender. The boxplot illustrated the association of age with the 3 subtypes. The bar plot illustrates the association of age with the 3 subtypes. Above ns means the difference was not statistically significant. (G) Expression differences of 23 m6A regulators among the 3 m6A subtypes. Above * indicates p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001, **** indicates p < 0.0001, and ns indicates that the difference was not statistically significant. (H) Heatmap of the expression status of 23 m6A regulators in the 3 subtypes with unsupervised clustering.
3.5 Immune characteristics of 3 distinct m6A subtypes
To determine the differences in immune microenvironment features among these different m6A modification patterns, infiltrating immune cells, immune response gene sets, and immune function gene sets were assessed, and we found that the immune features were different among the three groups. The vast majority of the immune cells were distinct in the 3 patterns (Figure 5A). Subtype C3 had relatively higher infiltrating immune cells than subtypes C1 and C2, and the immune cell infiltration status of C1 was closer to that of C2. Subtype C3 had higher levels of activated CD8 T Cells, CD56bright natural killer cells, immune B Cells and macrophages, whereas monocytes, natural killer cells and MDSCs were enriched in subtype C2. A similar pattern in terms of immunoreactivity was observed, with more complex results. The immunoreactivity of subtype C3 differed from those of subtypes C1 and C2, with the status of C1 and C2 more similar, whereas the immunoreactivity of C2 was more active. For example, chemokines, cytokine receptor, and cytokines were more active in subtype C2, while interferon receptors and interleukins were more active in subtype C3, and TGF-b family members were much lower than in C1 and C2 (Figure 5B). Similar trends were also observed in the immune function scores (Figure 5C). The differences in terms of immune function were greater in subtype C3 than in C1 and C2. These results suggested that m6A modification of subtype C3 mediated a unique immune inflammatory response that was distinguished from subtypes C1 and C2, whereas subtypes C1 and C2 also mediated distinct immune responses. The above results once again demonstrated that m6A methylation modification had an important regulatory effect on the formation of different immune microenvironments in osteoarthritis.
[image: Figure 5]FIGURE 5 | Immune microenvironment characteristics among 3 distinct m6A subtypes. (A) Differences in the abundance of each immune cell infiltration in 3 m6A subtypes. (B) Activity differences of each immune response gene set in 3 m6A subtypes. (C) Expression differences of each immune function gene set in 3 m6A subtypes. Above * indicates p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001, **** indicates p < 0.0001, and ns indicates that the difference was not statistically significant.
3.6 Biological properties of the 3 m6A modification patterns
To investigate the biological responses in the 3 m6A subtypes, we compared KEGG pathways and HALLMARKS pathways between each of them and applied GSVA enrichment analysis to evaluate the activation status of biological pathways. Compared with subtypes C1 and C3, subtype C2 had more enriched pathways, such as the ECM receptor interaction, calcium signaling, cytokine to cytokine interaction receptor, and leukocyte transendothelial migration pathways (Figures 6A–D). Subtypes C1 and C3 had almost the same number of enriched pathways compared with each other (Figures 6E, F). To further understand the molecular mechanisms by which genes were involved in the regulation mediated by m6A regulators, we obtained differential gene intersections between m6A phenotypes to obtain phenotype-related genes. As a result, a total of 1175 m6A phenotype-related genes were obtained (Figure 7A), and GO enrichment analysis revealed that they were mainly involved in RNA splicing, nuclear transport, and regulation of mRNA metabolic processes (Figure 7B).
[image: Figure 6]FIGURE 6 | The biological function characteristics among the 3 m6A subtypes. (A,B) Differences in GSVA enrichment scores for the KEGG pathway and HALLMARK pathway between m6A cluster 1 and cluster 2 (A for the KEGG pathway and B for the HALLMARK pathway). (C,D) Differences in GSVA enrichment scores for the KEGG pathway and HALLMARK pathway between m6A cluster 2 and cluster 3 (A for the KEGG pathway and B for the HALLMARK pathway). (E,F) Differences in GSVA enrichment scores for the KEGG pathway and HALLMARK pathway between m6A cluster 1 and cluster 3 (A for the KEGG pathway and B for the HALLMARK pathway).
[image: Figure 7]FIGURE 7 | Identification and functional analysis of m6A phenotype-related genes in osteoarthritis. (A) Venn diagram of 1175 m6A phenotype-related genes. (B) GO enrichment analysis revealed the biological function characteristics of m6A phenotype-related genes. (C) KEGG enrichment analysis revealed the biological signaling pathways of m6A phenotype-related genes. (D) GO-BP enrichment results revealed the biological processes (BPs) of m6A modification-mediated immune genes. (E) Analysis of the scale-free topology model fit index and the mean connectivity for various soft-thresholding powers. (F) Gene dendrogram obtained by average linkage hierarchical clustering. The color row underneath the dendrogram shows the module assignment determined by the dynamic tree cut, in which 5 modules were identified. (G) Heatmap of the correlation between characteristic gene modules and 3 distinct m6A subtypes: red indicates a positive correlation, and blue indicates a negative correlation. (H) The scatterplot of gene significance for m6A subtype C3 vs. module membership in the blue module. The gene significance and module membership exhibited highly significant correlations, implying that the hub genes of the blue module also tended to be highly correlated with subtype C3.
KEGG enrichment analysis showed that signaling pathways mainly involved RNA transport, protein processing in the endoplasmic reticulum, the TNF signaling pathway, and the NOD−like receptor signaling pathway (Figure 7C). We extracted 57 immune genes from these m6A phenotype-related genes (See Supplementary Table S5 in the Supplementary Material), of which the enriched biological processes were remarkably related to the regulation of the response to biotic stimulus, regulation of the innate immune response, cellular response to tumor necrosis factor, and T Cell receptor signaling pathway (Figure 7D). We then constructed a comprehensive gene map associated with m6A modification patterns, and WGCNA identified gene-gene modules associated with distinct m6A subtypes (Figures 7E, F). Five gene modules were identified, and distinct modification patterns matched their related genes (Figure 7G; see Supplementary Table S6 in the Supplementary Material). For example, genes in the blue module were highly correlated with the m6A regulator modification pattern C2 (Figure 7H). These genes were highly correlated not only with their corresponding modules but also with their corresponding subtypes, further illustrating that genes deserve deep exploration. These results might elucidate the gene expression regulatory network mediated by m6A regulators.
4 DISCUSSION
Osteoarthritis is a chronic degenerative disease with a complex pathological mechanism that has not been clarified thus far. The understanding of this process has gone beyond mechanical wear and tear, in which inflammatory processes and immune responses also exist (Woodell-May and Sommerfeld, 2020). Increasing evidence has confirmed the indispensable role of m6A modification in innate and adaptive immune responses (Zheng et al., 2017). To date, studies have been carried out to explore the role of m6A in immunity, especially in tumor microenvironment infiltrating cells (Han et al., 2019; Yang et al., 2019; Zhang et al., 2019). Therefore, we believe that similar results can be observed in the regulation of the immune microenvironment of osteoarthritis by m6A modification. In this study, we systematically investigated the modification pattern of m6A in the immune microenvironment of osteoarthritis. To clarify how m6A modification shapes the immune cell infiltration, immune response, immune function, and activation pathway of osteoarthritis, we conducted a series of analyses and obtained the following findings.
First, we found that compared with the normal samples, the expression of some m6A regulators was out of balance in osteoarthritis. At the same time, there was a close relationship between the 23 regulators. We constructed a regulatory network of m6A regulators, which indicates that m6A regulators interact with each other and participate in the development of osteoarthritis. We used a series of multiple statistical approaches to screen out the significant m6A regulators involved in osteoarthritis. The disease classification model based on these factors can distinguish healthy and osteoarthritis samples well, which confirms the important role of m6A regulators in osteoarthritis. METTL3, HNRNPC, and IGFBP1 may be the most important among the 23 m6A regulators, and they are of great significance in multivariate analysis. METTL3 has a functional role in mediating osteoarthritis progression by regulating NF-κB signaling and extracellular matrix (ECM) synthesis in chondrocytes (Liu et al., 2019). It has also been further confirmed that the expression of the m6A methylated gene METTL3 is decreased in osteoarthritis and may be involved in osteoarthritis by regulating inflammatory responses (Sang et al., 2021). In addition, studies have shown that in pathological conditions, increased concentrations of IGF-I in joint synovial fluid are accompanied by increased levels of IGFBP-1 and IGFBP-3 (Matsumoto et al., 1996). These results are consistent with our findings in peripheral blood. However, the changes in HNRNPC in osteoarthritis have still not been specifically reported.
Next, we explored the correlations between m6A regulators and immune characteristics in osteoarthritis, including scores for infiltrating immune cells, immune response, and immune function. We found that most m6A regulators were closely associated with these immune characteristics, implying an important role of m6A modification in the regulation of the osteoarthritis immune microenvironment. For example, MDSC abundance was strongly positively correlated with RBM15B and negatively correlated with HNRNPC. MDSCs can inhibit body immune cells to exert regular innate and adaptive immune functions. In the context of innate immunity, MDSCs downregulate the expression of NKG2D by membrane-bound TGF-β, which inhibits the function of NK cells (Li et al., 2009). MDSCs can also induce Treg expansion and promote the negative regulatory effect of Treg on immunity (Serafini et al., 2008). In terms of adaptive immunity, MDSCs can inhibit T Cell immune response responses and proliferation through multiple pathways (Rodríguez and Ochoa, 2008). Studies have found that MDSCs are significantly expanded in arthritic mice and RA patients. The transfer of MDSCs promotes disease progression, and proinflammatory MDSCs with the ability to drive Th17 cell differentiation may be a key pathogenic factor in autoimmune arthritis (Guo et al., 2016). RBM15B is reported to recruit this complex to certain mRNA and lncRNA XIST to promote m6A formation (Coker et al., 2020). HNRNPC plays a cancer-promoting role in adrenocortical carcinoma (ACC) progression, and experiments have demonstrated that HNRNPC promotes the proliferation, migration, and invasion of H295R and SW13 cells and influences the immune microenvironment (Xu et al., 2021). These findings may point to an immunoregulatory mechanism of m6A in osteoarthritis.
Third, unsupervised clustering of osteoarthritis samples based on the expression profiles of 23 m6A regulators identified 3 subtypes with unique m6A modification patterns, each with unique immune characteristics. Among them, subtype C3 had more infiltrating immune cells and more active immune functions than subtype C1 and subtype C2, and a portion of the immune response was more active in C3. We confirmed the reliability of phenotypic classification of different m6A alterations by contrasting immune properties across the subtypes. The inspiration for this approach stems from a recent high-quality study in which a team used this approach to identify 3 distinct novel m6A modification patterns in gastric cancer, gaining a deeper understanding of the tumor microenvironment (Zhang et al., 2020a). Identifying new molecular subtypes will not only unearth new pathogenesis but also enable the development of more precise treatment regimens. For osteoarthritis, Coutinho de Almeida R et al performed an unsupervised cluster analysis based on the top 1000 gene expressions deregulated in osteoarthritis, resulting in 2 distinct osteoarthritis subtypes possessing distinct cartilage pathophysiological processes as well as radiological features (Coutinho de Almeida et al., 2021). Thus, the 3 different m6A subtypes in osteoarthritis suggest that the m6A modification patterns present in peripheral blood can indeed be considered another pathobiology-based classification of osteoarthritis, which is related to the phenotypic features of the disease.
Finally, we identified m6A phenotype-associated genes and m6A modification subtype-associated gene modules. The expression regulation of these genes and gene sets is affected by m6A modification, and revealing their biological functions can help illustrate the pathogenesis of osteoarthritis from the perspective of m6A modification. Subtype C3 had more activation in the well-known TGF-β signaling pathway, while decreased NK cell infiltration was seen in subtype C3, and IGFBP1 was downregulated in subtype C3. These results may suggest that IGFBP1, the TGF-β signaling pathway, and NK cells are strongly implicated in osteoarthritis. The results of our study can give many of these similar correlations, and other researchers in the field will be directed to rapidly capture key m6A regulators and immune signatures in osteoarthritis. This is one of the most important scientific implications of our study.
Although there is no consensus on the immune characteristics of OA, more and more studies have shown that immune inflammation is closely related to the pain and pathological progress of OA in recent years (Zhang et al., 2020b; Miller et al., 2020; Woodell-May and Sommerfeld, 2020; Li et al., 2022). And immunoengineering is expected to become the next-generation of arthritis treatment method (Klimak et al., 2021). Our study is the first to systematically analyze the relationship between m6A modification and the immune microenvironment of osteoarthritis, and we are also the first team to introduce the latest m6A mechanisms in osteoarthritis. Through this study, we obtained a wealth of results that can open new directions for studying the immune-related pathogenesis of osteoarthritis from the perspective of m6A modification mechanisms. In addition, we confirmed that m6A modification is involved in the regulation of the immune microenvironment in osteoarthritis. Current correlative studies of m6A regulators in the osteoarthritis field are tenuous, and thus, this osteoarthritis research was seminal. We combined the latest m6A modification and immune microenvironment theory to unravel osteoarthritis pathogenesis, largely complementing the gap in osteoarthritis regarding epigenetic modifications, particularly m6A modification. This study will motivate more researchers to carry out m6A-related research in the field of osteoarthritis, and the numerous results of this research can provide a better direction for them.
However, the study has some drawbacks. Firstly, this study was based on bioinformatics analysis, and many of the results were valid in theory, but their accuracy needs to be verified experimentally. Immune cell fraction were calculated by using currently accepted methods, but single-cell sequencing is still required to obtain the most accurate immune cell count. Secondly, some clinical characteristics were not available, such as Osteoarthritis Research Society International (OARSI) score, visual analog scale (VAS) score, joint range of motion and radiographic staging. All these made it difficult to reveal the correlation between clinical severity or outcome and the diversity of m6A modification patterns. We also could not perform the analyses that associate the m6A-mediated gene expression regulatory network with the progression of OA. In addition, because of the lack of clinical efficacy data, we failed to reflect the advantages of m6A patterns compared with current diagnosis methods and its help for follow-up treatment. We hope to obtain data in the future and analyze them from the perspective of multiomics to obtain more valuable results. Thirdly, it is worth noting that expression level of m6A regulators is not identical to m6A methylation level and clinical samples are required for methylation level detection. Fourthly, Many studies were limited to gene regulation mediated by m6A, but ignored the mechanism of regulating m6A precipitation (Yang et al., 2022). For example, aging and inflammation are not only pathogenic factors, but also the result of m6A dysfunction. Elucidating the complex regulatory mechanism of m6A is helpful for the targeted treatment of bone related diseases. Nevertheless, these results enhance the understanding of the novel pathogenesis and phenotypes of osteoarthritis and provide new ideas for promoting personalized immunotherapy in the future.
5 CONCLUSION
This study reveals a potential regulatory mechanism of m6A methylation modification in the immune microenvironment of osteoarthritis. The diversity of m6A modification patterns is a factor contributing to the heterogeneity and complexity of the osteoarthritis immune microenvironment that cannot be ignored. Comprehensive analysis of m6A modification patterns in osteoarthritis allows us to gain a deeper understanding of the underlying mechanisms of osteoarthritis immune regulatory networks and guide more effective precision therapies.
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Background: Neutrophil extracellular traps (NETs) are closely associated to tumorigenesis and development. However, the relationship between NETs-related long non-coding RNAs (lncRNAs) and the characteristics of breast tumor remains an enigma. This study aimed to explore the clinical prognostic value of NETs-related lncRNAs, their correlation with the tumor microenvironment (TME) and their predictive ability of drug sensitivity in patients with breast cancer (BC).
Methods: The expression profiles of RNA-sequencing and relevant clinical data of BC patients were extracted from TCGA database. The co-expression network analysis, univariable, least absolute shrinkage and selection operator (LASSO) and multivariable Cox algorithms were employed to construct the NETs-related lncRNAs signature. A nomogram was established and validated to explore the clinical application. Furthermore, the immune microenvironment and drug sensitivity for BC with different prognostic risks were explored. Finally, the expression pattern of lncRNAs was validated using qRT-PCR in BC tissues and their adjacent non-cancerous tissues.
Results: Based on NETs-related lncRNAs, a prognostic risk model consisted of 10 lncRNAs (SFTA1P, ACTA2-AS1, AC004816.2, AC000067.1, LINC01235, LINC01010, AL133467.1, AC092919.1, AL591468.1, and MIR200CHG) was established. The Kaplan-Meier analysis showed that the overall survival (OS) was significantly better in low-risk BC patients than in high-risk BC patients (P training cohort < 0.001, P validation cohort = 0.009). The nomogram also showed good predictive accuracy for OS of BC individuals in both training and validation cohorts. The function enrichment analysis revealed that high-risk group was mainly enriched in immune-related functions and pathways, and the tumor mutation burden in this group was markedly higher than that in the low-risk group (p = 0.022). Moreover, significant differences were observed in immune cells, immune functions and immune checkpoint genes among BC patients at different risks (p < 0.05). The response to chemotherapeutic agents and immunotherapy were also closely related with the expression of NETs-related lncRNAs (p < 0.001). The expression of lncRNAs from experimental validation were generally consistent with the bioinformatics analysis results.
Conclusion: Our study provided a novel prognostic model for BC and yielded strong scientific rationale for individualized treatment strategies, elucidating immunotherapy in BC patients.
Keywords: breast cancer, NETs, lncRNA, prognosis, tumor microenvironment, anticancer drugs
INTRODUCTION
Breast cancer (BC) is the most prevalent and second most deadly malignancy in women, accounting for 31% of all newly diagnosed cancers (Siegel et al., 2022). At present, despite the advances in effective therapeutic strategies including surgical resection, endocrine therapy, and the combination of surgery with radiotherapy, chemotherapy and immunotherapy, BC still confronted with high morbidity, aggressiveness, metastasis, and recurrence rates (Pondé et al., 2019). Moreover, due to the remarkable tumor heterogeneity, breast cancers with the same subtypes can respond differently to therapy and have different prognosis (Pondé et al., 2019). Thus, specific molecular biomarkers and therapeutic targets for BC are pivotal elements to guide clinical practice.
Neutrophils, the most abundant endogenous immune effector cells, can respond to specific stimulation by releasing neutrophil extracellular traps (NETs), a type of regulated cell death termed “neutrophil extracellular traposis (NETosis)” (Ireland and Oliver, 2020). Primarily described as an antimicrobial mechanism for entrapping, constraining, and killing invading bacteria and other pathogens, NETs are complex extracellular networks composed of nuclear DNA fibers and mitochondria decorated with granular antimicrobial enzymes and histones (Papayannopoulos, 2018; Demkow, 2021). Subsequent studies have shown that NETs, forming a protective shield, have multiple pro-tumor capabilities, including primary growth and metastasis (Ireland and Oliver, 2020; Martins-Cardoso et al., 2020).
The long non-coding RNAs (lncRNAs), non-coding RNA longer than 200 nucleotides, do not directly participate in protein coding in cells, but are engaged in vital biological regulatory processes, including transcriptional regulation, mRNA processing regulation and mRNA post-transcriptional regulation (Yang et al., 2022). Recent finding indicated a role of lncRNA in regulating NETs in lung cancer (Wang et al., 2022). However, the lncRNAs associated with NETs in BC are less studied, and most lncRNAs regulating NETs have not been determined. Potential NETs-related biomarkers and prognostic biomarkers can be identified with the advances in high-throughput sequencing technologies and bioinformatics (Huang da et al., 2009).
Immune checkpoint blockade (ICB) therapy, relying on the immune tumor microenvironment, is an effective therapeutic strategy that blocks the immune checkpoint pathway to keep tumor cells from evading immune surveillance (Franzén et al., 2022). Unfortunately, most breast tumors with less tumor-infiltrating cytotoxic T cells and lower PD-L1 expression are usually considered as immune “cold” tumors and tend to have poorer efficacy with ICB therapy (Tekpli et al., 2019). Currently, a study has revealed that NETs have the ability to suppress T-cell responses in the tumor microenvironment through metabolism and functional exhaustion, thereby affecting immunotherapeutic efficacy (Kaltenmeier et al., 2021). Moreover, lncRNAs act as a key player in reshaping the immune landscape, regulating metabolic reprogramming, and functioning as a bond between tumor metabolism and anti-tumor immunity (Yang et al., 2022). Thus, exploring the interaction between NETs-related lncRNAs and tumor immune microenvironment can help to improve the understanding of the pathogenesis of “cold” breast cancer and offer potential therapeutic strategies for “cold” breast tumor.
In the current study, we first constructed a prognostic risk model composed of 10 NETs-related lncRNAs for BC patients based on public databases, and evaluated this risk model performance. Furthermore, the clinical significance and application value of the model and its effects on immune microenvironment and drug sensitivity were also explored. To the best of our knowledge, no previous studies have investigated the predictive value of NETs-related lncRNAs and their relationship with the immune microenvironment in BC. The present study identified NETs-related lncRNAs that may be potential therapeutic targets and prognostic and predictive markers for BC patients and could be used to further improve the treatment outcome of BC patients through individualized therapy.
MATERIALS AND METHODS
Data acquisition
The transcriptome RNA-seq data [fragments per kilobase of transcript per Million mapped reads (FPKM)] of 1,222 samples were obtained from the TCGA public database, including 1110 BC tissues and 112 normal adjacent tissues (https://portal.gdc.cancer.gov/repository). The corresponding clinicopathological data of BC were also downloaded from TCGA together. The protein-coding genes and lncRNAs were distinguished by applying the ensembl human genome browser GRCh38.p13. A total of 170 NETs-related genes were acquired from previously published studies (as shown in Supplementary Table S1) (Dwyer et al., 2014; Papayannopoulos, 2018). Then the correlation between the expression of NETs-related genes and corresponding lncRNAs was quantified by calculating the Pearson correlation coefficients. The strict criteria were used to identify NETs-related lncRNAs, with p < 0.001 and the absolute value of Pearson correlation coefficient more than 0.4 (|R| > 0.4).
Determination of differentially expressed NETs-Related LncRNAs
The expression profiles of NETs-related lncRNAs of the 112 normal breast samples and 1110 BC samples were obtained, and the differential expression analysis was carried out with |Log2 fold change [FC]| >1 and false discovery rate (FDR) <0.05 using the “limma” and “pheatmap” R package. After deleting patients with incomplete information, 937 patients with breast cancer in total were randomly divided in an 8:2 ratio into training and validation cohorts for constructing and validating the NETs-related lncRNAs signature. Univariate Cox regression analysis for overall survival (OS) was employed to determine prognostic lncRNAs with p < 0.05 in the training cohort. The least absolute shrinkage and selection operator (LASSO) Cox regression algorithm was performed to lessen the chance of overfitting. Furthermore, multivariate Cox regression analysis was applied to calculate the regression coefficient of the prognostic risk score model.
Construction of the LncRNA-mRNA co-expression network
The lncRNA-mRNA co-expression network was constructed to demonstrate the correlation between the NETs-related lncRNAs and their corresponding mRNAs, and visualized using the Cytoscape software (version 3.7.2, http://www.cytoscape.org/).
Construction and validation of NETs-related LncRNAs signature
The risk score for each BC patient in both the training and validation cohorts was calculated according to the following equation:
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where coefi is the regression coefficient and xi is the corresponding lncRNA expression level. The BC patients in the training cohort were separated into high- and low-risk groups based on the median risk score. The same median score was used to divide patients in the validation cohort into high- and low-risk groups. The Kaplan-Meier method, risk score heatmap, distribution of risk score and survival status were used to assess the validity of the prognostic risk model by applying the “survivalROC” and “pheatmap” R package.
Univariate and multivariate Cox regression algorithm were conducted to assess the prognostic significance of risk scores based on other clinical parameters (age, stage, and subtype) in the training cohort. The receiver operating characteristic (ROC) curves and C-index were performed to evaluate the predictive power of this signature. Then, a nomogram was constructed based on these parameters as implemented in the “rms” R package. The validity of prognostic model in their accuracy of prediction for 1-, 3-, and 5-years OS was further assessed by the calibration curves and time-dependent receiver operating characteristic (ROC) curves in the training and validation cohorts.
Functional enrichment analysis
To investigate the potential biological functions of the 10 NETs-related lncRNAs in BC, the gene set enrichment analysis (GSEA) was conducted to look for the tumor hallmarks associated with risk scores. The FDR <0.25 and P adjusted value <0.05 were adopted as the criteria for statistical significance. An enrichment lot was performed to visualize the top five functions enriched by two groups. After that, the differentially expressed genes between the two risk scores groups were determined by differential expression analysis of two groups with |log FC| >1 and p < 0.05. The pathway enrichment analysis for Gene ontology (GO) and kyoto encyclopedia of genes and genomes (KEGG) on the screened genes were conducted by employing the “clusterProfiler” R package. Then, the “enrichplot” and “ggplot2” R packages were applied to visualize the enrichment results.
Comprehensive analysis of molecular variation and immune infiltration
The 977 single nucleotide variants (SNVs) data were downloaded in the TCGA public database and the “Maftools” R package was applied to calculate the tumor mutation burden (TMB) for each BC patient. The correlation between the risk score and TMB was analyzed using the Spearman’s algorithm. The Kaplan-Meier survival analysis was performed for different TMB groups. Furthermore, the CIBERSORT deconvolution algorithm with 1,000 permutations was applied to calculate the abundance of immune cell infiltration in the tumor immune microenvironment of high- and low-risk patients for BC with p < 0.05.
Evaluation of the immune cell infiltration, immune function, and immune checkpoint genes
Single-sample Gene Set Enrichment Analysis (ssGSEA) was performed to determine the biological function differences between the high- and low-risk groups by applying the “GSVA” R package. The potential immune checkpoint genes were chosen according to previous published literature. The different expression levels of immune checkpoint genes between risk groups were analyzed by the Wilcoxon test.
Evaluation of drug sensitivity and immunotherapy efficacy
To assess the therapeutic efficacy of chemotherapy and targeted agents in constructing prognostic risk signature of NETs-related lncRNAs, the half inhibitory concentration (IC50) of chemotherapeutic and target therapeutic drugs were calculated using the “ggplot2” and “pRRophetic” R packages. The Wilcoxon signed-rank method was applied to compare the IC50 of different risk groups. Then, immunotherapy responsiveness was predicted in different risk groups by applying the Tumor Immune Dysfunction and Exclusion (TIDE) online Tool (http://tide.dfci.harvard.edu/).
Tissue specimens and quantitative real-time polymerase chain reaction
A total of 10 matched pairs of tumor specimens and adjacent normal tissues were obtained from BC patients who underwent tumor resection. All tissue specimens were collected from the Breast Surgery Department of Sun Yat-sen University Cancer Center, Guangzhou, China, with patients’ consent and approval from the Medical Ethics Committee of the hospital.
For RNA expression assay, total RNA was extracted using TRIzol reagent (Invitrogen, 15596018) and quantified using a Nanodrop (Thermo Scientific). Then, cDNA was obtained using the PrimeScript™ RT Reagent Kit (Takara, RR036A) according to the manufacturer’s instruction. Quantitative real-time polymerase chain reaction (qRT-PCR) was performed with the TB Green™ Premix Ex Taq™ (TaKaRa, RR420A) using SYBR Green (Roche) on a LightCycler 480 (Roche). The relative abundance of each lnRNA, using GAPDH as an endogenous control, was calculated by 2^−∆∆CT method. The primers sequences used in this study are listed in Supplementary Table S2. Analysis between the two groups was performed by paired-sample t-tests. p < 0.05 was considered statistically significant.
RESULTS
Identification of differentially expressed LncRNAs related to NETs
A flow chart of the study is depicted in Figure 1. A total of 14,142 lncRNA transcripts and 19,658 protein-coding genes were identified from the TCGA database. The gene expression of NETs in BC was screened by matching the mRNA expression matrix of TCGA and 170 NETs-related genes. Afterwards, 655 lncRNAs were identified to be highly correlated with the expression of NETs-related genes (|R| > 0.4 and p < 0.001), among which 186 lncRNAs (as shown in Supplementary Table S3) were identified based on differential expression between normal and tumor tissue. A heatmap was performed to demonstrate the differential expression of the top 20 up-regulated and 20 down-regulated lncRNAs (Figure 2A), and volcano plot of differentially expressed lncRNAs showed 105 up-regulated lncRNAs and 81 down-regulated lncRNAs in BC (Figure 2B).
[image: Figure 1]FIGURE 1 | Flow diagram of the study.
[image: Figure 2]FIGURE 2 | Identification of differentially expressed NETs-related lncRNAs in BC. (A) Heatmap demonstrating the differential expression of the top 20 up-regulated and 20 down-regulated NETs-related lncRNAs in BC tissues and normal tissues. (B) Volcano plot exhibiting 105 up-regulated and 81 down-regulated NETs-related lncRNAs. NETs, neutrophil extracellular traps; lncRNAs, long non-coding RNAs; BC, breast cancer.
Identification of prognostic NETs-Related LncRNAs and establishment of risk model
Next, to establish a convincing risk predictive model, BC patients were randomly divided in an 8:2 ratio into training (n = 749) and validation cohorts (n = 188). In the training cohort, a univariate Cox regression algorithm was performed to determine the lncRNAs related to BC patient survival and 18 prognosis-related candidate lncRNAs were filtered out (Figures 3A, B). The 18 lncRNAs were incorporated into the LASSO Cox regression algorithm to improve model accuracy and reduce model overfitting (Figure 3C), and cross-validation was performed and 13 prognostic lncRNAs were screened out (Figure 3D). To further improve clinical utility, 13 lncRNAs signatures were purified by performing stepwise multivariate Cox regression analysis (Figure 3E). Then, a prognostic risk model was constructed based on the correlation coefficient of the expression of lncRNAs in the multivariable Cox regression model. The following formula was applied to determine the risk score: risk score = (0.366 × SFTA1P expression level) + (−0.500 × ACTA2-AS1 expression level) + (−0.907 × AC004816.2 expression level) + (1.013 × AC000067.1 expression level) + (0.361 × LINC01235 expression level) + (−2.069 × LINC01010 expression level) + (−0.685 × AL133467.1 expression level) + (0.387 × AC092919.1 expression level) + (−0.676 × AL591468.1 expression level) + (−0.377 × MIR200CHG expression level). The correlation between the 10 prognostic lncRNAs and NETs-related genes was shown in Figure 3F.
[image: Figure 3]FIGURE 3 | Identification of prognostic NETs-related lncRNAs. (A) Heatmap of OS-associated differentially expressed NETs-related lncRNAs. (B) Forest plot of NETs-related lncRNAs associated with BC prognosis via univariate analysis. (C) LASSO coefficient profiles of 13 NETs-related lncRNAs. (D) Cross-validation for tuning parameter selection in the proportional hazards model. (E) Heatmap of the 10 NETs-related lncRNAs via multivariate analysis. (F) Correlation between 10 NETs-related lncRNAs and NETs genes. NETs, neutrophil extracellular traps; lncRNAs, long non-coding RNAs; BC, breast cancer; OS, overall survival.
Validation of the prognostic risk model
Initially, The BC patients in the training and validation cohorts were categorized into high- and low-risk groups according to the training cohort’s medium risk score. The validation cohort was used for internal validation to weight the predictive capability of the model. As represented by the Kaplan–Meier curves, a significantly inferior OS was observed for those in the high-risk group in comparison with those in the low-risk group in both the training (p < 0.001) (Figure 4A) and validation cohorts (p = 0.009) (Figure 4D). The visualized heatmap revealed differential expression of lncRNAs in high- and low-risk groups in training and validation cohorts (Figures 4B, E). Along with the increase in the risk score, the proportion of patients in the high-risk group also increased, and so did the level of mortality (Figures 4C, F).
[image: Figure 4]FIGURE 4 | Construction and validation of prognostic signatures of NETs-related lncRNAs. (A-D) Kaplan–Meier curves of overall survival for BC patients based on the risk score in the training (A) and validation (D) cohorts. (B-E) Heatmap of the signature of 10 NETs-related lncRNAs in the training (B) and the validation (E) cohorts. (C-F) Distribution of risk score, OS, and OS status in the training (C) and the validation (F) cohorts. NETs, neutrophil extracellular traps; lncRNAs, long non-coding RNAs; BC, breast cancer; OS, overall survival.
Construction and assessment of a clinical prognostic model
To further evaluate the possibility that the risk score could serve as an independent BC prognostic signature, the univariate Cox regression analysis was performed by matching the risk score of BC patients in the training cohort with conventional clinicopathological parameters (age, stage, and subtype). In the group of 749 individuals included in this investigation, age, stage, and risk score were associated with the prognosis of the BC patients (Figure 5A). Considering the impact of molecular subtype on BC survival, a multivariable Cox algorithm was conducted to further screen out four prognostic factors of the BC patients (age, stage, subtype, and risk score) (Figure 5B), which was consistent with the result of the univariate Cox regression analysis. The ROC curves and C-index also revealed that the risk score acted as an important role in predicting BC prognosis in training cohort (Figures 5C, D). Based on the four parameters, a nomogram was conducted to predict an individual’s prognosis at 1-, 3-, and 5- years (Figure 5E). The calibration curves showed high consistency between the predicted and the actual 1-, 3- and 5-years survival probabilities (Figure 5F). ROC curves analysis also showed satisfactory AUC values at 1-, 3- and 5- years (0.779, 0.715, and 0.700, respectively) (Figure 5G). In addition, the predictive power and performance of this nomogram was also confirmed in the validation cohort, with better calibration curves and AUC values (Figures 5H, I).
[image: Figure 5]FIGURE 5 | Identification of prognostic parameters in BC. (A) The univariate Cox regression analysis in training cohort. (B) The multivariate Cox regression analysis in training cohort. (C, D) ROC curves and C-index for the risk score, age, stage, and subtype in training cohort. (E) Construction of nomogram for survival prediction in training cohort. (F, I) Calibration plots and ROC curves of the nomogram for predicting the probability of OS at 1-, 3-, and 5- years in training (F, G) and validation (H, I) cohorts. ROC, receiver operating characteristic; BC, breast cancer.
Molecular characteristics of different risk groups
To gain further insight into the specific molecular differences between high- and low-risk groups, differentially expressed genes (as shown in Supplementary Table S4) were identified and functional annotation was conducted by the GSEA. The GSEA with | ES scores | > 0.5, FDR <0.25 and P adjusted value <0.05 for the five most significant pathways showed enrichment of tumor hallmarks in high- and low-risk subgroups. The high-risk group was enriched in HALLMARK_PROTEIN_SECRETION, HALLMARK_GLYCOLYSIS, HALLMARK_G2M_CHECKPOINT, HALLMARK_MTORC1_SIGNALING, HALLMARK_E2F_TARGETS, while the low-risk group was enriched in HALLMARK_ALLOGRAFT_REJECTION, HALLMARK_IL2_STAT5_SIGNALING, HALLMARK_TNFA_SIGNALING_VIA_NFKB, HALLMARK_INTERFERON_GAMMA_RESPONSE, HALLMARK_IL6_JAK_STAT3_SIGNALING (Figure 6A). Then, the potential functions and pathways were identified using GO and KEGG enrichment analyses. GO analysis showed that the differentially expressed genes between the risk score subgroups were enriched in immune response−activating cell surface receptor signaling pathway and immune response−activating signal transduction (Biological Process), immunoglobulin complex and external side of plasma membrane (Cellular Components), antigen binding and immunoglobulin receptor binding (Molecular Function; Figure 6B). KEGG analysis showed that the differentially expressed genes were enriched in cytokine−cytokine receptor interaction, hematopoietic cell lineage, T cell receptor signaling pathway, natural killer cell mediated cytotoxicity, chemokine signaling pathway (Figure 6C). These results indicated that enrichment was mainly focused on immune-related functions and pathways.
[image: Figure 6]FIGURE 6 | Exploration of the possible functions and pathways of NETs-related lncRNAs. (A) Tumor hallmarks in high- and low-risk subgroups. (B) GO analysis of different expression gene sets between different risk subgroups. (C) KEGG analysis of different expression gene sets between different risk subgroups. NETs, neutrophil extracellular traps; lncRNAs, long non-coding RNAs.
Relationship between risk score and TMB
The TMB has been implicated as a biomarker for responses to immune checkpoint inhibitor therapy (Chan et al., 2019). The TMB of the high- and low-risk groups of BC patients was shown in Figures 7A, B. The difference in TMB between the two groups was statistically significant (p = 0.022, Figure 7C). Moreover, the patients in the low-TMB group experienced significantly better survival than those in the high-TMB group (p = 0.028, Figure 7D). Moreover, special subgroup analyses stratifying samples were performed according to the combination of TMB status and risk groups. The result showed that some patients with high-risk score in the low- or high-TMB groups had significantly shorter OS than those with low-risk score in the low- or high-TMB groups (p < 0.001, Figure 7E), but no significance could be calculated in the different TMB groups with the same risk scores. Thus, a high level of TMB, commonly considered as a “universal marker,” might fail to accurately predict the reactivity of checkpoint inhibitors across all cancer types. The exploration of the tumor microenvironment (TME) based on the risk predictive model was further conducted, and the proportion of 22 types of tumor-infiltrating immune cells in the high-risk and low-risk groups are shown in Figures 8A, B.
[image: Figure 7]FIGURE 7 | Landscape of mutation profiles in high- and low-risk BC patients. (A) The TMB in high-risk BC patients. (B) The TMB in low-risk BC patients. (C) The difference of TMB was significant in BC patients with different risk. (D) The lower TMB was positively correlated with the OS in BC patients. (E) Comparison of OS in BC patients with different risks and different TMBs. BC, breast cancer; TMB, Tumor mutation burden; OS, overall survival.
[image: Figure 8]FIGURE 8 | The immune infiltration of 22 immune cell types in high- and low-risk patients with BC. (A) The immune infiltration of 22 immune cell types in high-risk patients with BC. (B) The immune infiltration of 22 immune cell types in low-risk patients with BC. BC, breast cancer.
Immune status and immune function in the different risk groups
Then, we analyzed the potential correlation between NETs-related lncRNAs and 16 immune cells and the scores of 13 immunological functions using the ssGSEA algorithm. The results revealed that activated dendritic cells (aDCs), B cells, CD8 T cells, dendritic cells (DCs), immature Dendritic Cells (iDCs), mast cells, neutrophils, natural killer cells, plasmacytoid dendritic cells (pDCs), T follicular helper cell, type1 T helper cells, type2 T helper cells, tumor-infiltrating lymphocyte were more predominant in the low-risk group, while regulatory cells (Tregs) were more abundant in the high-risk group (Figure 9A). In addition, immune-related functions were highly enriched in the low-risk group (p < 0.01, Figure 9B). It has also been reported that blocking the immune checkpoint pathway is an extremely promising approach to achieve anti-cancer immunity (Li et al., 2019). Therefore, we made a comparison in the expression discrepancies of checkpoint genes between the high- and low-risk groups. The result was shown in Figure 9C, which indicated that there was significant difference in the expression of all checkpoint genes between the two groups, with all immune checkpoint molecules except CD276 being highly expressed in the high-risk group. These results demonstrate that NETs-related lncRNAs signature can be applied to evaluate the tumor immune microenvironment and the expression of immune checkpoint genes in BC patients.
[image: Figure 9]FIGURE 9 | Assessment of Immune Cell Infiltration, Immune Function Signature, and Immune Checkpoint Genes in Different risk Groups. (A) Differences in the infiltration of immune cells between the high- and low-risk groups. (B) Differential expression levels of immune function signature between the high- and low-risk groups. (C) Differential expression of immune checkpoint genes between the high- and low-risk groups. ns, not significant, *p < 0.05, **p < 0.01, ***p < 0.001.
Prediction of chemotherapy efficacy and immunotherapy response
To assess the prediction performance of NETs-related lncRNAs on drug therapy for BC, we performed an analysis of the relationship between high- and low-risk groups and the efficacy of commonly used therapeutic agents using the “pRRophetic” R package. Our study suggested that the high-risk group showed significant correlation with a higher IC50 for chemotherapeutic and targeted agents such as cisplatin, gemcitabine, paclitaxel, vinorelbine, and gefitinib, which might indicate low-risk group was more suitable for these agents (all p < 0.001, Figures 10A–E). Conversely, lapatinib is more suitable for the high-risk group with a lower IC50 (p < 0.001, Figure 10F). In immunotherapy, TIDE scores were applied to assess the efficacy of immune checkpoint (PD-1 and CTLA-4) inhibitors in the high- and low-risk groups. High-risk patients had significantly lower TIDE scores compared to low-risk patients (p < 0.001, Figure 10G), indicating that patients in the high-risk group might have better response when receiving immune therapy. In the era of immunotherapy, the focus on treatment efficacy should be accompanied by a focus on the management of immune-related adverse effects. The commonly used immunosuppressive agents, such as methotrexate and rapamycin, differed significantly between the two groups, with the high-risk group having a higher IC50 (p < 0.001, Figures 10H, I).
[image: Figure 10]FIGURE 10 | Differential sensitivity to chemotherapies and immunotherapy between the high- and low-risk patients with BC. BC, breast cancer. ***p < 0.001.
Exploration and verification of signature-related LncRNAs expression profiles
First, the paired lncRNAs expression profiles of breast samples were analyzed by TCGA databases. Compared with adjacent normal breast tissues, the lncRNAs expression of SFTA1P, ACTA2-AS1, AC004816.2, LINC01235, and AL133467.1 were lower, while the expression of AC000067.1, AL591468.1, and MIR200CHG was higher in BC tissues (Figure 11A). Only LINC01010 and AC092919.1 were not statistically significant in paired tissues. To further confirm the validity of this model, the expression levels of all lncRNAs in 10 BC tumor tissues and matched normal tissues from our hospital were detected using qRT-PCR. Except for LINC01010, their expression trend was consistent with the bioinformatic analysis results (Figure 11B). The qRT-PCR results indicated that our bioinformatics analysis was accurate and reliable, reinforcing our conclusions from these data.
[image: Figure 11]FIGURE 11 | Validation the expression level of NETs-related lncRNAs. (A) The differential expression of 10 NETs-related lncRNAs between tumors and their matched benign tissue in TCGA RNA-seq data. (B) The expression levels of 10 NETs-related lncRNAs in 10 paired samples of BC tumor and adjacent normal tissues were examined by qRT-PCR. ns, not significant, *p < 0.05, **p < 0.01, ***p < 0.001. NETs, neutrophil extracellular traps; lncRNAs, long non-coding RNAs; BC, breast cancer.
DISCUSSION
Recent Studies have shown that the prognosis and therapeutic response in tumor patients can vary according to molecular characteristics, although patients share homogeneous clinicopathological risk variables (Chan et al., 2019). Thus, novel molecular prognostic markers need to be identified to complement the clinical parameters to predict prognosis. NETs play a critical role in the tumor microenvironment and contribute to tumor migration, invasion, and distant metastasis in different ways (Ireland and Oliver, 2020; Martins-Cardoso et al., 2020; Demkow, 2021). Functionally, NETs function as a physical barrier to shield tumor cells from interactions with neighboring anti-tumor immune cells such as NK cells and CD8+ T cells in the tumor immune microenvironment (TME), affecting the tumor immune landscape and tumor response to immunotherapy (Ireland and Oliver, 2020; Teijeira et al., 2020). LncRNAs, as particular type of non-coding RNAs, have been reported to mediate NETs-induced cancer cell metastasis in the TME (Wang et al., 2022). Therefore, the exploration of the relevance of the model based on NETs-related lncRNAs and the immune microenvironment of BC patients is essential.
In this current study, we comprehensively identified NETs-related lncRNAs by constructing a co-expression network based on the correlation analysis between lncRNAs and NETs-related genes. To avoid overfitting and strengthen the clinical practicability, univariate, LASSO, and multivariable logistic regression algorithms were applied to screen out 10 NETs-related lncRNAs for the construction of prognostic risk model. Furthermore, we stratified patients into high-risk and low-risk groups based on this prognostic risk model. Survival analysis showed poorer prognosis in high-risk group. The risk score was an independent risk parameter in a cox regression analysis combining with clinical characteristics (age, stage, and subtype). Functional enrichment analysis of differentially expressed genes indicated that there were significantly different in immune-related functions and pathways between the two groups. Moreover, the tumor immune cells, immune function, immune checkpoint genes, and drug sensitivity in BC based on the prognostic risk model were further analyzed, which all demonstrated the potential predictive utility of the model in immunotherapy of BC patients. Finally, as demonstrated by our validation experiment, we were able to confirm the consistency expression of NETs-related lncRNAs by qRT-PCR in the BC tumor tissue and paired normal tissue.
After witnessing the success of molecular targeted therapies in the clinical application of several solid tumors, there is a growing enthusiasm in studying the impact of lncRNAs on tumors (Yang et al., 2022; Yardim-Akaydin et al., 2022). The lncRNA SFTA1P acts as an oncogene and promotes the growth and invasion of lung (Du et al., 2020; Zhu et al., 2021) and liver cancers (Huang et al., 2020) in various signaling pathways, such as mTOR signaling pathway, AKT signaling pathway. Interestingly, in the GSEA analysis, we also found that the mTOR signaling pathway was enriched in high-risk group. Several studies have reported the function of ACTA2-AS1, enhancing the malignant phenotype of cervical cancer (Luo et al., 2020), while exhibiting anti-tumor effects in liver cancer (Zhou and Lv, 2019), and lung adenocarcinoma (Ying et al., 2020). Additionally, ACTA2-AS1 has been implicated in platinum resistance in ovarian cancer and lung cancer (Lin et al., 2022; Liu et al., 2022). LINC01235 promotes gastric cancer migration and invasion via epithelial-mesenchymal transition (EMT) pathway (Zhang et al., 2021). Of note, NETs can activate the EMT program to drive the pro-metastatic phenotype of human breast cancer cells (Martins-Cardoso et al., 2020). LINC01010 is downregulated in HBV-transgenic hepatocellular carcinoma cell line and is a potential tumor suppressor that inhibits the development of HBV-associated hepatocellular carcinoma (Gan et al., 2021). Tang et al. (2021) reported that MIR200CHG can directly bind to the transcription factor YB-1 and inhibit its ubiquitination and degradation to promote proliferation, invasion, and drug resistance in breast cancer. However, in our current study, MIR200CHG acts as a protective factor in the development of BC. Therefore, further studies are needed to explore its role. For the five remaining NETs-related lncRNAs (AC004816.2, AC000067.1, AL133467.1, AC092919.1, and AL591468.1), there have been no studies exploring their potential roles in the development of cancer at present. Thus, further research in the future is needed to understand the deeper mechanisms.
NETs-related lncRNAs play a multifaceted role in the tumor microenvironment and can alter the interaction and crosstalk between tumor cells and the tumor microenvironment, leading to immunosuppression and therapy resistance, thereby allowing tumor cells to evade immune surveillance (Papayannopoulos, 2018; Yang et al., 2022). Here, the GO and KEGG analyses indicated that the differentially expressed genes between the high- and low-risk groups were mainly enriched in immune-related pathways. This further confirms the role of NETs-related lncRNAs in the tumor microenvironment by mainly influencing the immune function of the body.
Genetic mutations are the basis for tumor development, and specific mutations predict the response to therapy and prognosis (Chan et al., 2019). In our current study, PIK3CA mutations occurred most commonly between the two groups and appeared more frequently in the low-risk group than in the high-risk group. Several studies have been conducted on PIK3CA mutations, but results on the prognostic significance of PIK3CA mutations appear to be conflicting (Kalinsky et al., 2009; Mosele et al., 2020). Here, PIK3CA mutation is a positive effect on BC patient survival. Further studies on the effect of PI3K mutations on patient survival need to be investigated. TMB is emerging as a potent biomarker for predicting the efficacy of immunotherapy in cancer patients (Chan et al., 2019; Sha et al., 2020). In this study, the TMB of BC patients was positively correlated with the risk score. High-risk patients had higher levels of immune checkpoint genes expression and better immunotherapy outcomes, which indicated that the prediction result of TMB and NETs-related lncRNAs is consistent. Notably, the risk score appeared to have a greater impact on BC patient survival compared to TMB. Therefore, the risk score of BC patients can be used as a complement to TMB to better predict patient immunotherapy outcomes.
The tumor microenvironment (TME), composed of tumor cells and stromal cells, is associated with tumorigenesis, pathogenesis, and tumor progression, supporting the cancer cells replicative proliferation and affecting the tumors malignant phenotype (Chen and Song, 2022; Franzén et al., 2022). The presence of many immune cells in TME, charactered by a “double-edged sword”, behave as the anti-tumor and pro-tumor cells, protecting us against tumor cells or modulating tumor cells migration, invasion, metastasis, and anticancer drug sensitivity (Li et al., 2020; Mehraj et al., 2021; Peña-Romero and Orenes-Piñero, 2022). In this current study, the differences in immune infiltration, immune function, and immune checkpoint genes expression between high-risk and low-risk BC patients were elaborated, and we found statistically significant differences in the immune status of the body. Activated dendritic cells, activated CD8 T cells, natural killer cells and mast cells have been reported to be antitumor immune cells (Peña-Romero and Orenes-Piñero, 2022). Here, we found higher levels of tumor antagonistic immune cells in the low-risk group compared to the high-risk group. Also, immune function analysis showed that patients with low-risk scores exhibited more immune activity, which probably explains why low-risk patients have a better prognosis. Historically, breast cancer was not a highly immunogenic tumor due to the low mutation rate and few neoantigens, and selecting the suitable patients for immunotherapy is difficult (Franzén et al., 2022). In the present study, patients with high-risk scores had higher expression of immune checkpoint genes and better immunotherapy outcomes, suggesting that our signature might be used to assess the suitable population for immunotherapy.
Finally, based on the “pRophetic” algorithm and the TEDER program, we assessed the susceptibility of high- and low-risk populations to commonly used chemotherapeutic agents, molecularly targeted therapies, and immunotherapeutic responses. Our results confirm the potential predictive value of NETs-related lncRNAs for chemotherapy susceptibility, targeted therapy and immunotherapy efficacy. BC chemotherapy agents, such as cisplatin, gemcitabine, paclitaxel and vinorelbine, are more sensitive in low-risk groups. Gefitinib, an epidermal growth factor receptor (EGFR) inhibitor, is effective in cancers that have activated mutations in EGFR. However, BC routinely exhibit intrinsic resistance to anti-EGFR therapeutics (You et al., 2021). Here, we identified the sensitivity of low-risk populations to gefitinib, suggesting that anti-EGFR therapy is effective for specific populations. Lapatinib, a reversible inhibitor of intracellular tyrosine kinase activity of HER2 and EGFR1, is used in combination with capecitabine in advanced or metastatic BC (Tesch and Gelmon, 2020). In our study, the IC50 value of lapatinib was lower in the high-risk group, indicating that lapatinib is more appropriate for these high-risk populations. As immune checkpoint inhibitors improve overall survival in various cancers, the accompanying immunotherapy-mediated side-effects, such as colitis, hepatitis, and rheumatic diseases, have drawn attention (Kim et al., 2022; Okiyama and Tanaka, 2022). Selective the appropriate immunosuppressive agents for BC treatment are necessary due to the differences in the immune system of individuals and their sensitivity to drugs. Here, we explored the drug sensitivity of two immunosuppressive agents: methotrexate and rapamycin. Methotrexate is commonly used in the treatment of autoimmune diseases, such as rheumatic immune-related adverse events (Kostine et al., 2018). Some studies have reported that the combination of rapamycin and other chemotherapeutic agents can improve the efficacy (Niu et al., 2011; Sun et al., 2021). In addition, the combination with rapamycin and anti-PD-1 synergistically inhibits tumor growth and mitigates immune-related colitis in a mouse melanoma model (Bai et al., 2021). Thus, methotrexate and rapamycin are promising for the treatment of adverse events caused by immunotherapy. In our exploration, the IC50 values of methotrexate and rapamycin were higher in high-risk group. Understandably, as the efficacy of immunotherapy increases, so do the side effects that come with it. Thus, our NETs-related lncRNAs signature may help to identify patients who would benefit from immunosuppressive therapy, but the underlying mechanism of action still needs to be clarified.
Certainly, there are several potential limitations to the current study. The in-depth molecular mechanisms used to construct NETs-related lncRNAs prognostic model need to be further validated in experimental studies. Moreover, the study data were based only on the TCGA public databases, which may represent a selection bias. Therefore, further multicenter, large-scale studies are now required to better determine its clinical utility and predictive validity.
CONCLUSION
To summarize, a novel prognostic model based on 10 NETs-related lncRNAs was successfully constructed, which demonstrated good predictive capacity and effectiveness for BC. Furthermore, our NETs-related lncRNAs signature was significantly correlated with TMB, tumor immune microenvironment, and anti-cancer agents, indicating that these molecular changes might explain individual differences in the treatment effectiveness. These findings may provide provides a new analytical perspective on BC treatment decisions and enhance biological understanding in BC.
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Polycystic ovarian syndrome (PCOS) is one of the most common gynecological endocrine disorders. MicroRNAs (miRNAs) play extensive roles in the pathogenesis of PCOS and can serve as potential diagnostic markers. However, most studies focused on the regulatory mechanisms of individual miRNAs, and the combined regulatory effects of multiple miRNAs remain unclear. The aim of this study was to identify the common targets of miR-223-3p, miR-122-5p, and miR-93-5p; and assess the transcript levels of some of these targets in PCOS rat ovaries. Transcriptome profiles of granulosa cells from PCOS patients were obtained from the Gene Expression Omnibus (GEO) database to identify differentially expressed genes (DEGs). A total of 1,144 DEGs were screened, 204 of which were upregulated and 940 were downregulated. According to the miRWalk algorithm, 4,284 genes were targeted by all three miRNAs at the same time, and intersection with DEGs was used to obtain candidate target genes. A total of 265 candidate target genes were screened, and the detected target genes were subjected to Gene ontology (GO) and KEGG pathway enrichment, followed by PPI network analysis. Then, qRT-PCR was used to determine the levels of 12 genes in PCOS rat ovaries. The expressions of 10 of these genes were found to be consistent with our bioinformatics results. In conclusion, JMJD1C, PLCG2, SMAD3, FOSL2, TGFB1, TRIB1, GAS7, TRIM25, NFYA, and CALCRL may participate in the development of PCOS. Our findings contribute to the identification of biomarkers that may promote the effective prevention and treatment of PCOS in the future.
Keywords: PCOS, miRNA, bioinformatics analysis, biomarkers, granulosa cells
INTRODUCTION
PCOS is a common endocrine and metabolic disease in women of reproductive age. According to the Rotterdam diagnostic criteria, it encompasses all combinations of ovulation dysfunction, hyperandrogenemia, and polycystic ovary morphology (Ehrmann, 2005; Rosenfield and Ehrmann, 2016). Patients with PCOS often have a range of other health problems, including infertility, insulin resistance (IR), and obesity (Patel, 2018). Several studies suggest that genetic, environmental, and epigenetic factors may play important roles in the pathogenesis of PCOS (Escobar-Morreale, 2018), but the exact mechanism remains largely unclear.
MiRNAs are small endogenous single-stranded non-coding RNA molecules consisting of 18–25 nucleotides that regulate gene expression at the post-transcriptional level (Fabian et al., 2010). It has been reported that miRNAs are involved in various signaling pathways in PCOS, including amino acid metabolism, hormone regulation, cell differentiation, etc. (Imbar and Eisenberg, 2014; Mu et al., 2021). Differentially expressed miRNAs play important roles in PCOS pathogenesis and serve as potential diagnostic markers (Deswal and Dang, 2020). In addition, miRNAs regulate many biological processes associated with obesity, including adipogenesis, insulin secretion, and glucose uptake (Butler et al., 2020). Inflammation of adipose tissue in obese patients contributes to obesity-related metabolic dysfunction, such as insulin resistance and type 2 diabetes (Wu and Ballantyne, 2020).
Upregulation of miR-223 and miR-93 was detected in adipose tissue of PCOS patients (Chen et al., 2013; Udesen et al., 2020), while miR-93 was also significantly upregulated in the ovarian cortex and follicular fluid of PCOS patients (Jiang et al., 2015; Butler et al., 2019). Interestingly, miR-223 and miR-93 were not only overexpressed in adipose tissue of PCOS patients, but also in control patients with IR, with which it was positively correlated in vivo (Chen et al., 2013; Chuang et al., 2015). MiR-223 and miR-93 downregulate GLUT4 expression and inhibit insulin-stimulated glucose uptake in adipocytes, suggesting that they may play an important role in other IR-related diseases such as T2DM and obesity. Increased serum miR-122 levels were found in PCOS patients with impaired glucose metabolism (Jiang et al., 2016). Elevated miR-122 in circulation was positively associated with obesity and IR in young adults (Wang et al., 2015). Furthermore, miR-122 and miR-223 were found to be increased in obesity or hyperglycemia, and their intracellular roles are related to the development of IR (Murri et al., 2018; Udesen et al., 2020).
Experimental studies confirmed that the expression of miR-223-3p, miR-122-5p and miR-93-5p was significantly upregulated in PCOS (Chen et al., 2013; Jiang et al., 2016). This may indicate that these differential miRNAs are key molecules involved in the pathological process of PCOS. However, most studies focused the regulation mechanism of individual miRNAs, while the combined regulatory effect of multiple miRNAs remained unclear.
Each miRNA may affect hundreds of targets, while itself being regulated by several distinct miRNAs. Since the efficacy of single markers is limited, and multi-marker-based models can provide more reliable information for the diagnosis and therapeutic management of PCOS, we aimed to identify the common targets of miR-223-3p, miR-122-5p, and miR-93-5p; and assess the transcript levels of some of these targets in PCOS rat ovaries.
MATERIALS AND METHODS
Microarray data and DEGs screening
The gene expression profile GSE34526 was acquired from the GEO website. GSE34526 contained 3 granulosa cells samples (GSM850527-GSM850529) from female controls and 7 granulosa cells samples (GSM850530-GSM850536) from PCOS patients, based on the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array. DEGs between PCOS and normal samples were obtained from the GEO database by GEO2R analysis (https://www.ncbi.nlm.nih.gov/geo/geo2r). A p-value <0.05 and |logFC| > 2 as used as the DEGs cut-off criteria. A volcano plot was generated to visualize DEG expression changes using GraphPad Prism 8.0 software (GraphPad, United States).
Prediction of target genes
The miRWalk Version 3.0 (https://mirwalk.umm.uni-heidelberg.de), which is linked to three online databases (TargetScan, miRDB, and miRTarBase), stores predicted data including experimentally verified miRNA-target interactions. The targets genes of miR-223-3p, miR-122-5p, and miR-93-5p were downloaded from the miRWalk 3.0 database, and the intersection genes were selected for further analysis. Then, the overlapping genes among DEGs and targets genes of the miRNAs were obtained using the Venn diagrams tool (https://bioinformatics.psb.ugent.be).
Functional enrichment analysis of target genes
GO functional enrichment and KEGG pathway analyses were performed for the gene overlaps using Metascape (https://metascape.org). Metascape always uses the latest data, which integrates data sources from GO, KEGG, UniProt, and DrugBank to achieve pathway enrichment and biological process annotation. p < 0.01 was considered statistically significant.
PPI network analysis of target genes
The Search Tool for the Retrieval of Interacting Genes (STRING) online database (https://string-db.org) was used to predict the protein-protein interaction (PPI) network specific to target genes. Then, PPI networks were visualized using Cytoscape version 3.8.2 (https://cytoscape.org) and the clusters (highly interconnected regions) in the PPI network were identified using the Cytoscape plugin MCODE.
Genes related to obesity with PCOS
The DEGs related to obesity in PCOS were identified in the dataset of GSE80432, including four granulosa cell samples (GSM2127203-GSM2127204, GSM2127215-GSM2127216) from normal weight PCOS patients and four granulosa cell samples (GSM2127209, GSM2127211-GSM2127212, GSM2127214) from obese PCOS patients. The datasets were analyzed on the GPL6244 [HuGene-1_0-st] Affymetrix Human Gene 1.0 ST Array [transcript (gene) version]. The p-value <0.05 and Fold Change >1.5 were set as the cut-off criteria for DEGs. The Venn diagram tool was used to identify the genes shared between DEGs and targets genes of miRNAs.
TFs related to miR-223-3p, miR-122-5p and miR-93-5p
The prediction of TFs related to miR-223-3p, miR-122-5p, and miR-93-5p was conducted using TransmiR v2.0 (https://www.cuilab.cn/transmir), which is a database for TF-miRNA regulatory association. Subsequently, the TFs involved in PCOS shared between DEGs and predicted TFs were screened using the Venn diagram tool.
Animal model
Female Sprague–Dawley rats (n = 20; 21 days old) were obtained from the Hubei Provincial Center for Disease Control and Prevention (Wuhan, China). Animal experiments were approved by the Animal Ethics Committee of Tongji Medical College, Huazhong University of Science and Technology (Wuhan, China). PCOS was induced by injection of DHEA (60 mg/kg body weight) dissolved in 0.2 mL sesame oil. The control group was injected with the vehicle (0.2 mL sesame oil). Daily treatment was continued for up to 21 days. In this study, we used a rat model that exhibits reproductive and metabolic abnormalities similar to human PCOS to uncover molecular mechanisms.
Quantitative real-time polymerase chain reaction (qRT-PCR)
Total RNA was extracted from the ovaries of PCOS rats using TRIzol reagent (Ambion). The cDNA as generated using the PrimeScript™ RT reagent kit or miRNA First-Strand Synthesis kit (Takara). The qRT-PCR was performed using qPCR SYBR Green Master Mix (Vazyme). GAPDH and U6 were used as internal controls for mRNA and miRNA expression, respectively. The relative expression of the mRNAs and miRNAs was calculated using the 2−(ΔΔCt) method.
Statistical analysis
Data are presented as the means ± SD. Data were analyzed using Student’s t-test. Differences with p-values <0.05 were considered statistically significant. The results were analyzed and visualized using GraphPad Prism 8.0 software (GraphPad Inc, United States).
RESULTS
Identification of DEGs and target genes in PCOS
After normalization of the microarray data from GSE34526 (Figure 1A), a total of 1,144 DEGs were identified in PCOS patients compared with female controls, consisting of 204 upregulated genes and 940 downregulated genes (Figure 1B). The downstream target genes associated with miRNAs were identified, including 6,653 for miR-223-3p, 12,132 for miR-122-5p, and 15,170 for miR-93-5p. Among them, 4,284 target genes were shared among all three miRNAs. Finally, a total of 265 overlapping genes shared between DEGs and target genes were obtained, including 33 upregulated genes and 232 downregulated genes (Figure 1C).
[image: Figure 1]FIGURE 1 | (A) Box plot of gene expression profiles after standardization. (B) Volcano plot of DEGs in PCOS. Red dots represent upregulation, blue dots represent downregulation, and gray dots represent no differential expression. (C) Venn diagram of DEGs and miRNA target genes.
GO and KEGG analysis of candidate target genes in PCOS
To further explore the function of the identified target genes, GO term and KEGG pathway enrichment analyses were performed. GO analysis was divided into the MF, CC, and BP categories (Figure 2). The results showed that 265 genes were mainly enriched in the regulation of cytokine production, actin filament-based processes, positive regulation of the immune response, cell junction organization, and myeloid leukocyte differentiation. Moreover, 12 KEGG pathways were overrepresented, including salmonella infection, morphine addiction, osteoclast differentiation, cell adhesion molecules, adherens junction, and endocytosis (Figure 3).
[image: Figure 2]FIGURE 2 | GO enrichment analysis of overlapping genes obtained from the intersection between DEGs and miRNA target genes. (A) Bar chart of the most highly enriched terms. (B) Network of the most highly enriched terms.
[image: Figure 3]FIGURE 3 | KEGG enrichment analysis of overlapping genes obtained from the intersection between DEGs and miRNA target genes. (A) Genes involved in enriched signaling pathways. (B) Network of the most highly enriched signaling pathways.
PPI network construction and hub gene selection
To explore the interactions among proteins encoded by the identified target genes, a PPI network was constructed, including 265 nodes and 389 edges (Figure 4). The three downregulated genes JMJD1C, PLCG2, and SERPINA1 were selected as hub genes based on enrichment degree ≥2 as the cutoff criterion.
[image: Figure 4]FIGURE 4 | Protein-protein interaction network analysis of the overlapping genes. The PPI network consists of 265 nodes and 389 edges. Red indicates upregulation, and blue indicates downregulation.
TFs associated with miR-223-3p, miR-122-5p and miR-93-5p
A total of 229 TFs associated with miR-223-3p, miR-122-5p, and miR-93-5p were downloaded from the TransmiR database. Compared with normal granulosa cells, 7 TFs were differentially downregulated in PCOS, including TGFB1, SMAD3, FOSL2, JMJD1C, CREB1, TRIM25, and NFYA.
DEGs related to obesity in PCOS
To further clarify the potential mechanisms of miRNAs related to adipogenesis in obese patients with PCOS, the genes that were differentially expressed in granulosa cells and associated with obesity were selected for further analysis. Based on the intersection between 265 genes and DEGs from the GSE80432 dataset, one upregulated and four downregulated genes were obtained, including CALCRL, TGFB1, TRIB1, GAS7, and FOSL2. TGFB1 and FOSL2 are both major transcription factors and closely related to the pathological process of obesity in PCOS.
Validation of the identified DEGs in a rat model of PCOS
To validate the results of bioinformatics analysis, we detected the expression of three miRNAs and 12 predicted target genes using qRT-PCR in PCOS model rats. As shown in Figure 5, miR-223-3p, miR-122-5p, and miR-93-5p were significantly upregulated in the PCOS group compared with control group. JMJD1C, PLCG2, SMAD3, FOSL2, TGFB1, TRIB1, GAS7, TRIM25, and NFYA were downregulated, while CALCRL was highly expressed in PCOS rats. Furthermore, SERPINA1 and CREB1 were not validated in PCOS rats.
[image: Figure 5]FIGURE 5 | The qPCR verification results of three miRNAs (A) and twelve candidate target genes (B) in the rat model of PCOS. An asterisk indicates a significant difference between the two groups (∗p < 0.05) according to Student’s t-test.
DISCUSSION
PCOS is a common endocrine and metabolic disorder that can easily lead to ovulation dysfunction in women of childbearing age, resulting in infertility. The development of oocytes is inseparable from the role of follicular granulosa cells, which provide nutrients for oocytes through gap junctions and regulate oocyte development through paracrine signals (Clarke, 2018). In this study, a total of 265 candidate target genes were screened by integrating the information of DEGs and miRNA target genes in granulosa cells of PCOS patients with insulin resistance, among which 7 TF genes and five target genes closely related to obesity were identified. The function of candidate target genes was analyzed and the enriched GO terms included regulation of cytokine production, actin filament-based process, positive regulation of immune response, cell junction organization, and myeloid leukocyte differentiation.
We selected three DEGs as hub genes, the top three of which were JMJD1C, SERPINA1, and PLCG2. It stands to reason that miRNAs may play a major role in PCOS through these key target genes. We verified their transcriptional levels in a rat model of PCOS and found that the expression of JMJD1C and PLCG2 was downregulated, while the expression of SERPINA1 was unchanged. The mechanism may be that miRNA mediates the attenuation of JMJD1C and PLCG2 mRNA, hindering the translation of SERPINA1 mRNA without affecting its stability. Among them, JMJD1C and SERPINA1 play important roles in adipogenesis. JMJD1C regulates the induction of adipogenic transcription factors via H3K9me2 (Buerger et al., 2017) and promotes adipogenesis in vivo to increase liver and plasma triglyceride levels (Viscarra et al., 2020). SERPINA1, which may serve as an important molecular marker of obesity, affects energy expenditure by regulating the AMPK pathway and promotes the development of obesity-related metabolic complications (Mansuy-Aubert et al., 2013). PLCG2 regulates oxidative stress in hypoxic-ischemic encephalopathy, and activated PLCG2 signaling to attenuate oxidative stress-induced neuronal degeneration and apoptosis (Hu et al., 2020). Ovarian oxidative stress imbalance is a key feature of PCOS, suggesting that downregulation of PLCG2 is closely related to PCOS (Murri et al., 2013).
The selected transcription factors included TGFB1, SMAD3, FOSL2, JMJD1C, CREB1, TRIM25, and NFYA. The mRNA levels of TGFB1, SMAD3, FOSL2, TRIM25, and NFYA were decreased in our animal model. TGFB1 partially inhibits adipogenesis through SMAD3 (Tsurutani et al., 2011), and downregulation of the TGFB1 signaling pathway may promote adipogenesis by altering the expression of adipogenic genes to change the PCOS phenotype (Li and Wu, 2020). Furthermore, androgens were found to induce ovarian fibrosis through the TGFB1 signaling pathway in a rat model of PCOS (Wang et al., 2018). It is speculated that TGFB1 mainly regulates adipogenesis in PCOS and has less effect on ovarian fibrosis. FOSL2 is known to be a key regulator of adipokine LEP expression in obese mice and humans (Wrann et al., 2012). TRIM25 enhances the antioxidant defense by activating Nrf2 (Liu et al., 2020), and downregulation of TRIM25 may contribute to the oxidative stress imbalance phenotype of PCOS. NFYA regulates the gene expression of adiponectin in adipose tissue, one of the adipokines secreted by adipocytes that regulate energy homeostasis related to insulin sensitivity (Park et al., 2004).
Although CALCRL gene expression was reported to be lower in the adipose tissue of obese patients (Aguilera et al., 2015; Kim et al., 2020), CALCRL transcription was increased in the rat PCOS model. This difference may be caused by differences between species. TRIB1 knockout mice exhibit obesity and increased lipid accumulation in their livers (Bauer et al., 2015). TRIB1 can promote adipose tissue thermogenesis by regulating mitochondrial function (Zhang et al., 2021). PCOS patients have lower brown adipose tissue (BAT) activity and reduced BAT thermogenesis, which is associated with increased insulin resistance (Robinson et al., 1992; Shorakae et al., 2019). The expression of the GAS7 gene was found to be decreased in the ovaries of obese women, and its transcript was also downregulated in the ovaries of DHT-treated rats (Ruebel et al., 2017), which was consistent with our prediction. These results demonstrate the accuracy of predicting miRNA target genes and demonstrate that miRNAs regulate the pathological process of PCOS.
Although this study revealed the common targets of three miRNAs in PCOS using bioinformatics analyses and validated them using a rat model, there are still some limitations in the present study. Firstly, the GSE34526 and GSE80432 datasets were collected from granulosa cells samples, which may be the reason why the expression of SERPINA1 and CREB1 in PCOS rats was inconsistent with the bioinformatics analyses. In addition, the miRNA–mRNA relationships in PCOS were based on target prediction. However, the fact that the predicted targets are dysregulated in the PCOS rat model does not mean that they were targeted by the three miRNAs, which needs further experimental validation. Thus, a knockdown or overexpression of the miRNAs in granulosa cells and assessment of the mRNA and protein levels of the predicted targets would have yielded more reliable information.
In conclusion, JMJD1C, PLCG2, SMAD3, FOSL2, TGFB1, TRIB1, GAS7, TRIM25, NFYA, and CALCRL were found to be potential common targets of the three miRNAs. These possible targets were downregulated in PCOS rat ovaries, and so may serve as biomarkers for PCOS diagnosis and treatment. Instead of relying solely on the target gene prediction of a single miRNA, we used multiple miRNAs identified in clinical samples to predict common target genes, which provides strong evidence for the involvement of miRNAs in PCOS and broadens our understanding of gene expression changes in PCOS.
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Background: Helicobacter pylori (H.pylori) infection is an important factor in the occurrence of human gastric diseases, but its pathogenic mechanism is not clear. N6-methyladenosine (m6A) is the most prevalent reversible methylation modification in mammalian RNA and it plays a crucial role in controlling many biological processes. However, there are no studies reported that whether H. pylori infection impacts the m6A methylation of stomach. In this study, we measured the overall level changes of m6A methylation of RNA under H. pylori infection through in vitro and in vivo experiment.
Methods: The total quantity of m6A was quantified in gastric tissues of clinical patients and C57 mice with H. pylori infection, as well as acute infection model [H. pylori and GES-1 cells were cocultured for 48 h at a multiplicity of infection (MOI) from of 10:1 to 50:1]. Furthermore, we performed m6A methylation sequencing and RNA-sequencing on the cell model and RNA-sequencing on animal model.
Results: Quantitative detection of RNA methylation showed that H. pylori infection group had higher m6A modification level. M6A methylation sequencing identified 2,107 significantly changed m6A methylation peaks, including 1,565 upregulated peaks and 542 downregulated peaks. A total of 2,487 mRNA was upregulated and 1,029 mRNA was downregulated. According to the comprehensive analysis of MeRIP-seq and RNA-seq, we identified 200 hypermethylation and upregulation, 129 hypermethylation but downregulation, 19 hypomethylation and downregulation and 106 hypomethylation but upregulation genes. The GO and KEGG pathway analysis of these differential methylation and regulatory genes revealed a wide range of biological functions. Moreover, combining with mice RNA-seq results, qRT- PCR showed that m6A regulators, METTL3, WTAP, FTO and ALKBH5, has significant difference; Two key genes, PTPN14 and ADAMTS1, had significant difference by qRT- PCR.
Conclusion: These findings provide a basis for further investigation of the role of m6A methylation modification in H. pylori-associated gastritis.
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INTRODUCTION
Helicobacter pylori (H. pylori), a Gram-negative microaerobic bacterium, is closely related to diseases such as gastritis, peptic ulcer and chronic gastritis (Cover and Blaser, 2009; Asano et al., 2016). It can initiate gastric carcinogenesis following the Correa cascade (Correa and Piazuelo, 2012). Once atrophy and intestinal metaplasia occur, there is still a lack of effective therapy to reverse the pathological changes, and some patients still progress to gastric cancer. Therefore, it is of great clinical significance to further explore the molecular mechanism of gastric diseases caused by H. pylori infection and find new intervention strategies and targets.
N6-Methyladenosine (m6A), involving methylation at the N6 position of RNA adenine, is the most prevalent RNA modification in eukaryotes (Meyer and Jaffrey, 2014; Huang et al., 2020a). In the 1970s, a study reported that there has m6A modification in mRNA and non-coding RNA of eucaryon (Desrosiers et al., 1974).
M6A is the most prevalent post-transcriptional modification of mRNAs and non-coding RNAs, which determines RNA fate, such as splicing, localization, stabilization, translation efficiency and nuclear export (Guo et al., 2021; Li et al., 2022a; Zhang et al., 2022). Recent years, more and more studies have reported that m6A plays different role during the growth and development of mammals, including embryonic development, circadian rhythm, neurogenesis, stress responses, sex determination and tumorigenesis (Pan et al., 2018; Chokkalla et al., 2020; Jiang et al., 2021; Xiao et al., 2022a). M6A modification mainly involves three enzymes, a family methyltransferase enzymes (writers), which including Methyltransferase Like 3 (METTL3), Methyltransferase Like 14 (METTL14), WT1 Associated Protein (WTAP) and et all, catalyze addition of m6A (Jiang et al., 2021) (Sun et al., 2022) (Sacco et al., 2022). The demethylase enzymes (erasers) that catalyze removal of m6A, such as alpha-ketoglutarate-dependent dioxygenase AlkB homolog 5 (ALKBH5) and fat mass and obesity-associated protein (FTO) (Roignant and Soller, 2017; Jiang et al., 2021). The m6A reader proteins can recognize the m6A-modified RNAs, which are divided into different protein families, such as IGF2 mRNA binding proteins (IGF2BP1/2/3) families, eukaryotic initiation factor (eIF) 3, the proteins contain the YT521-B homology (YTH) domain (YTHDF1/2/3 and YTHDC1/2) and et all (Jiang et al., 2021) (Shi et al., 2018) (Zhou et al., 2022). It is now clear that this reversible post-transcriptional modification is essential for gene regulation.
At present, research on stomach-related diseases m6A is mainly in gastric carcinoma and rarely in non-cancer disease. The role of m6A RNA modifications in diseases associated with H. pylori infection has not been investigated. In this study, we used high-throughput sequencing (MeRIP-seq) to identify the potential m6A modification of inflammation in gastric epithelial cells (GES-1) treated with H. pylori. Differential methylation genes (DMG), differential expression genes (DEG) and differential methylation and expression genes (DMEG) were analyzed by gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways to reveal the biological significance of genomes. In addition, combining with mice RNA-seq data, we used qRT- PCR tests to observe the expression of five common m6A regulatory and the three key gene, which were consistent in the sequencing results of cell model and animal model. These findings may provide new insights into the molecular mechanisms involved in H. pylori infection.
MATERIALS AND METHODS
Bacterial strains and cell lines
H. pylori was isolated from the gastric mucosa of gastric ulcer patient during gastroscopy as described (Xia et al., 2020). It was cultured in Columbia agar containing 10% sheep blood (Nanjing bianzhen Biological Technology Co., LTD., China) and antibiotics (5 mg/L cefsulodin, 5 mg/L amphotericin B, 5 mg/L trimethoprim, 10 mg/L vancomycin) (Oxoid, United Kingdom) at 37°C under microaerophilic conditions (5% O2, 10% CO2, and 85% N2) for 3–5 days. When the value of OD600 was 1, the bacterial concentration was approximately 2 × 108 CFU/mL.
GES-1 cells were obtained from Hybribio Biotech Ltd. (Guangdong, China). The GES-1 cells were cultured in RPMI-1640 medium (Gibco, United States), containing 10% fetal bovine serum (Biological Industries, Israel) and maintained at 37°C in humidified 5% CO2 incubator.
Clinical specimens
Four H. pylori-positive and four H. pylori-negative gastric tissues were collected from patients who underwent gastric biopsies at the Xiangya Third Hospital, Central South University (Changsha, China). The diagnoses were based on clinical and histological laboratory examination. All patients had signed informed consent for the study. The clinical information of patients was shown in Supplementary Table S1. This study was approved by the Ethics Committees of the Xiangya Third Hospital, Central South University.
H. pylori -infected animal model
Four to five weeks old male C57 BL/6 (18–22 g) were used. All the experimental animals were foster in the Department of Laboratory Animal Science of Central South University and were housed in an experimental animal room, which meets the specific pathogen-free (SPF)-class Meets the SPF standard, to ensure an environment with 12 h of light and 12 h of darkness. The eight mice were divided into two groups: control group (n = 4) and H. pylori infection group (n = 4). The mice were orally gavaged with 0.3 mL H. pylori suspension in phosphate buffered saline (PBS) (1 × 109) once daily for 9 days (repeat three times with 1 day off for three consecutive days) according to our previous study (Xia et al., 2020). The mice were only gavaged with sterile PBS in control group. The mice were sacrificed by cervical dislocation under CO2 narcosis at 2 weeks after last gavage. Rapid urease test (RUT) and Giemsa staining were used to verify whether mice were infected with H. pylori (Supplementary Figure S1).
Cell infection model
GES-1 cells were seeded in 6-well plates until the density reached 60%–80% (∼3 × 105) without H. pylori intervention and the cell culture medium containing no antibiotics. H. pylori was collected and re-suspended into antibiotic-free cell culture medium. The concentration of H. pylori suspension was adjusted to 1× 109/mL. Then, H. pylori suspension was added to GES-1 cells at a MOI of 10:1–50:1 and incubated for 48 h.
RNA extraction and qRT-PCR
Total RNA in tissues was extracted by the TRIzol reagent (Invitrogen, United States). Moreover, the extracted total RNA dissolved in RNase/DNase-free water. The ReverTra Ace qPCR RT Master Mix with gDNA Remover (Vazyme Biotech Co., Ltd., China) was used to reverse transcribe RNA in accordance with the manual. Primers for qRT-PCR were listed in Supplementary Table S2.
Quantification of the m6A modification
Total RNA was isolated as above. The quality of RNA was analyzed using a NanoDrop1000 (Thermo Fisher, United States). The EpiQuik m6A Methylation Quantification Kit (Epigentek, P-9005-96, United States) was used to measure the global m6A enrichment of mRNA. 200 ng RNA was coated in assay wells from each sample. The m6A levels are colorimetrical quantified at a wavelength of 450 nm absorbance.
RNA-seq and m6A-RNA immunoprecipitation sequencing
Total RNA was isolated from GES-1 cells and gastric tissue of mouse by TRIzol reagent as above. The Poly (A) RNA was purified from 50 µg total RNA using Dynabeads Oligo (dT) (Thermo Fisher, Carlsbad CA, United States) and two rounds of purification were used. Next, a Magnesium RNA Fragmentation Module was used to fragment the captured mRNA at 86°C for 7 min. Cleaved RNA fragments were incubated with m6A-specific antibody (Synaptic Systems GmbH, Goettingen, Germany) for 2 h at 4°C in IP buffer which was consist of 750 mM NaCl, 50 mM Tris-HCl and 0.5% Igepal CA-630. After performing IP, the IP product was synthesized into cDNA using reverse tran-scriptase (Invitrogen SuperScript™ II Reverse Transcriptase, CA, United States). Escherichia coli DNA polymerase I (NEB, United States), RNase H (NEB, United States), and dUTP Solution (Thermo Fisher, United States) which assisted the synthesis of the double-stranded DNA and the ends of the double-stranded DNA were repaired to form blunt ends. The two strands were digested with the enzyme UDG (NEB, United States) after adding an A base to both blunt ends and using magnetic beads to screen and purify the fragments according to size. Through PCR experiment, a library with a fragment size of 300 ± 50 bp was established (Supplementary Table S2). Finally, an Illumina NovaSeq™ 6000 (LC- Bio Technology Co., Ltd., Hangzhou, China) was used to sequencing with PE150 (2 bp × 150 bp paired-end) sequencing mode.
Bioinformatics analysis
Fastp (https://github.com/OpenGene/fastp) was used for quality control on the original data and acquire clean data. HISAT2 package (http://daehwankim lab.github.io/hisat2) was used to compare the acquired clean data to the genome (human genome, version: hg19; and mus musculus genome, version: GRCm38). The R package exome-Peak (https://bioconductor.org/packages/exome Peak) was used to perform peak calling analysis and peak analysis of genetic difference. The IGV software (http://www.igv.org) visualized the results. HOMER (http://homer.ucsd.edu/homer/motif) and MEME2 (http://meme-suite.org) were used for motif analysis. StringTie (https://ccb.jhu.edu/softw are/stringtie) was used to determine the expression levels of all mRNAs in the input libraries. The different expression of mRNAs was selected according to thresholds of a p-value < 0.05 and a |log2 (fold change)| >1 with the R package edgeR (https://bioconduct or.org/packages/edgeR).
Statistical analysis
SPSS 22.0 and GraphPad Prism 7.0 were used for data processing. The t-test and χ2 test were used to analyze the differences among different samples. A p-value less than 0.05 was considered to indicate statistical significance (*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).
RESULTS
Establishment of H. pylori infection model in vivo and in vitro
In this study, GES-1 cells were treated with H. pylori with a MOI of 10:1 for 48 h. We detected the mRNA expression of VEGF, IL-6 and IL-8 by qRT-PCR (Figure 1A). The results show that the expression levels of these proinflammatory factors were significantly increased in the GES-1 cells treated with H. pylori (p < 0.05). Next, we observed significant increase in the overall level of m6A methylation in H. pylori-infected patients and mice (Figures 1B, C), and mild significant increase in H. pylori-infected cells (Figure 1D).
[image: Figure 1]FIGURE 1 | Establishment of H. pylori infection model and determination of total m6A (A) The RNA-level expression of inflammatory factors IL-8, IL-6, and VEGF after H. pylori infection of GES-1 cell. (B) The total m6A content in H. pylori negative and positive patients (n = 4). (C) The total m6A content in H. pylori negative and positive animal (n = 4). (D) The total m6A content in H. pylori-uninfected and H. pylori-infected cells in different MOI (n = 3). *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Overview of methylation RNA immunoprecipitation sequencing
In the MeRIP-seq library, the two sets of samples obtained an average of 41,015,657 and 44,650,725 valid reads, while in the RNA-seq library the two groups obtained an average of 37,346,096 and 40,732,363 valid reads (Supplementary Table S3). Among the IP samples, the average matching rate of valid reads in the control group and H. pylori group was 97.2% and 97.1%, respectively. The mean matching rates for valid reads in the input samples were 97.5% and 97.7% (Supplementary Table S4). Clean reads that can be matched to the reference genome are defined as exons, introns and intergenic sequences according to the regional information of the reference genome. The mean rates of IP and exons in the input samples were 97.39% and 97.44% for the control group and 96.1% and 96.86% for the H. pylori-infected group, respectively (Supplementary Figure S2).
Profile of the m6A modification in GES-1 cells treated with H. pylori
To obtain a map of m6A modifications in gastric epithelial cells infected with H. pylori, we used meRIP-seq to performed a transcriptome analysis of m6A modification. Combining all the peak reads, we found that the enrichment of reads was located near the transcription start site (TSS) and the transcription end site (TES) (Figure 2A). To further understand the distribution of the differential peak on the functional elements of the gene, we divided it into three regions: the 5′ untranslated region (5′ UTR), the first exon, the other exons and the 3′ UTR (Figure 2B). Meanwhile, we analyzed the distribution pattern of differential m6A methylation peaks. A total of 24.46% of the m6A methylation peaks were contained in the 5′UTR, 45.5% were enriched in the 3′ UTR, while 11.38% were enriched in the exons (Figure 2C). Under the screening conditions of |log2 (fold change)| > 1 and p-value < 0.05, a total of 9,097 peaks were identified in both groups. The results showed 2,107 significantly different peaks compared to the control group, of which 1,565 peaks were upregulated and 542 peaks were downregulated (Figure 2D). The top 20 distinct m6A methylation peaks are shown in Supplementary Table S5.
[image: Figure 2]FIGURE 2 | Significant dysregulation of the m6A peak during H. pylori infection of gastric epithelial cells. (A) Enrichment of peaks near the gene transcription start site. (B,C) Distribution of differentially methylated m6A peaks in control and H. pylori groups (D) Volcano plot of genes with differential m6A peaks (|log2(FC)|>1 and p-value < 0.05).
Differential m6A modification is involved in important biological pathways
To explore the important functions of m6A modification in H. pylori-induced gastric epithelial cells, GO and KEGG enrichment analyses were performed for the above m6A differential peak (DMG) genes. The GO results were classified into three categories: cellular component (CC) and biological process (BP) and molecular function (MF) categories. It can be observed that both hypermethylated and hypomethylated genes are associated with “regulation of transcription, DNA template,” “signal transduction,” “apoptotic process,” " regulation of transcription by RNA polymerase II,” “cell cycle” and “RNA splicing” (ontology: biological processes); “nucleus,” " membrane,” “cytoplasm” and “cytoplasm” (ontology: cellular components); and “protein binding,” “RNA binding,” “metal ion binding” (ontology: molecular function) (Figures 3A, C). In addition, the results of the KEGG signaling pathway analysis showed that the genes upregulated by the m6A peak were mainly enriched in “fatty acid elongation,” “primary immunodeficiency,” “Epstein-Barr virus infection,” “drug metabolism-other enzymes,” “NF-κB signaling pathway,” and “basic transcription factors” (Figure 3B); The genes downregulated by the m6A peak were mainly concentrated in “natural killer cell mediated cytotoxicity,” “basal transcription factors,” “cell cycle,” “mRNA surveillance pathway,” and “pyruvate metabolism” (Figure 3D).
[image: Figure 3]FIGURE 3 | Differential m6A modifications are involved in important biological pathways. (A,B) GO enrichment and KEGG pathway analysis of the hypermethylated peaks. (C,D) GO enrichment and KEGG pathway analysis of the hypomethylated peaks.
Analysis of RNA-seq differential expression genes
To explore the potential relationship between m6A modifications and gene expression, differential expression gene analysis was performed using input sequencing data. By hierarchical clustering of RNA-seq data, we detected significantly different expression between the control and H. pylori groups (Figure 4A). We then screened the RNA-seq database for a total of 3,516 differential genes (|log2(FC)|>1 and p-value < 0.05) compared to control samples. Among them, 2,487 upregulated genes and 1,029 downregulated genes were identified (Figure 4B). These differential expression genes were then used for GO enrichment and KEGG pathway analysis. GO enrichment results showed these genes were significantly related to “translation initiation,” “SRP-dependent cotranslation protein targeting membranes,” “viral transcription” and “mRNA splicing, via spliceosomes” (Figure 4C). KEGG analysis showed that these genes were mainly enriched in “Notch signaling pathway,” “adherens junctions,” “Hippo signaling pathway,” “protein processing in endoplasmic reticulum,” “ubiquitin mediated proteolysis” and “oxidative phosphorylation” (Figure 4D).
[image: Figure 4]FIGURE 4 | Differentially expressed gene analysis by RNA-Seq (A) Heat map showing differentially expressed mRNAs in three H. pylori input samples and three control input samples. (B) Volcano plot showing the differentially expressed mRNAs between H. pylori and control groups with statistical significance (fold change ≥ 2.0 and p < 0.05). (C) GO enrichment analysis of differential genes. (D) KEGG pathway analysis of differential genes.
Combined analysis between m6A-seq and RNA-seq
To further explore the functional significance of m6A modifications in H. pylori-infected gastric epithelial cells, we investigated whether m6A methylation underlies the observed differences in expression. For this purpose, DMGs and DEGs were detected using m6A-seq data and RNA-seq data. Thereafter, a combination of m6A-seq and RNA-seq analysis classified all genes into four major groups: including 200 hypermethylated and upregulated (hypo-up), 129 hypermethylated but downregulated (hypo-down), 19 hypermethylated and downregulated (hypo-down) and 106 hypomethylated but upregulated genes or transcripts (hypo-up) (Figure 5A). Four groups of DMEG were further investigated by KEGG analysis. The results showed that hyper-up genes were mainly enriched in “Adherens junctions,” “FoxO signaling pathway” and “Fatty acid degradation” pathways (Figure 5B); in contrast, hyper-down genes were mainly enriched in “Bile secretion,” “Gastric acid secretion,” “Oxidative phosphorylation” and “NF-κappa B signaling pathway” (Figure 5C). In addition, hypo-up genes were mainly enriched in “Toll-like receptor signaling pathway,” “Wnt signaling pathway,” “Jak-STAT signaling pathway,” “cAMP signaling pathway,” “pathway in cancer” and “Hippo signaling pathway-multi-species” (Figure 5D), while hypo-down genes were mainly enriched in “Vascular smooth muscle contraction” and “DNA replication” (Figure 5E). Moreover, we list the top 20 transcripts of differential m6A modification and mRNA expression between control group and H. pylori group based on diff.log2.fc (Table 1).
[image: Figure 5]FIGURE 5 | Combined analysis between m6A-Seq and RNA-Seq (A) Four-quadrant diagram of hyper-up, hyper-down, hypo-up, and hypo-down DMEG. (B) KEGG pathway analysis of hyper-up DMEG (C) KEGG pathway analysis of hyper-down DMEG (D) KEGG pathway analysis of hypo-up DMEG (E) KEGG pathway analysis of hypo-down DMEG.
TABLE 1 | Top 20 transcripts of differential m6A modification and mRNA expression between control group and H. pylori group.
[image: Table 1]PPI network and hub genes were identified in DMEG
The PPI network of DMEG is carried out by the STRING database (Figure 6A) and Cytoscape. As above, the network was divided into four clusters, which respectively are hyper-up, hyper-down, hypo-down and hypo-up DMEGs (Figure 6B). GO enrichment analysis was performed for each DMEG cluster to elucidate its biological functions (Figures 6C–F). PPI network interaction data are listed in Supplementary Table S6.
[image: Figure 6]FIGURE 6 | PPI networks and hub genes were found in DMEG. (A) PPI network of DMEG constructed from STRING database (B) Cytoscape was performed divided into four clusters. Blue represents hyper-up genes, orange represents hyper-down genes, green represents hypo-down genes, and purple represents hypo-up genes. (C) GO enrichment analysis of the hyper-up cluster in this DMEG. (D) GO enrichment analysis of hyper-down clusters in this DMEG. (E) GO enrichment analysis of the hypo-down cluster in this DMEG. (F) GO enrichment analysis of the hypo-up cluster in this DMEG.
Validation of differential expression genes
In the RNA-seq data of mice, we analyzed the mRNA levels of 28 m6A regulators, except IGF2BP1, 27 of 28 m6A regulators showed an increasing tendency (Figure 7A). Furthermore, qRT-PCR was used to detect the expression levels of five common regulators, including METTL3, METTL14, WTAP, FTO and ALKBH5; The change trends in those genes revealed by qRT- PCR were consistent with the with the RNA-seq results, those gene all did arrive significant difference except METTL14 (Figure 7E).
[image: Figure 7]FIGURE 7 | Validation of differential expression genes (A) Heatmap of m6A regulators in sequencing of mice samples. (B) RNA-seq data of mice to validate the top 20 genes from cell sequencing by Heatmap. (C) Volcanic map of differentially expressed genes sequencing of mice samples. (D) IGV visualization show the three key m6A-modified genes. (E) qRT- PCR results for five common m6A regulators. (F) qRT- PCR results of the three key m6A-modified genes.
We used sequencing of mice samples results to validate the expression of top 20 genes of cell sequencing (Table 1), which shows that only 3 genes were consistent, including PTPN14, BOLA2 and ADAMTS1 (Figures 7B, C). We performed IGV visualization for the three genes and all found significantly different m6A levels (Figure 7D). Moreover, except BOLA2, PTPN14 and ADAMTS1 had significant difference by qRT- PCR (Figure 7F).
DISCUSSION
H. pylori infection can damage the stomach mucosa, leading to the development of various stomach diseases which involve many pathophysiological changes. Abnormalities in m6A modifying enzymes can cause a series of diseases (Jiang et al., 2021) (Zhang et al., 2019). However, the mechanism of m6A modification in H. pylori-induced gastric epithelial infection remains unclear. In this study, the relationship between m6A modification profile and H. pylori-induced gastric epithelial infection was analyzed for the first time.
In the beginning, we found that H. pylori infection increase the level of m6A modification in vitro and in vivo. After that, we obtained an overview of m6A modification in H. pylori infection associated gastritis through MeRIP-seq. The total peak numbers of m6A revealed significant differences in m6A modification between the control and H. pylori groups. Therefore, we assume that m6A modification may be related to H. pylori -induced gastritis.
As is known to all, m6A modification of mRNA often affects the occurrence and development of the disease. In this study, we identified 2,107 significantly different peaks compared to the control, of which 1,565 peaks were upregulated and 542 peaks were downregulated. From this, we found that H. pylori can alter the methylation peak of GES-1. Therefore, we hypothesized that m6A modification may be associated with H. pylori-induced gastric epithelial infection. M6A peaks were mostly enriched near the 3′ UTR region, and these sites were m6A specific and consistent with previous studies (Huang et al., 2020a). The 3′ UTR regulates mRNA stability, localization, expression and translation of mRNA. Multiple RNA-binding proteins bind in this region to perform regulatory functions and regulate the interaction between proteins (Mayr, 2019). In addition, in H. pylori-infected gastric epithelial cells, differential methylation peaks were significantly enriched in “transcriptional regulation,” “RNA splicing,” “signal transduction,” “apoptotic processes” and “cell cycle.” Previous studies indicated that H. pylori involve the regulation of apoptosis, proliferation and the cell cycle (Hirata et al., 2001; Nozawa et al., 2002; Ding et al., 2008). This suggests a conserved and fundamental role of m6A in the regulation of development and cell fate specification. The hypermethylation peaks were mainly concentrated in “fatty acid elongation,” “EBV infection,” “drug metabolism,” “NF-κB signaling pathway” “EBV infection,” “drug metabolism,” “NF-κB signaling pathway” and “basic transcription factor” pathways. NF-κB is a key regulator of the immune response against H. pylori infection and is known to modulate genes involved in the control of inflammation, cell proliferation and apoptosis (Lamb and Chen, 2010; Chaturvedi et al., 2011; Shu et al., 2022). The hypomethylation peaks were mainly enriched in “natural killer cell-mediated cytotoxicity,” “basic transcription factors,” “cell cycle,” “mRNA surveillance pathway,” “basic transcription factors.” The mRNA surveillance pathway” and “pyruvate metabolism” pathways. This evidence indicates that m6A modification is probably associated with H. pylori -associated gastritis.
In order to clarify the mechanism of m6A affecting the process of H. pylori infection in gastric epithelial cells, we combined m6A methylation group with transcription group to find the key signaling pathways affected by m6A modification. Previous studies have shown that during the time course of H. pylori infection, H. pylori infection destroys the integrity of the gastric mucosa. H. pylori induces classical and alternative NF-κB signaling pathways through its effector ADP-L-glycero-β-D-manno-heptose (ADP-heptose), leading to deleterious gastric pathophysiology (Maubach et al., 2022). It has also been shown that H. pylori can induce a signaling cascade by activating the Toll-like receptor pathway, which ultimately leads to the transcription of pro-and anti-inflammatory cytokines and type I interferons (Peek et al., 2010). The Hippo signaling pathway appears to be a protective pathway in the host-pathogen conflict that generates an inflammatory environment, cellular injury, and epithelial renewal and differentiation, limiting the loss of gastric epithelial properties prior to adenocarcinoma development, which may be beneficial for H. pylori colonization and chronic infection (Molina-Castro et al., 2020). As in previous studies, some classical pathways regarding H. pylori causing gastric disease were significantly enriched in the present study. These include NF-κB signaling pathway (Keates et al., 1997; Sasaran et al., 2021), p53 signaling pathway (Cai et al., 2021; Imai et al., 2021), Hippo signaling pathway, Toll-like receptor signaling pathway (Lam et al., 2022), and Wnt signaling pathway (Abdi et al., 2021). This evidence also suggests that m6A modification may be associated with H. pylori-induced gastric disease.
In the past few years, numerous studies have illustrated the biological effects of m6A modification on RNA. On the one hand, the m6A methylation process is reversible, and this mark on RNA can be written or erased under various stimuli and biological factors (Feng et al., 2022; Liu et al., 2022; Wang et al., 2022). On the other hand, m6A can affect RNA processing and metabolism through a variety of mechanisms, including selective polyadenylation, selective splicing, RNA stability, RNA export, RNA degradation, and translation (Wang et al., 2014; Zhao et al., 2014; Coots et al., 2017; Hong et al., 2022). Thus, m6A up- or downregulates gene expression in a complex and context-dependent manner. For this reason, we observed four groups of DMEGs in the present study, which are hyper-up, hyper-down, hypo-up, and hypo-down. Our functional enrichment analysis showed that these four groups of DMEGs are associated with essential and different biological processes. Many previous studies reported that m6A modification is involved in different biological processes, such as transcriptional regulation, signal transduction, and the DNA damage response (Jia et al., 2011; Zheng et al., 2013; Hong et al., 2022). Our results are corresponded to previously these published studies.
In the RNA-seq data of mice, we found numerous m6A regulators were found to have changes. Except IGF2BP1, other m6A regulators showed an increasing tendency. To further verify the results of sequencing, we observed the expression of five common regulators by qRT- PCR which showed similar results to sequencing. Those genes (METTL3, WTAP, FTO and ALKBH5) all did arrive significant difference except METTL14. METTL3, as one of the core components of the m6A methyltransferase complex, has been found to be closely related to multiple signaling pathways, such as the JAK/STAT (Yao et al., 2019), MAPK/NF-κB (Li et al., 2020a), PI3K/AKT (Bi et al., 2021), and Wnt/β-catenin pathways (Cui et al., 2020). WTAP has been reported to be associated with a number of signaling pathways, such as TGFβ (Li et al., 2020b), hippo (Hu et al., 2020), NF-κB (Li et al., 2021), and Hedgehog pathways (Wei et al., 2022). FTO is associated with various signaling pathways, for example, PKA/CREB (Hu et al., 2022), TNF-α (Li et al., 2022b), ERK (Xiao et al., 2022b), WNT (Kim et al., 2022) and JAK2/STAT3 pathways (Shen et al., 2021). ALKBH5 is involved in many signaling pathways, including WNT (Lin et al., 2022), PTEN/AKT (He et al., 2021), NF-κB (Qu et al., 2022), AKT (Wang et al., 2020). Interestingly, many studies have shown that H. pylori infection is closely related to these signaling pathways. H. pylori can active the expression of STAT1 and PD-L1 which may prevent immune surveillance in the gastric mucosa, allowing premalignant lesions to progress to gastric cancer (Li et al., 2022c). H. pylori can induce injuries to the stomach through MAPK/NF-κB pathway (Shu et al., 2022). H. pylori can induce the occurrence of gastric carcinogenesis at the early stage by activating the PI3K/Akt signaling pathway (Xu et al., 2018). H. pylori infection activated WNT/β-catenin signaling pathway by upregulating to induce gastritis (Zuo et al., 2022). Judging from these, m6A regulators may also involve in regulating different signaling pathways in H. pylori-associated gastritis.
Moreover, the results of sequencing of mice samples were used to validate the expression of top 20 genes of cell sequencing, which found three genes, PTPN14, BOLA2 and ADAMTS1, that are consistent. Furthermore, qRT- PCR showed PTPN14 and ADAMTS1 had significant difference. Although there was no significant difference in BOLA2 expression, there was a downward trend. H. pylori was able to significantly upregulate PTPN14 and ADAMTS1 mRNA expression levels. At present, there are no studies relationship between these three genes and H. pylori-infected diseases. Many studies showed that PTPN14 has different function, such as suppressing the occurrence and development of tumor (Hatterschide et al., 2022), blunting the formation of atherosclerosis (Yang et al., 2021a) and promoting inflammation and fibrosis (Fu et al., 2020; Lin et al., 2021). Previous studies confirmed that ADAMTS1 is involved in inhibiting the proliferation, polarization and migration of tumor (Li et al., 2015; de Assis Lima et al., 2021), affecting the quality of oocytes and embryonic development potential (Yang et al., 2021b) and promoting collagen production (Toba et al., 2016). In addition, a recent study revealed that YTHDF2 inhibited ADAMTS1 expression and promoted sperm adhesion through m6A/mRNA pathway (Huang et al., 2020b). Above all, these results suggest that m6A is likely to exhibit an as-yet- unknown function in the process by H. pylori -induced gastritis.
In summary, we can infer that m6A methylation was shown to play a role in H. pylori-induced gastritis. Though the mechanism of m6A-regulated gastritis is not clearly understood, we provide the first m6A transcriptome profile of gastritis and an initial map revealing the function of m6A modification in gastritis using advanced technologies, thereby contributing critical insights for further research on the role of m6A in gastritis. These findings provide a basis for further investigation of the role of m6A methylation modification in H. pylori infection of the gastric mucosa. However, the finding into clinical scenario may be limited by the lack of verification of the expression and distribution of m6A related regulatory molecules in clinical samples of H. pylori-associated gastritis, which should be further studied in future investigations.
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DL cpg301054 2 5783023 Intragenic, exon RBM4 2.14e-08
DL cpg301072 2 5783170 Intragenic, exon RBM4 220e-08
DL cpgl802985 9 40844891 Intragenic, Intron NCAMI 440e-08
™ pg272837 2 36261646 Intergenic, 86,511 bp, 72,095 bp RNFT1 7.72¢-10
MEDI3
b pg2270611 12 35340816 Intragenic, Intron TRIM37 1.06e-08
5 | pg2252750 12 22395823 Intergenic GSDMA 6.05¢-09
16,700 bp
2,640 bp LRRC3C
i pg2820181 16 | 7raasres Intergenic, 216,225 bp, 249,936 bp ENSSSCG00000043539 220e-10
IRX1
5 pg2820178 16 77445749 Intergenic, 216,206 bp, 249,955 bp ENSSSCG00000043539 13e-08
IRX1
b4 | pg2820182 6 rruasrrs [ Intergenic, 216,232 bp, 249,929 bp ENSSSCG00000043539 2.44¢-08
IRX1
L | pg2820179 16 77445750 Intergenic, 216,207 bp, 249,954 bp ENSSSCG00000043539 6.61e-08
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Gene name Change m6A modification change mRNA
expression
change

Peak start Peak end Width Peak region logFC p-value logFC p-value

PTPN14 Hyper-up chrl 214532254 | 214,532,432 179 Exon 5 457E-02 213 1.75E-06
FRY Hyper-up chrl3, ‘ 32,298,645 32,298945 301 Exon 475 1.74E-04 165 9.74E-04
TRANK1 | Hyper-up chr3 36,857,290 36,857,679 | 390 Exon 414 9.55E-04 179 4.63E-03
HSPAI2A Hyper-up chr10 Heses4 | 1687984 | 331 3' UTR 4.07 1.70E-02 1.02 4.62E-02
ADAMI10 Hyper-up chrl5. 58,748,838 58,749,018 181 3' UTR 4.06 5.75E-03 129 1.96E-02
BOLA2 Hyper-down chrl6 29,454,886 29,455,005 120 5" UTR 4381 372E-03 -165  548E-06
ALI36038 Hyper-down chrl4 | 63,642,540 [ 63,642,600 | 61 [ Exon 475 4.07E-02 -164 | 321E-04
QPCTL Hyper-down chr19 | 45,703,571 45,703,690 | 120 [ 3' UTR 344 1.74E-03 [ -107  295E-04
PIDD1 Hyper-down  am 804,682 805,011 om0 | 5" UTR 320 324E-03 -138 | 9.14E-05
RPS9 Hyper-down chr19. 54,224,672 54,224,881 210 Exon 291 LI7E-02 -128 | 732E-05
NSE Hypo-up chr17 46,640,090 46,643,106 3,017 [ 3' UTR -5.75 234E-04 110 2.92E-02
ADAMTS1 Hypo-up chr21 26,843,766 26,844,363 598 5" UTR -378 2.00E-03 157 225E-03
MAPRE2 Hypo-up chr18. 34,977,018 34,978,391 1,374 5" UTR -3.65 891E-03 115 1.58E-02
CEP78 Hypo-up chr9 | 78,276,633 78,276,783 | 151 [ 3' UTR -363 | 4.37E-03 L 191E-02
LAMA3 Hypo-up chrl8. 23,899,378 23,899,528 151 Exon -331 L17E-02 142 432E-03
SLXIB Hypo- down chrl6 29,457,636 29,458,189 554 3' UTR -4.54 1.95E-08 [ -107 | 250E-04
RPS3AP47 Hypo- down chrl5. | 43,115,761 43,115,907 147 Exon -203 2.88E-03 -152  521E-05
RPL29P11 Hypo- down chr3 | 37,016,898 37,017,014 n7 Exon -191 871E-06 -101 | 554E-04
WTIP Hypo- down chr19. 34,504,119 504179 | 61 3' UTR -173 | 447E-02 -104 | 135E-03
PPPIR12C Hypo- down chr19 55,092,432 55,093,073 642 Exon -147 501E-13 -106  237E-04
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exp-group
age-group
WBC-group
Hb-group
Plt-group

Low group

Level of circ_0059706 expression <0254
Age <60 years

WBC <30 x 10%/L

HB < 110 g/L

PLT <100 x 10°/L

High group

Level of circ_0059706 expression 0.254
Age 260 years

WBC 230 x 10%/L

HB 2 110 g/L

PLT 2100 x 10°/L





OPS/images/fgene-13-820464/fgene-13-820464-g003.gif





OPS/images/fgene-13-961142/fgene-13-961142-t002.jpg
Patient’s parameters

Sex, male/female
Age, median (range), years®
WBC, median (range), x10°/L*
Hemoglobin, median (range), g/L*
Platelets, median (range) x10%/L*
BM blasts, median (range), %"
FAB classification
Mo
M1
M2
M3
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M5
Risk classification
Low
Intermediate
High
No data
Karyotypes
normal
1(8;21)
1(16:16)
t(15;17)
+8
t(9:21)
~7/7q-
Complex
Others
No data
Gene mutations *
C-KIT (+/-)
FLT3 (+/-)
NPMI(+/-)
C/EBPA (+/-)
N/K-RAS (+/-)
IDH1/2 (+/-)
DNMT3A (+/-)
U24FI (+/-)
CR(+/-)

Status of circ_0059706 expression
Low (n = 57)

20128

54 (18-84)

377 (12-207.5)
849 (42-141)
495 (4-192)
445 (0-94.5)
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EXINEES

2/46
4/44
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5/43
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2/46
0/48
21/20

High (n = 40)

25015

57 (10-81)
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93.2 (32-131)
58.5 (4-382)
35.0 (0-95)

19

v s w o o N oa

0/31
5/26
5/28
1/31
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131
2/30
0/32
18/16

WBC, white blood cells; FAB, French-American-British classification; AML, acute myeloid leukaemia; CR, complete remission.

p value
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0.448
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Sample name  Raw reads  Clean reads Q20 (%) Q30 (%) GC content (%)  Total mapped Uniquely mapped
HER_1 86,345,158 85,695,512 97.65 93.43 47.19 78316871 (91.39%) 73,750,086 (86.06%)
HER 2 105,769,898 104,987,610 97.63 93.38 46.50 96,332,847 (91.76%) 92,098,738 (87.72%)
HFR_3 93,937,816 93,265,686 97.49 93.06 4653 85,686,995 (91.87%) 82,404,051 (88.35%)
HFR 4 105,232,800 104,604,358 97.63 93.39 4681 96,203,761 (91.97%) 92,639,975 (88.56%)
HER 5 107,655,208 106,848,128 97.61 93.36 4722 98,144,265 (91.85%) 94,536,194 (88.48%)
LER_1 104,869,524 103,850,998 97.60 93.37 47.40 95,013,805 (91.49%) 90,797,347 (87.43%)
LER 2 82,214,726 81,594,444 97.68 93.48 46.60 74,489,752 (91.29%) 71,049,348 (87.08%)
LFR 3 106,378,240 105,732,972 97.60 93.28 4540 97,160,534 (91.89%) 94,049,495 (88.95%)
LER_4 84,278,058 83,586,102 97.53 9311 45.80 77212079 (92.37%) 74,728,549 (89.40%)
LER_5 101,369,790 100,638,104 97.60 93.28 146,65 92,182,939 (91.60%) 87,737,183 (87.18%)
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circRNAs Host genes Description position

novel_circ_0013754 SPASL BOVIN Spermatogenesis-associated protein 5-like protein 1 chr19:22147438-22148362
novel_circ_0008443 SPATS MOUSE Spermatogenesis-associated protein 5 chr15:12275327-12294121
novel_circ_0007364 SPATG HUMAN Spermatogenesis-associated protein 6 chr14:23958879-23965428
novel_circ_0000297 SPT17 HUMAN Spermatogenesis-associated protein 17 chr10:17374912-17389052
novel_circ_0041302 SPT48 HUMAN Spermatogenesis-associated protein 48 chr8:26482947-26486091
novel_circ_0004385 TESK1 HUMAN Dual specificity testis-specific protein kinase 1 chr12:25506529-25508863
novel_circ_0041026 TEX10 CHICK Testis-expressed protein 10 homolog chr8:19326415-19339250
novel_circ_0033683 TSG10 HUMAN Testis-specific gene 10 protein chrd:37691305-37693198
novel_circ_0004352 SPEF2 RAT Sperm flagellar protein 2 chr12:23705501-23734451
novel_circ_0014569 CF206 MACFA Cilia- and flagella-associated protein 206 chr1:20634161-20635541

novel_circ_0014350 IF172 MOUSE Intraflagellar transport protein 172 homolog chr1:141083-142558
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Item GO Terms o Gene Gene names GO_accession

number
Cellular ‘microtubule 0033481 2 GULPLANGPT2 GO:0005815
component  organizing center
integral to Golgi 0026197 1 SIPAILI GO:0030173
membrane
intrinsic to Golgi 0026197 1 SIPAILI GO:0031228
membrane
Molecular  adenyl nucleotide ~ 0.047514 12 RARS2,PRKCD,USP32,Arl15,NSF,KIF14,EXOC3,TTBK2,Pdpk1,RABSB,BUBLGULP1  GO:0030554
function binding
cytoskeletal protein  0.046215 5 MAP7,Pdpk1,KIF14,ESPN,ANGPT2 GO:0008092
binding
actin binding 0027103 4 Pdpk1,MAP7,ESPN,ANGPT2 GO:0003779
ATPase regulator 0010083 2 GULP1,STARDI3 GO:0060590
activity
Biological cellular component ~ 0.049637 9 GULP1,SIPAIL1,MAP7,Pdpk1,EXOC3,HSF3,ANGPT2,CFAP43,DTNB GO:0016043
process organization
multi-organism 0031369 7 STARDI3,GULP1,FUTS,HSF3,PLAC,MAP7,NSF GO:0051704
process
DNA metabolic 004148 7 NSF,ADAM9,EXOC3,GULP1,SYDE2,Dmd,STARDI3 GO:0006259
process
symbiosis, 00051803 6 HSF3,FUTS,STARDI3,GULPI,NSF,MAP7 GO:0044403
encompassing
mutualism through
parasitism
interspecies 00056309 6 FUTS8,HSF3,STARDI13,GULP1,NSFEMAP7 GO:0044419

interaction between
organisms
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Item

KEGG
PATHWAY

KEGG pathway

Autophagy-animal

Ubiquinone and other terpenoid-quinone
biosynthesis

Progesterone-mediated oocyte maturation
Oocyte meiosis

Metabolic pathways

0017301176
0.046647725

0.051907408
0.079218003
0.223388493

Gene
number

Gene names

PRKCD,RBICCI,Pdpk1
coQs

Cpeb3,BUBI
Cpeb3,BUB1
GMPRODCIXYLTLALOXS,FUTS,COQS,ispd, PDEGC

KEGG_ID

acyg04140
acyg00130

acyg04914
acyg0dil4
acyg01100
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TargetID* Chr® Position Gene name Gene region AB®  p-value
cg26821418 9 2016890 SMARCA2 5'UTR; 5'UTR; 5'UTR 035 0.0028
27201625 10 6622279 PRKCQ TS$200 033 0.0008
cg)4351665 10 6622297 PRKCQ TS5200 021 0.0057
cg03306374 16 23847325 PRKCB IstExon; 5'UTR; 5'UTR 028 0.0024
IstExon
cg06931245 8 28351501 FZD3 TSS1500 026 0.0023
cgl8463655 8 28351544 FZD3 TSS200; TSS200 023 0.0041
cg26631144 8 30670260 PPP2CB 5'UTR; IstExon; 5'UTR 028 0.0014
IstExon
cg02478409 6 33589019 ITPR3 TS$200 032 00020
cgl6490096 1 40367661 MYCLI IstExon; 5'UTR; 5'UTR 023 0.0024
IstExon; 5'UTR; 1stExon
20462899 1 40367831 MYCLI TS$200; TSS200; TSS200 029 0.0056
cg02771661 12 49372162 WNTI T$S200 021 0.0047
cg27196808 12 49372281 WNTI IstExon;5'UTR 022 0.0066
cgl3469346 3 53195186 PRKCD TSS200; TSS200 024 00026
cg21950287 19 54385441 PRKCG TS$200 023 0.0051
cgl3885159 11 62473858 GNG3 TS$1500 023 0.0064
cg03922588 11 62473871 GNG3 TSS1500 027 0.0021
cg25220961 17 64298782 PRKCA TS$200 027 0.0023
cgll676500 17 61298789 PRKCA TS$200 023 0.0026
cg08221093 16 68119222 NFATC3 TS$200; TSS200; TSS200 025 0.0067
TS$200
cg21367137 16 68119381 NFATC3 5'UTR; 5'UTR; 5'UTR 0.26 0.0046
IstExon; IstExon; 1stExon
2722737 9 82187628 TLE4 5'UTR; 5'UTR; 5'UTR; 5'UT; IstExon; IstExon; IstExon; IstExon; 1stExo; S'UTR 022 0.0050
6753733 4 102268824 PPP3CA TS$200; TSS200; TSS200 024 0.0039
cg08764167 10 103113933 BTRC 5'UTR; 5'UTR; IstExon 021 0.0050
IstExon
cg20359285 2 119603969 ENI IstExon 021 0.0043
cg00557469 5 133562427 PPP2CA TS$1500 025 0.0049
cgl8671773 5 141016477 HDAC3 TS5200 027 0.0060
cgl6248329 4 187644739 FATI 5'UTR 023 00026
cg02968914 19 1955395 CSNKIG2 S'UTR -032  0.0042
cg01895482 19 2556145 GNG7 5'UTR ~035  0.0015
07223632 22 46930499 CELSRI IstExon -036  0.0028
cg00875636 22 46931138 CELSRI IstExon -028  0.0030
27334938 18 77167042 NFATCI 5'UTR -030  0.0051
cg02113385 18 77203443 NFATCI 5'UTR ~035  0.0060
Q7475132 4 187645120 FATI TS$200 -023  0.0053

"Chromosome.

B il (B vilis B 5.~ Evidor Ot Cots of tha sai WS s

pGs located in CGls of promoters (TS$1500, TSS200, 5'UTR, Ist exon).

dicated in bold.
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Prognostic factors Univariate Multivariate
Hazard p value Hazard p value
ratio (95% CI) ratio (95% CI)
Age 2,557 (1.379-4.739) 0.003 2519 (1.238-5.125) 0.011
Risk classification 2.265 (1.342-3.820) 0.002 1,527 (0.858-2.720) 0.150
circ_0059706 expression 0.529 (0.273-1.024) 0059 0340 (0.166-0.699) 0.003
WBC 2.482 (1.326-4.647) 0.004 2077 (1.036-4.165) 0.040
Sex 0.628 (0.333-1.187) 0.152 -
IDH1/2 mutations (+/-) 4.936 (0.625-38.974) 0130 - -
NPM1 mutations (+/-) 1767 (0.808-3.862) 0.154

egative; *, +:

-allelic mutation;

R DU — . —
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5137001652
5134643460
15109129224
rs111019940
5134557868
5385381247
1529014580

5137215894
5132674081
rs110095083
5136092614
15109892136
5133838482
rs133135962
1543725274

541640891

15110291055
15109339682
1542705933

5110422856
15109978478
1541645253

rs110464146
5133847062
15384018186
1543349825

rs110293454
15110477374
5135381754
15108957555
1541930956

15109376798

Gene symbol

MEDI5
CDC7
FGR
NDC1
ACSL6
ACSL6
MRELL
ATP8B4
UBR4
CcpC77
DID O 1
MY 0 5C
NEMP1
DBNL
ABTBI
ITPRI
NUGGC
PIK3C2B
PIK3C2B
NCAPG
ARAP1
ZNF397
POGZ
PRPFS
ERGICI
ERGICI
MGAM
ETV6
ZSCAN29
TNRCI8
ABCA6
GART

Location

17:72,433,357
3:51,880,683
:125,704,116
392,418,182
722,527,204
7:22,502,848
15:1,472,757

10:60,229,145
2:133,508,452
5:107,313,161
13:54,507,164
10:58,100,890
5:56,366,065
22:387,756
22:59,835,232
22:21,678,074

8:10,736,676
16:2,195,385
16:2,210,365
6:37,374,718
15:52,256,813
24:21,783,988
3:19,350,945
19:22,777,382
20:4,689,032
20:4,684,346
4:105,356,030
5:98,106,200
21:55,118,729
25:38,925,016
19:61,476,059
1:1,997,766

=
&
&

HOoH>O0>0H>00>0>>00>H00>0>004940000

p-Value

1.35E-10
951E-08
931E-08
3.24E-07
7.16E-06
7.16E-06
743E-06
8.72E-06
1.01E-05
146E-05
1.84E-05
226E-05
3.85E-05
5.06E-05
7.91E-05
8.00E-05
0.000152
0.000138
0.000138
0.00021

0.000439
0.000961
0.000552
0.000597
0.000762
0.000762
0.000923
0.000949
0.00114

0.001053
0.00169

0.001692

FDR

1.70E-07
8.14E-06
5.58E-05
0.000143
0.001195
0.001195
0.001221
0.00136

0.001517
0.001932
0.002255
0.003691
0.003762
0.004496
0.006175
0.006228
0.008051
0.008948
0.008948
0011918
0020127
0021919
0.023303
0024564
0.028958
0.028958
0032992
0033582
0038199
0.047162
0.049079
0049115

AS Events

MXE
R
SE
SE
SE
SE
SE
SE
SE
SE
SE
MXE
SE
SE
SE
SE
A3SS
SE
SE
SE
SE
A5SS
SE
SE
SE
SE
SE
SE
SE
MXE
SE
SE

Italicized values in Table 2 represent genes with AS SNPs.
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SNP REF ALT HY1 HY2 HY3 SM1 SM2 SM3

rs42705933 A G 0/0 0/0 0/0 o1 01 0/1
5133847062 A c 0/1 on o011 0/0 0/0 0/0

Note: 0 represents the reference genomic loci and 1 represents the mutation loci.
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Cows Raw Reads Clean Reads Total Uniquely

Mapped Rate (%) Mapped Rate (%)
HY1 20,989,867 20,691,802 9615 9151
HY2 19,257,369 18,970,017 9632 9139
HY3 24,010,276 23,632,252 96.70 92.13
SM1 21,807,528 21,481,669 96.03 90.67
SM2 23,137,865 22,746,107 96.17 9044

SM3 18,669,665 18,418,778 93.96 89.31
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Item HFR-  HFR- HFR-  HFR- HFR- Mean 35D LFR- LFR- LFR- LFR- LFR- Mean = 5D
1 2 3 4 5 1 2 3 4 5!
(%) (%) (%) (%) (%) %) %) (%) (%) (%)
Sperm motility (%) 7731 7073 6327 5840 5842  65.63%:825% 3167 3748 3246 3949 3809  35.84%3.53%
Fertilization 9833 9750 9417 9324 9177 9500%:281% 4099 4345 4350 4936 4667  44.79%:325%

rate (%)
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Maternal age (years)

Gestational age (weeks)

Weight (kg)

Parity(n)

Oligohydramnios or polyhydramnios (%)

NC group (n=7)

30,00 + 490
2180 + 3.2
53.04 £7.18
0.00 (0.00,2.00)
0.00

'VSD group (n =7)

29.00 +5.03
2459 + 135
56.92 + 8.67
0.00 (0.00,2.00)
0.00

0713
0.140
0397
1.000

NC, negative control; VSD, ventricular septal defect.
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IR vs. IC

IS vs.

ic

IS vs.

Hyper-methyl Hypo-methyl
Promoter CGI 2,579 759
Intragenic CGI 14,535 5,312

3' transcript CGI 1,489 435
Intergenic CGI 28,660 11,363

Note: CGls represents CpG islands: CGls shore represents CoG island shore.

Hyper-methyl

1,520
9,854
913
19,980

Hypo-methyl

1,450
8,597
749
17,818

Hyper-methyl

885
6,191
505
12,822

Hypo-methyl

2,574

13,882
1,418

27,933
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Gene name

cCL17

LBP
ENSSSCG00000002987
LCN2

FLNC

AKT2
ENSSSCG00000012699
ZAP70

NTRK2

CD40LG

TBX21

CASP9

IL22RA2

PALM3

Expression change

Upregulated
Downregulated
Downregulated
Downregulated
Upregulated
Upreguiated
Upreguiated
Upregulated
Downregulated
Upregulated
Upreguiated
Upreguiated
Upreguiated
Upregulated

Methylation change

Hypermethylated
Hypomethylated
Hypomethylated
Hypomethylated
Hypomethylated
Hypomethylated
Hypomethyiated
Hypomethylated
Hypermethylated
Hypermethylated
Hypermethylated
Hypermethylated
Hypermethylated
Hypermethylated
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Study

Model species

Intervention and
dose

Study site

Result

Mechanism

Ret.

vivo

vitro

Abbreviations: T, Upregulate

Ocular melanoma
cells-induced nude mice

Bleomycin or TGF-Bl-induced
mice

CLP polymicrobial sepsis mice

SDS, ECS, and KCl-induced
‘mice

ICR mice; Chinese Small Tail
Han ewes

AD mouse model

Bacteria or LPS, IFNy, and
hypoxia-induced cells (MCF-7,
MDA-MB-231, HeLa, A549,
HepG2, MEF, and RAW
264.7 cells)

Sox2, Klf4, and Oct4 (SKO)-
induced MEFs

Human ocular melanoma cell
lines

TGE-BI or bleomycin-induced
lung fibroblast and BALFs

Bacteria- or LPS-induced BCP”
BMDMs

Hypoxia-induced human lung
bronchial epithelial cell and
NSCLC celly

B. cinerea

LPS and hypoxia-induced
‘macrophages

Primary embryonic mice
neuron

1, Downregulated;

Lactate (0.5 g/kg body weight)

Oxamate (1 g/kg)

LA (25 mM); Glucose (0-25mM);
2-DG (0-10 mM; IL-4 (20ng/mL);
Oxamate (0-20mM); Rotenone (0-
50nM); DCA (10nM)

Glis1 or Flag

2-DG(0-10mN); Oxamate (0-
20mM); SiLDHA; SiLDHB;
Nala(0-25mM)

Lactate; si p300

Nala (25 mM)

Lactate (5 or 10 mM)

Lactate (0-10mM)

Oxamate (20 mM); Lactate
(10mM)

Lactate(0-25m M), oxamate;
4-CIN

Pan Kla,
H3K18la

Pan-Kla

Pan-Kla

Pan-Kla, Hlla

H3K18la

Pan-Kla;
H4K18la;
H4K5la; H4K8la;
H3K18la;
H3K23la

Pan-Kla,
H3K18la,
H4K5la

Pan Kla,
H3K18la

Pan Kla,
H3K18la

Pan-Kla

Pan-Kla

Pan-Kla, H4K8la

Pan-Kla

Pan-Kla

Pan-Kla; Hlla

Promote YTHDF2's
transcription to accelerate
tumorigenesis

Lactate induces Kla and
pro-fibrotic gene
expression mediated by
300

Perhaps improves the
translocation of
HMGBI from the nucleus
to the cytoplasm

Neuronal excitation
increases Kla in the brain

Lactate-induced Kla may
contribute to remodeling
endometrial receptivity

The H4K12la level is
specifically elevated in
plaque of SXFAD mice

Histone Kla induces M2-
like genes in
M1 macrophages

Glis1 modulates lactylation
during reprogramming
Promote YTHDF2's
transcription to accelerate
tumorigenesis

Lactate induces Kla and
pro-fibrotic gene
expression mediated by
300

BCAP deficiency reduces
lactate and lactylation

Kla medicated by lactate
regulates metabolism-
related gene

Lactylated proteins
participate in fungal
pathogenicity

Perhaps improves the
translocation of

HMGBI from the nucleus
to the cytoplasm

Neuronal excitation
increases Kla in the brain

and; Kla, lysine lactylation; YTHDE2, YTH Né-methyladenosine RNA-binding protein 2; PER1, period gene;

YTHDF21; PER1; D
TPS3|

Argl; OpnT; Pdgfa;
Thbs[; Veghal

Kla of HMGBIT

Kla of H1

H3KI8la may promote the
ratio of GSH/GSSG

Form a positive feedback
glycolysis/H4K 12la/
PKM2 loop

ArglT; Mmp9T;RtndT;
Tgmi1T; SpsbaT; Hsd11b17;
Nos2; IL-6T; TnfT; Cxel1;
CelaT; CerdT

Hk21; Pgk1T; PAIT; PkmT;

EnolT; Ldha?
YTHDF21; PER1(; TP53]

Argl; OpnT; Pdgfal;
Thbs1T; Vegfal

FOXO11; GSK3pT
SDHT; IDHT; HIFIAT;
HK-1]; G6PD; PKM|

Kla of EIF-5AT

Kla of HMGBIT

Kla of H1T

[47)

(68

(28]

(66]

(63]

(67

7

(25)

[47)

[68]

[61]

(42]

9

(28]

(66]

P53, the gene

encoding the p53 protein; TGE-Bl, transforming growth factor-B1; BALFs, bronchoalveolar lavage fluids; p300, a acetyltransferase; Argl, arginasel; Opn, osteopontins Pdgfa, platelet-
derived growth factor A; Thbsl, thrombospondin-1; Vegfa, vascular endothelial growth factor A; CLP, cecal ligation and puncture; HMGBI, high mobility box-1; SDS: social defeat; ECS,
electroconvulsive stimulation; KCI, potassium chloride; GSH, reduced glutathione; GSSG, oxidized glutathione; AD, Alzheimer's disease; SXFAD, a genetically modified mouse type with
Alzheimer's disease; Pkm2, pyruvate kinase M2; BMDMs, mouse bone marrow derived macrophages; IFNy, interferon-y; LPS, lipopolysaccharide; La, lactic acid; 2-DG,2-deoxy-D-glucose;
IL-4, interleukin 4; DCA, Sodium dichloroacetate; Mmp9, matrixmetalloproteinase9; Rinds, reticulon 4 receptor; Tgml, transglutaminase 1; Spsb, SPRY domain- and SOCS box-
containing protein 2; Hsd11b1, 11p-hydroxysteroid dehydrogenase type 1; Nos2, nitric oxide synthase 2; IL-6, interleukin 6 Tnf, tumor necrosis factor; Cxell, CXC chemokine ligand 1
Ccl4,C-C motif chemokine ligand 4; Cer9, CC chemokine receptor 9; Sox2 sex determining region Y-box 2; KIf4, Kriippel-like factor 4; Oct4, octamer-binding transcription factor 4; MEFs,
mouse embryonic fibroblasts; Glisl, Gli-like transcription factor 1; Hk2, hexokinase 2; Pgkl, phosphoglycerate kinasel; Pfk1, phosphofructokinase-1; Enol, enolasel; Ldha, lactate
dehydrogenase; siILDHA, siRNAs for LDHA; siLDHB, siRNAs for LDHB; sip300, siRNAs for p300; Nala, sodium lactate; BCAP, B-cell adapter for PI3K; FOXOI, forkhead box protein O1;
GSK3p, glycogen synthase kinase 35 SDH, succinate dehydrogenase; PKM, pyruvate kinase; NSCLC, non-small cell lung cancer; eIF-5A, translation initiation factor 5A; 4-CIN; a-cyano-4-
hodroxpctumimiats GOEA, Tucome tehydovacnme sctivity takiblice.
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Related DE-microRNAs

Myocardium miR-142-3p, miR-1839-5p, miR-185-5p, miR-301a-3p, miR-3064-5p, miR-325-5p, miR-3473, miR-3580-3p, miR-363-5p, miR-
384-5p, miR-497-3p, miR-741-3p, miR-874-5p, miR-96-5p
Amniotic fluid miR-122-5p, miR-134-3p, miR-184, miR-1843b-5p, miR-199a-5p, miR-299a-5p, miR-665

Serum miR-3580-3p, miR-370-3p, miR-433-3p, miR-494-3p, miR-6216, miR-665, miR-873-3p, miR-§77





