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			Atherosclerosis and its comorbidities are the major contributors to the global burden of death worldwide. Lower extremities arterial disease (LEAD) is a common manifestation of atherosclerotic disease of arteries of lower extremities. MicroRNAs belong to epigenetic factors that regulate gene expression and have not yet been extensively studied in LEAD. We aimed to indicate the most promising microRNA and gene expression signatures of LEAD, to identify interactions between microRNA and genes and to describe potential effect of modulated gene expression. High-throughput sequencing was employed to examine microRNAome and transcriptome of peripheral blood mononuclear cells of patients with LEAD, in relation to controls. Statistical significance of microRNAs and genes analysis results was evaluated using DESeq2 and uninformative variable elimination by partial least squares methods. Altered expression of 26 microRNAs (hsa-let-7f-1-3p, hsa-miR-34a-5p, -122-5p, -3591-3p, -34a-3p, -1261, -21-5p, -15a-5p, -548d-5p, -34b-5p, -424-3p, -548aa, -548t-3p, -4423-3p, -196a-5p, -330-3p, -766-3p, -30e-3p, -125b-5p, -1301-3p, -3184-5p, -423-3p, -339-3p, -138-5p, -99a-3p, and -6087) and 14 genes (AK5, CD248, CDS2, FAM129A, FBLN2, GGT1, NOG, NRCAM, PDE7A, RP11-545E17.3, SLC12A2, SLC16A10, SLC4A10, and ZSCAN18) were the most significantly differentially expressed in LEAD group compared to controls. Discriminative value of revealed microRNAs and genes were confirmed by receiver operating characteristic analysis. Dysregulations of 26 microRNAs and 14 genes were used to propose novel biomarkers of LEAD. Regulatory interactions between biomarker microRNAs and genes were studied in silico using R multiMiR package. Functional analysis of genes modulated by proposed biomarker microRNAs was performed using DAVID 6.8 tools and revealed terms closely related to atherosclerosis and, interestingly, the processes involving nervous system. The study provides new insight into microRNA-dependent regulatory mechanisms involved in pathology of LEAD. Proposed microRNA and gene biomarkers of LEAD may provide new diagnostic and therapeutic opportunities.
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Introduction

			Peripheral arterial disease (PAD) is one of the most common manifestation of atherosclerosis, a chronic inflammatory process that promotes formation of atheromatous plaques in blood vessels (Norgren et al., 2007; Hamburg and Creager, 2017). PAD is a complex, multifactorial systemic disease linked to genetics, immunity, and environment (Brevetti et al., 2010; Leeper et al., 2012; Fowkes et al., 2017) with severe comorbidities clinically manifested as a myocardial infarction and ischemic stroke (Sigvant et al., 2017). One of the presentations of PAD is lower extremities arterial disease (LEAD), characterized by chronic degenerative changes due to vascular flow deficit caused by stenosis or occlusion of lower limb vessels (Aboyans et al., 2018).

			In the last decade, there has been an increasing focus on importance of microRNA (miRNA) diagnostics in diverse diseases (Rupaimoole and Slack, 2017). MiRNA are approximately 22 nucleotides long small RNA molecules, constituting a part of non-coding RNA pool. MiRNA have established role in modulating gene expression (Kim et al., 2016), exhibiting pleiotropic effects, and acting like a switch and a fine-tuner (Mukherji et al., 2011;   Lu et al., 2018). MiRNA regulatory networks are considered as an important element in the pathogenesis of atherosclerosis (Zho et al., 2012;   Lu et al., 2018; Vogiatzi et al., 2018) with biomarker and therapeutic potential (Hamburg and Leeper, 2015).

			Numerous studies established relationships between atherosclerosis-related diseases and alterations in miRNA expression in humans (Fichtlscherer et al., 2010; Bronze-da-Rocha, 2014; Chen and Stewart, 2016; Dolz et al., 2017). Dysregulated expression of miRNAs may serve as a marker of arterial stenosis progression (Jiang et al., 2014; Dolz et al., 2017), plaque stability (Cipollone et al., 2011; Ren et al., 2013; Leistner et al., 2016), and risks of acute ischemic stroke (Li et al., 2015) and cardiovascular death (Karakas et al., 2017). MiRNA expression in various blood components was also correlated with a presence of pro-atherosclerotic risk factors, including elevated lipids levels (Dong et al., 2017), type 2 diabetes mellitus (Al-Kafaji et al., 2010), and high BMI values (Signorelli et al., 2016).

			Only a number of studies looked for miRNA signatures in peripheral atherosclerosis, focusing mainly on circulating (plasma, whole blood) miRNA profiling (Li et al., 2011; Stather et al., 2013; Signorelli et al., 2016). MiRNA expression in peripheral blood mononuclear cells (PBMCs) in peripheral atherosclerosis was not extensively studied. PBMCs as an essential element of atherosclerosis-related diseases, carry abundant information about cardiovascular pathophysiology. Differentially expressed miRNAs in PBMCs were already presented as biomarkers of coronary artery disease (CAD) (Hoekstra et al., 2010; Dong et al., 2017).

			Selection and monitoring patients with high cardiovascular risk still poses a significant clinical challenge. Despite numerous studies, there is still need for more translational research to understand how the disease is developing in humans. More profound knowledge of pathology, particularly the interactions between molecular and cellular mechanisms, as well as discovery of sensitive and specific biomarkers, are essential to develop optimal diagnostic and treatment approaches.

			We applied Next Generation Sequencing (NGS) to investigate miRNA and gene expression profiles in PBMCs from patients with LEAD and healthy controls. The goal was to identify most promising miRNA signatures and genes involved in LEAD which may become novel biomarkers, providing new perspectives on diagnostic and therapeutic opportunities in LEAD.

			


Materials and Methods

			

Study Population Characteristics

			The research was conducted in accordance with the Declaration of Helsinki and approved by Ethics Committee at Medical University of Lublin (decision No. KE-0254/341/2015). Study inclusion occurred between February 2016 and May 2017 involving 40 patients diagnosed with LEAD in Independent Public Clinical Hospital No. 1 in Lublin and 19 non-LEAD volunteers. Informed consent was obtained from all subjects. Characteristics of studied individuals are presented in Table 1. Evaluation was performed by vascular surgeon and based on established inclusion criteria. Physical examination consisted of evaluation of peripheral pulses, ankle-brachial index test, treadmill test, angiography, and color flow duplex ultrasound scanning (Figure 1). Individuals with LEAD had symptoms of claudication without critical ischemia or tissue loss (Rutherford category 2 or 3). Atherosclerotic lesions were localized in femoral, iliac, or popliteal arteries and were diagnosed with Trans-Atlantic Inter-Society Consensus score B or C. Only patients with chronic complaints originating from LEAD of more than 6 month duration were included. Exclusion criteria were: type 1 diabetes mellitus and previous surgery or percutaneous transluminal angioplasty/stent placement of superficial femoral or iliac arteries. Additional evaluation criteria included smoking habits, medical history, risk factors, pre-existing diagnoses, and medical treatment (Table 1).



		Table 1 | Characteristics of 40 patients with LEAD and 19 controls approved to the study. 
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			Figure 1 | Representative color Doppler images of femoral arteries. Panels (A) and (B) present femoral artery narrow stenosis caused by atheromatic plaque without calcification. Arterial flow has monophasic waveform with low systolic peaks and continuous diastolic flow. On panel (B), popliteal artery blood flow restored femoral artery flow by inflow from collaterals. On panel (C), femoral artery occlusion and monophasic waveform of flow with high systolic peaks and continuous diastolic flow were observed.

		


			The control (non-LEAD) group contained 19 volunteers. Neither atherosclerotic plaques nor abnormalities in blood flow were observed in iliac, femoral, and popliteal arteries of control individuals during the examination by color flow duplex ultrasound scanning. Only subjects without vascular diseases and comorbidities, including coronary artery disease, myocardial infarction, stroke, diabetes type 2 and without any medication in the medical history were affirmed to the control group. Application of these criteria allows us to select healthy volunteers, however, statistically significant differences in age, BMI, smoking habits, and sex distribution have emerged between LEAD and control groups (Table 1).

			


Study Material Preparation

			Isolation of PBMCs from whole blood samples was conducted by density gradient centrifugation using Gradisol L reagent (Aqua-Med, Poland) (see Supplementary Material).

			Isolation of small RNA fractions from all PBMCs samples was performed using MirVana microRNA Isolation Kit (Ambion, Lithuania) according to the manufacturer’s protocol. The assessment of quantity and quality of isolated small RNA samples was performed using Agilent 2100 Bioanalyzer (Agilent Small RNA Kit, Agilent Technologies, Lithuania). Software implemented to Agilent 2100 Bioanalyzer was Agilent 2100 Expert Software version B.02.08.SI648.

			Total RNA was isolated from PBMCs using TRI Reagent Solution (Applied Biosystems, USA), according to manufacturer’s protocol. The quantity and quality assessment of isolated total RNA was performed using Agilent 2100 Bioanalyzer (Agilent RNA 6000 Pico Kit, Agilent Technologies, USA). The RNA samples with RNA Integrity Number higher than 7 were approved for further experiments.

			


miRNA Sequencing

			Small RNA libraries were constructed using Ion Total RNA-Seq Kit v2 and barcoded with Ion Xpress RNA-Seq Barcode 01-16 Kit (both Life Technologies, Lithuania). Purifying and size-selecting steps were carried out with Magnetic Bead Cleanup Module kit (Life Technologies, Lithuania). All procedures were performed according to the manufacturer’s protocol “Ion Total RNA-Seq Kit v2” revision B.0. Yield and size distribution of prepared small RNA libraries were assessed with the Agilent 2100 Bioanalyzer instrument and the Agilent High Sensitivity DNA Kit (Agilent Technologies, Lithuania). Barcoded small RNA libraries were diluted to 100 pM concentration with nuclease-free water and pooled (four libraries per chip). Pooled libraries were amplified, prepared for sequencing, and loaded on Ion 540 Chips (Life Technologies, Taiwan) by Ion Chef System (Thermo Fisher Scientific, Singapore). Efficiency of amplification was evaluated using Ion Sphere Quality Control Kit (Life Technologies, USA).

			Sequencing was performed using Ion S5 XL System (Thermo Fisher Scientific, USA) and raw data was processed by Torrent Suite Software v5.0.4 (Thermo Fisher Scientific, USA). Raw sequences were aligned to 2,792 human miRNAs from miRBase v21 (http://www.mirbase.org) using Ion Torrent Small RNA Plugin v5.0.5r3 (Thermo Fisher Scientific, USA) with default settings. For detailed description of the plugin please refer to Supplementary Material.

			


Transcriptome Sequencing

			Due to technical limitations, transcriptome libraries were prepared from 15 total RNA samples isolated from randomly selected representative PBMCs samples (eight from LEAD patients and seven from controls). In order to increase the percentage of coding mRNA, total RNA samples were subjected to ribodepletion procedure using RiboMinus Eukaryote System v2 (Ambion, USA), according to manufacturer’s protocol. Efficiency of rRNA depletion process was verified using Agilent 2100 Bioanalyzer with Agilent RNA 6000 Pico Kit. rRNA-depleted RNA samples were subsequently subjected to transcriptome libraries preparation procedure using the components supplied with Ion Total RNA-Seq Kit v2, Ion Xpress RNA-Seq Barcode 01-16 Kit, and Magnetic Bead Cleanup Module Kit. The procedure was carried out according to manufacturer’s manual “Ion Total RNA-Seq Kit v2” revision B.0. Yield and size distribution of prepared transcriptome libraries were assessed on the Agilent 2100 Bioanalyzer instrument with the Agilent DNA 1000 Kit (Agilent Technologies, Lithuania). Barcoded transcriptome libraries were equalized to 60 pM concentration by dilution in nuclease-free water and multiplexed two samples per chip. Libraries preparation and loading on Ion 540 chips were performed by Ion Chef System. ISP enrichment quality control was carried out with Ion Sphere Quality Control Kit.

			Sequencing of transcriptome libraries was performed using Ion S5 XL System and raw data processed by Torrent Suite Software v5.0.4. Raw sequences were aligned to 55,765 genes of hg19 human genome using Ion Torrent RNASeqAnalysis plugin v.5.0.3.0 (Thermo Fisher Scientific, USA).

			


Statistical Analysis

			LEAD and control groups were evaluated due to differences in age and BMI using two-sided Mann Whitney U test (wilcox.test function in R) and in sex and smoking using Chi-Square test (chisq.test function in R).

			Statistical analysis of miRNA and gene sequencing data (resulted from small RNA and transcriptome libraries sequencing, respectively) was performed on biological replicates with R environment (version 3.5.2) and suitable packages.

			Control plots of sequencing data, including MA plot, histogram of P value frequency and boxplot of counts statistics, were performed using DESeq2 package (Love et al., 2014). Volcano plot for differentially expressed miRNAs, heatmaps with Euclidean clustering, Principal Component Analysis (PCA) plots were performed using R basic functions and packages: data.table 1.11.8, DESeq2 1.18.1, dplyr 0.7.8, ggplot2 3.1.0, ggrepel 0.8.0, gridExtra 2.3, pheatmap 1.0.10, and scatterplot3d 0.3-41 packages.

			Differential expression analysis was performed by DESeq2 package 1.18.1, according to R code described in reference manual. MiRNAs and genes with mean of reads lower than one were filtered out. MiRNAs and genes with P value below 0.05, adjusted by Benjamini-Hochberg false discovery rate, were considered as statistically significant.

			Further confirmation of the differential potential of miRNAs and genes was carried out with UVE-PLS (uninformative variable elimination by partial least squares) method (Centner et al., 1996) using plsVarSel package 0.9.3 (Mehmood et al., 2012), according to R code described in reference manual. UVE-PLS analysis was applied to filtered read counts data (mean of reads lower than 1) and transformed using regularized log normalization (rlog function in DESeq2 package). In order to find appropriate number of PLS components for UVE-PLS, normalized data were primarily subjected to standard PLS analysis with leave-one-out cross-validation using plsr function in plsVarSel package. Ultimately, UVE-PLS analysis was performed with four PLS components, 1,000 iterations, and default cut-off threshold.

			Correlations between miRNA expression and characteristics of studied groups were performed using DESeq2 method for categorical variables (sex, smoking) and two-sided Spearman rank correlation test covered in cor.test R function for continuous variables (age, BMI).

			Predicting value of selected miRNAs and genes was assessed using receiver operating characteristic (ROC) analysis, carried out with pROC package version 1.12.1 (Robin et al., 2011) according to reference manual.

			Deconvolution of miRNA expression data was performed using UNDO 1.26.0 package (Wang et al., 2015) on data normalized by DESeq function implemented in DESeq2 package. For deconvolution of gene expression data, a “quanTIseq” method (Finotello et al., 2019) implemented in immunedeconv 2.0.0 package (Sturm et al., 2019) was applied to tpm-normalized data using scater 1.12.2 package (McCarthy et al., 2017).

			Identification of validated (miRecords, miRTarBase, TarBase databases) and predicted (DIANA-microT, ElMMo, MicroCosm, miRanda, miRDB, PicTar, PITA, TargetScan databases) interactions between selected miRNAs and genes was performed using multiMiR package 1.2.0 (Ru et al., 2014) and reference manual. Obtained interactions were presented in the regulatory network, visualized using Cytoscape v3.5.1 software (Shannon et al., 2003).

			Functional analysis for genes contained in the network was performed using DAVID (Database for Annotation, Visualization, and Integrated Discovery) 6.8 database (Huang et al., 2009a; Huang et al., 2009b) using default whole genome background for Homo sapiens. For each analyzed gene, associated terms of KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway maps, Reactome database, and GAD (Genetic Association Database) database were harvested. The enrichment analysis of GO (Gene Ontology) terms was carried out separately for up- and downregulated genes.

			



Results

			

Study Population Analysis

			Representative examples of color duplex ultrasound examination of femoral artery occlusions and flow were shown on the Figure 1. Characteristics of 40 LEAD patients and 19 non-LEAD controls are presented in Table 1. Inclusion of healthy, LEAD-negative confirmed individuals in control group resulted in differences between patients and control groups in sex, age, BMI (body mass index), and smoking with respective P values 2.809E-03, 1.312E-07, 1.729E-04, and 1.482E-04 (Table 1 and Supplementary Figure 1).

			


Primary Results

			Representative electrophoregrams of small RNA samples, total RNA samples, and corresponding libraries were presented in Supplementary Figures 2 and 3. Parameters describing small RNA samples, small RNA libraries, and results of sequencing data primary analysis of small RNA libraries were shown in Supplementary Table 1. Parameters of transcriptome libraries and results of sequencing data primary analysis of transcriptome libraries were presented in Supplementary Table 2. Sequencing data control plots (boxplot of Cook’s distances across samples, MA plot, and histogram of P values frequency) for small RNA and transcriptome analysis are presented in Supplementary Figures 4 and 5, respectively.



		Table 2 | Set of 29 differentially expressed miRNA transcripts with P < 0.0001 (from DESeq2 analysis) and with significance confirmed by UVE-PLS in patients with LEAD, in comparison with non-LEAD controls. Indicated 29 miRNA transcripts give 26 miRNAs (miRNA IDs). 
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Differential Expression Analysis of miRNA

			MiRNA expression levels were compared between 40 LEAD patients and 19 non-LEAD controls. For differential expression analysis of miRNA, DESeq2, and UVE-PLS methods were applied to investigate expression data of 2,792 miRNAs and common significantly dysregulated miRNAs indicated by both methods were selected.

			DESeq2 filtering and comparison analysis of the miRNA expression signatures in PBMCs derived from LEAD patients and non-LEAD controls revealed 1,181 differentially expressed miRNA transcripts in LEAD patients (Figure 2A). Two hundred thirty-one miRNA transcripts (134 upregulated and 97 downregulated) were significantly differentially expressed with P < 0.05 (Supplementary Tables 3 and 4, respectively).
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			Figure 2 | Differential expression analysis of miRNA in PBMCs samples derived from 40 patients with LEAD (LEAD) and 19 non-LEAD controls (Control). Volcano plot (A) illustrating the arrangement of negative log10 of P values and log2 fold changes for 1,181 differentially expressed miRNA transcripts indicated using DESeq2 method. Thirty-three miRNA transcripts resulted from DESeq2 method with P < 0.0001 overlapping with informative miRNAs returned from UVE-PLS analysis were pointed with numbers corresponding to the code and names in table on panel (B). Heatmap with Euclidean clustering (C) and 3D PCA plot (D), generated based on expression of selected 29 miRNA transcripts (after excluding four miRNA transcripts belonging to miR-486 family). Numbers of heatmap rows correspond to transcript names according to “Code” column on panel (B).

		


			To limit false positive results, a set of 47 differentially expressed miRNA transcripts (for 39 miRNAs) of high significance (P < 0.0001) was chosen for further comparison with UVE-PLS results.

			To optimally filter miRNAs with uninformative character, the UVE-PLS method was used. Distribution of PLS (Partial Least Squares) components and predictive ability of applied PLS model were presented on Supplementary Figure 6. Application of UVE-PLS to filtered and normalized miRNA expression data has returned 86 informative miRNA transcripts, 37 were upregulated and 49 were downregulated (Supplementary Tables 5 and 6, respectively).

			The comparison of 47 differentially expressed miRNA transcripts identified by DESeq2 method (with P < 0.0001) and 86 differentially expressed miRNA transcripts identified by UVE-PLS method disclosed 33 miRNA transcripts (for 28 miRNAs) common for both methods (Figure 2).

			PCA analysis and heatmap with Euclidean clustering were performed to visualize clustering pattern of samples and 33 selected miRNA transcripts (Supplementary Figure 7). Expression of four miRNA transcripts belonging to miR-486 family (hsa-mir-486-2_hsa-miR-486-3p, hsa-mir-486_hsa-miR-486-5p, hsa-mir-486_hsa-miR-486-3p, hsa-mir-486-2_hsa-miR-486-5p) disturbed clear separation of LEAD and control groups. Exclusion of these four miRNA transcripts from PCA analysis and heatmap with Euclidean clustering improved ability to differentiate LEAD and control groups by remaining 29 miRNA transcripts (Figures 2C, D).

			In order to identify factor(s) affecting expression of four excluded miRNA transcripts, correlations with age, BMI, sex, and smoking habits were evaluated. Statistically significant correlation was found between expression of 4 excluded miRNA transcripts belonging to miR-486 family and age, BMI, and smoking habits (Supplementary Table 7). Therefore, expression of these miRNA transcripts was presumably affected by differences in age, BMI, and smoking habits, rather than by presence of LEAD. For this reason, these miRNA transcripts were excluded from further confirmation of predictive capability.

			Predicting value of differential expression of remaining 29 miRNA transcripts was evaluated using ROC analysis carried out with pROC package. Areas under ROC curves were above 0.8 for all evaluated miRNA transcripts, indicating good performance of LEAD classification (Table 2, Supplementary Figure 8 and Supplementary Table 8). These 29 miRNA transcripts give 26 miRNAs (15 upregulated and 11 downregulated), which constitute a proposed panel of miRNA biomarkers of LEAD (Table 2).

			Deconvolution analysis of miRNA expression data using UNDO package provided estimated proportions of two cell subpopulations in LEAD and Control groups. Distributions of these proportions were presented in Supplementary Figure 9.

			


Differential Expression Analysis of Genes

			RNA samples derived from randomly selected eight LEAD patients and seven non-LEAD controls were subjected to transcriptome sequencing. Differential expression analysis of genes was performed using DESeq2 and UVE-PLS methods and common significantly dysregulated genes indicated by both methods were selected.

			DESeq2 analysis revealed 17,868 differentially expressed genes in LEAD group when compared to non-LEAD controls (Figure 3A). Genes resulted with significantly changed expression (P < 0.05) formed a set of 221 genes—108 were upregulated and 113 were downregulated (Supplementary Tables 9 and 10, respectively).
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			Figure 3 | Differential expression analysis of genes in PBMCs samples derived from 8 patients with LEAD (LEAD) and 7 non-LEAD controls (Control). Volcano plot (A) illustrating the arrangement of negative log10 of P values and log2 fold changes for 17,868 differentially expressed genes obtained from DESeq2 analysis. Heatmap with Euclidean clustering (B) and 3D PCA plot (C) were generated based on expression of 14 genes determined as indicative for LEAD by both DESeq2 and UVE-PLS methods.

		


			UVE-PLS analysis indicated 14 genes (4 upregulated and 10 downregulated) with informative value to differentiate LEAD and control groups (AK5, CD248, CDS2, FAM129A, FBLN2, GGT1, NOG, NRCAM, PDE7A, RP11-545E17.3, SLC12A2, SLC16A10, SLC4A10, and ZSCAN18). Distribution of PLS components and predictive ability of applied PLS model were presented on Supplementary Figure 10.

			The comparison of the set of 221 differentially expressed genes revealed in DESeq2 method (P < 0.05), with the set of 14 differentially expressed genes disclosed in UVE-PLS method, indicated, that all 14 genes selected in UVE-PLS analysis were included in the set of 221 genes obtained from DESeq2 analysis.

			Differential expression of these 14 selected genes was confirmed by Euclidean clustering and PCA analysis (Figures 3B, C).

			ROC analysis showed that expression of those 14 genes has strong predictive value with an area under the ROC curve >0.964 (Table 3, Supplementary Table 11 and  Supplementary Figure 11).



		Table 3 | Set of 14 differentially expressed genes with P < 0.05 (from DESeq2 analysis) and with significance confirmed by UVE-PLS genes in patients with LEAD, in comparison with non-LEAD controls.
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			Therefore, 14 evaluated genes constitute a proposed panel of transcriptomic biomarkers of LEAD (Table 3).

			Deconvolution of gene expression data revealed information about 11 immune cell subtypes in the subjects included to transcriptome analysis (Supplementary Figure 12). We did not observed significant differences between samples. It suggests that there is no meaningful impact of subpopulation composition in PBMC on study outcome.

			


In Silico Identification of miRNA: Gene Interactions

			In order to identify miRNA:gene interactions between 26 selected miRNAs and 14 selected genes, both groups were processed by multiMiR package. Analysis returned six validated interactions (Supplementary Table 12) and 43 top 10% predicted interactions (Supplementary Table 13). Determined interactions formed a regulatory network containing 20 miRNAs and 11 genes, which was constructed using Cytoscape software (Figure 4).
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			Figure 4 | Regulatory networks presenting interactions between miRNAs and genes revealed as indicative for LEAD. Red and blue color of nodes mean respectively upregulated and downregulated miRNAs or genes. Solid and dashed edges indicate validated and predictive interactions, respectively. Panel (A) presents interactions between upregulated miRNAs and downregulated genes, panel (B) presents interactions between downregulated miRNAs and upregulated genes, panel (C) presents interactions between downregulated miRNAs and downregulated genes, panel (D) presents interactions between upregulated miRNAs and upregulated genes.

		

			


Functional Analysis of miRNA Targets

			Functional analysis of 11 target genes (AK5, CDS2, FAM129A, FBLN2, NOG, NRCAM, PDE7A, SLC12A2, SLC16A10, SLC4A10, and ZSCAN18), present in the regulatory network, was performed using DAVID 6.8 tools and resulted associations are presented in Table 4.



		Table 4 | Functional analysis of eleven genes, which dysregulated expression in patients with LEAD was connected to miRNA modulatory function. 
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			All analyzed genes, except FBLN2, were associated with at least one term linked to atherosclerosis-related disease or risk factor, including heart failure, stroke, body weights and measures, cardiovascular, cholesterol LDL (low density lipoproteins), myocardial infarction, synthesis of phosphatidylglycerol, tobacco use disorder, type 2 diabetes, and obesity. Surprisingly, all but two genes (FAM129A, SLC16A10) were associated with chemical dependency, addictive diseases, and neurological disorders. GO enrichment analysis assigned upregulated genes to phosphate-containing compound metabolic processes and downregulated genes were ascribed to transmembrane transport of chloride and sodium ions (Table 4).

			



Discussion

			Despite great advances in cardiovascular research, PAD related diseases (including LEAD) still represent the major health problem with serious clinical complications. Investigation and treatment of LEAD has been hindered by the multifactorial character of the disease, diverse symptomatology, lack of relevant in vitro disease models and problems with acquiring suitable specimens. There is a need for novel, low-invasive biomarkers for early detection of LEAD and monitoring disease progression.

			In presented study we conducted comparative analysis of microRNAome and transcriptome from PBMCs of patients with LEAD and healthy controls. Expression profiles were determined by NGS. Integrated analysis of microRNAome and transcriptome is important for our understanding of miRNA functions, giving specific insights into a broad layer of post-transcriptional control (Rajewsky, 2006). Identification of miRNA influenced gene expression patterns facilitates linking specific miRNA:genes interaction networks associated with this disease.

			Our experiment involved utilization of statistical and bioinformatical tools to analyze miRNA and gene expression datasets and to determine miRNA:gene regulatory network. We applied strict rules for elimination or alleviation of technical, detection, and biological biases (Hansen et al., 2011; Timmons et al., 2015)- for detailed description of laboratory and other procedures please refer to Supplementary Material. We selected most promising 26 miRNAs and 14 genes, which potentially may serve as biomarkers for LEAD (Tables 2 and 3, respectively). The threshold of statistical significance was elevated to P < 0.0001 for miRNA selection with DESeq2 analysis to limit false positive results. Elimination of uninformative variables using UVE-PLS allowed us to present more reliable results. Those criteria for miRNA and gene signatures selection were introduced to eliminate qPCR validation. ROC analysis confirmed good diagnostic value of proposed biomarkers (Tables 2 and 3, Supplementary Tables 8 and 11, Supplementary Figures 8 and 11). Determined miRNA:gene interactions formed a proposed regulatory network (Figure 4), although further confirmation of predictive interactions should be performed in future studies. The preliminary functional analysis suggests that proposed biomarkers may provide useful information on the pathogenesis of LEAD.

			Euclidean clustering and PCA analysis of determined potential biomarker miRNAs clearly segregates studied individuals into LEAD and control groups, but after excluding four initially selected miRNA transcripts (hsa-mir-486-2_hsa-miR-486-3p, hsa-mir-486_hsa-miR-486-5p, hsa-mir-486_hsa-miR-486-3p, hsa-mir-486-2_hsa-miR-486-5p) which belong to miR-486 family (compare Figures 2C, D with Supplementary Figure 7). One of the reasons for the occurrence of this phenomenon can be erythrocyte contamination and/or hemolysis in studied samples, since miR-486 has been reported as erythrocyte miRNA (Pizzamiglio et al., 2017). However, that process was not observed in studied blood samples or PBMCs preparations. PBMCs isolation procedure included four washing steps, in order to avoid erythrocyte contamination of PBMCs samples. The other reason could be the influence of factors, like age, BMI, sex, or smoking habits, which may affect expression of miR-486 family transcripts. Indeed, correlation analysis indicated age, BMI, and smoking habits as influencing factors (Supplementary Table 7), what may explain weaker biomarker correlation of these miRNA transcripts despite high statistical significance of differentiation LEAD and control groups.

			The idea of creating panels and monitoring peripheral atherosclerosis-associated blood biomarkers, including miRNA profiling, is not novel and has been well studied (Patino et al., 2005; Mohr and Liew, 2007; Zampetaki et al., 2012). Stather et al. indicated 12 miRNAs with good diagnostic value in PAD by profiling 754 miRNAs in peripheral blood using quantitative RT-PCR (Stather et al., 2013). Using the same method, Signorelli et al. indicated association between presence of PAD and increased serum level of miR-130a, miR-27b, and miR-210, showing significant correlation between BMI and miR-130a, as well as between claudication distance and miR-210 (Signorelli et al., 2016). Overexpression of these three miRNAs in serum may also serve as early marker of a PAD-related disease—atherosclerosis obliterans (Li et al., 2011). Vegter et al. demonstrated relationship between downregulation of miR-18a-5p, miR-27a-3p, miR-199a-3p, miR-223-3p, and miR-652-3p in plasma and severity of PAD symptoms in patients with heart failure (Vegter et al., 2017).

			Huang and collaborators, using massively parallel sequencing of plasma miRNAs, showed that downregulation of miR-125b is associated with increased occurrence of acute myocardial infarction (AMI) in Chinese cohorts (Huang et al., 2014). Therefore, lower level of this miRNA in our LEAD group may be a sign of higher risk of cardiac complications.

			Rationale for use of PBMCs in our study was the fact, that this cell pool was not studied extensively in LEAD. PBMCs represent a subpopulation of white blood cells containing lymphocytes and monocytes, constituting an important element of inflammation process in atherosclerosis. Transcriptional profiling of this subpopulation should provide an abundance of information about vascular occlusive diseases. PBMCs are also highly accessible, what facilitates their utilization in medical procedures.

			Dong et al. reported that increased expression levels of miR-24, miR-33a, miR-103a, miR-122, miR-34a, and miR-21 in PBMCs are indicators of lipids levels in stable CAD (Dong et al., 2017). In that study, miR-34a and miR-21 differed insignificantly between CAD and control groups, but in other studies both miRNAs were significantly upregulated in plasma and atherosclerotic plaques of CAD patient (Raitoharju et al., 2011; Han et al., 2015). Therefore, overexpression of miR-34a and miR-21 in PBMCs, found in our study, may distinguish LEAD from CAD. This hypothesis needs to be confirmed in further studies.

			Genes recognized as targets of biomarker miRNAs were already presented to play a role in pathology of atherosclerosis. Elevated expression of CDS2 promotes synthesis of diacylglycerol and increase in lipid droplets formation in HeLa cells (Qi et al., 2016). Upregulation of CDS2, noticed in our study, presumably indicates intense lipid synthesis promoting foam cells formation in atherosclerosis plaques.

			Downregulation of SLC16A10 observed in our patients may suggest a decrease in uptake and secretion of thyroid hormones (Friesema et al., 2008), mimicking hypothyroidism, the condition associated with other atherosclerosis risk factors like elevated blood pressure and increased levels of LDL, cholesterol, C-reactive protein, and homocysteine (Ichiki, 2010).

			Shankar et al. reported positive association between serum GGT (gamma-glutamyltransferase) levels and PAD in male patients (Shankar et al., 2008). Our study demonstrated upregulation of GGT1 gene in patients with LEAD, the effect which may cause an increase in serum GGT, which confirms the association described by Shankar and collaborators.

			FAM129A was reported to be dysregulated in atopy and asthma, where, similarly to atherosclerosis, inflammation is a prominent element of the disease (Yick et al., 2014). During asthma progression, airway undergoes a process of remodeling similar to atherosclerotic vascular wall transformation (Fixman et al., 2007). Recently, FAM129A was presented as an asthma steroid response modulator (McGeachie et al., 2018). This suggests, that similar pathologic mechanism, connecting epigenetic regulation of FAM129A expression, inflammation, and steroid metabolism, may play role in asthma and LEAD.

			Pathological processes in LEAD manifest in different manner, following different pathways depending on the particular case scenario, which is not surprising as in a multifactorial disease comprising a plethora of environmental, genetic, and epigenetic factors. It is still unknown, how miRNA expression or influence of environmental factors may affect different presentation of the disease, warranting more research on those mechanisms.

			In order to compare our data with current knowledge we have collected literature data in Supplementary Table 14. Surprisingly, out of 26 microRNA and 14 mRNA genes only seven microRNAs (let-7f-1-3p, miR-122, miR-34a-3p, miR-21-5p, miR-30e-3p, miR-125b-5p, miR-423-3p) overlapped with literature data as being important in atherosclerotic process. This could be easily explained by deep differences in methodology of studies performed to date. One can notice, that differences exist in almost all aspects of studies designs (please refer to Supplementary Table 14 and Supplementary Material). Taken together, that will make direct comparison of data and scientific reasoning difficult and may explain mayor differences observed.

			Although our research provides new elements of knowledge about application of miRNA and genes as biomarkers in LEAD, we are aware of several limitations:

			1.	It remains uncertain whether alterations of proposed biomarkers were predictive of or responsive to LEAD development.

			2.	PBMCs represent a heterogeneous pool of various cell subpopulations (lymphocytes, monocytes), which may differ in miRNA and gene expression patterns. To evaluate potential impact of those nuances we made deconvolution of miRNA and gene expression data. Results suggest minor influence of PBMCs subpopulations composition on sequencing outcome (Supplementary Figures 9 and 12). However, one considers further investigations of these differences.

			3.	Although the selected changes in microRNA and genes expression levels were highly significant (P < 0.0001 for miRNA, Benjamini-Hochberg correction, UVE-PLS confirmation), studies with larger cohorts should be performed to confirm our results.

			4.	Participants subjected to transcriptomic analysis represent only a part of population for miRNA expression analysis, what may provide not comprehensive data of gene signatures in LEAD.

			5.	Significant differences in sex, age, BMI, and smoking habits between LEAD and control groups as well as other factors in LEAD group, such as co-existing diagnoses (i.e. type 2 diabetes mellitus, other cardiovascular diseases) and medications could influence the outcome.

			6.	Majority of miRNA:gene interactions in presented miRNA regulatory network had a putative character and require further in vitro and in vivo validation in external studies

			In the light of these limitations, further investigations in larger cohort studies are needed to validate discriminative capability of found biomarkers and to explore their biological relevance. Detailed description of environmental, behavioral, and clinical factors of studied subjects would allow shedding more light on the complexity of LEAD pathology.

			


Data Availability Statement

			All datasets generated for this study are included in the Data Sheet2_v1.xlsx file and can be found in the FigShare repository  https://doi.org/10.6084/m9.figshare.9918773.v3

			


Ethics Statement

			The studies involving human participants were reviewed and approved by Ethics Committee at Medical University of Lublin (decision No. KE-0254/341/2015). The patients/participants provided their written informed consent to participate in this study.

			


Author Contributions

			AB-K and JK conceived and designed the study and coordinate the research team. TZ and MF performed data collection, examination of the patients, and provided biological material for the study. AS provided equipment for next generation sequencing and technical support for the study. DZ, KR, and PK performed biological material preparation and next generation sequencing. AB-K, DZ, KR, ŁK, and JB performed data analysis. AB-K, DZ, KR, DG, and MF wrote the manuscript. All the authors read and approved the final manuscript.

			


Funding

			This work was supported by Statutory Funds of the Medical University of Lublin (DS43 to AB-K) provided by the Polish Ministry of Science and Higher Education for Medical University of Lublin, Poland.

			


Acknowledgments

			The research was performed using the equipment purchased within the Project “The equipment of innovative laboratories doing research on new medicines used in the therapy of civilization and neoplastic diseases” within the Operational Program Development of Eastern Poland 2007-2013, Priority Axis I Modern Economy, Operations I.3 Innovation Promotion.

			


Supplementary Material

			The Supplementary Material for this article can be found online at:  https://www.frontiersin.org/articles/10.3389/fgene.2019.01200/full#supplementary-material

			


References

			Aboyans, V., Ricco, J. B., Bartelink, M. E. L., Björck, M., Brodmann, M., and Cohnert, T. (2018). 2017 ESC guidelines on the diagnosis and treatment of peripheral arterial diseases, in collaboration with the european society for vascular surgery (ESVS): document covering atherosclerotic disease of extracranial carotid and vertebral, mesenteric, renal, upper and lower extremity arteries endorsed by: the european stroke organization (ESO) the task force for the diagnosis and treatment of peripheral arterial diseases of the european society of cardiology (ESC) and of the european society for vascular surgery (ESVS). Eur Heart J. 39, 763–816. doi: 10.1093/eurheartj/ehx095

			Al-Kafaji, G., Al-Mahroos, G., Abdulla Al-Muhtaresh, H., Sabry, M. A., Abdul Razzak, R., and Salem, A. H. (2010). Circulating endothelium-enriched microRNA-126 as a potential biomarker for coronary artery disease in type 2 diabetes mellitus patients. Biomarkers. 22, 268–278. doi: 10.1080/1354750X.2016.1204004

			Brevetti, G., Giugliano, G., Brevetti, L., and Hiatt, W. R. (2010). Inflammation in peripheral artery disease. Circulation. 122, 1862–1875. doi: 10.1161/CIRCULATIONAHA.109.918417

			Bronze-da-Rocha, E. (2014). MicroRNAs expression profiles in cardiovascular diseases. BioMed Res. Int. 2014, 985408. doi: 10.1155/2014/985408

			Centner, V., Massart, D. L., de Noord, O. E., de Jong, S., Vandeginste, B. M., and Sterna, C. (1996). Elimination of uninformative variables for multivariate calibration. Anal Chem. 68, 3851–3858. doi: 10.1021/ac960321m

			Chen, H. H., and Stewart, A. F. (2016). Transcriptomic signature of atherosclerosis in the peripheral blood: fact or fiction?. Curr Atheroscler Rep. 18, 77. doi: 10.1007/s11883-016-0634-x

			Cipollone, F., Felicioni, L., Sarzani, R., Ucchino, S., Spigonardo, F., and Mandolini, C. (2011). A unique microRNA signature associated with plaque instability in humans. Stroke. 42, 2556–2563. doi: 10.1161/STROKEAHA.110.597575

			Dolz, S., Górriz, D., Tembl, J. I., Sánchez, D., Fortea, G., and Parkhutik, V. (2017). Circulating MicroRNAs as novel biomarkers of stenosis progression in asymptomatic carotid stenosis. Stroke. 48, 10–16. doi: 10.1161/STROKEAHA.116.013650

			Dong, J., Liang, Y. Z., Zhang, J., Wu, L. J., Wang, S., and Hua, Q. (2017). Potential Role of Lipometabolism-Related MicroRNAs in peripheral blood mononuclear cells as biomarkers for coronary artery disease. J Atheroscler Thromb. 24, 430–441. doi: 10.5551/jat.35923

			Fichtlscherer, S., De Rosa, S., Fox, H., Schwietz, T., Fischer, A., and Liebetrau, C. (2010). Circulating microRNAs in patients with coronary artery disease. Circ Res. 107, 677–684. doi: 10.1161/CIRCRESAHA.109.215566

			Finotello, F., Mayer, C., Plattner, C., Laschober, G., Rieder, D., and Hackl, H. (2019). Molecular and pharmacological modulators of the tumor immune contexture revealed by deconvolution of RNA-seq data. Genome Med. 11, 34. doi: 10.1186/s13073-019-0638-6

			Fixman, E. D., Stewart, A., and Martin, J. G. (2007). Basic mechanisms of development of airway structural changes in asthma. Eur Respir J. 29, 379–389. doi: 10.1183/09031936.00053506

			Fowkes, F. G., Aboyans, V., Fowkes, F. J., McDermott, M. M., Sampson, U.  K., and Criqui, M. H. (2017). Peripheral artery disease: epidemiology and global perspectives. Nat Rev Cardiol. 14, 156–170. doi: 10.1038/nrcardio.2016.179

			Friesema, E. C., Jansen, J., Jachtenberg, J. W., Visser, W. E., Kester, M. H., and Visser, T. J. (2008). Effective cellular uptake and efflux of thyroid hormone by human monocarboxylate transporter 10. Mol Endocrinol. 22, 1357–1369. doi: 10.1210/me.2007-0112

			Hamburg, N. M., and Creager, M. A. (2017). Pathophysiology of intermittent claudication in peripheral artery disease. Circ J. 81, 281–289. doi: 10.1253/circj.CJ-16-1286

			Hamburg, N. M., and Leeper, N. J. (2015). Therapeutic potential of modulating microrna in peripheral artery disease. Curr Vasc Pharmacol. 13, 316–323. doi: 10.2174/15701611113119990014

			Han, H., Qu, G., Han, C., Wang, Y., Sun, T., and Li, F. (2015). MiR-34a, miR-21 and miR-23a as potential biomarkers for coronary artery disease: a pilot microarray study and confirmation in a 32 patient cohort. Exp Mol Med. 47, e138. doi: 10.1038/emm.2014.8

			Hansen, K. D., Wu, Z., Irizarry, R. A., and Leek, J. T. (2011). Sequencing technology does not eliminate biological variability. Nat Biotechnol. 29, 572–573. doi: 10.1038/nbt.1910

			Hoekstra, M., van der Lans, C. A., Halvorsen, B., Gullestad, L., Kuiper, J., and Aukrust, P. (2010). The peripheral blood mononuclear cell microRNA signature of coronary artery disease. Biochem Biophys Res Commun. 394, 792–797. doi: 10.1016/j.bbrc.2010.03.075

			Huang, D. W., Sherman, B. T., and Lempicki, R. A. (2009a). Bioinformatics enrichment tools: paths toward the comprehensive functional analysis of large gene lists. Nucleic Acids Res. 37, 1–13. doi: 10.1093/nar/gkn923

			Huang, D. W., Sherman, B. T., and Lempicki, R. A. (2009b). Systematic and integrative analysis of large gene lists using DAVID bioinformatics resources. Nat Protoc. 4, 44–57. doi: 10.1038/nprot.2008.211

			Huang, S., Chen, M., Li, L., He, M., Hu, D., and Zhang, X. (2014). Circulating MicroRNAs and the occurrence of acute myocardial infarction in Chinese populations. Circ Cardiovasc Genet. 7, 189–198. doi: 10.1161/CIRCGENETICS.113.000294

			Ichiki, T. (2010). Thyroid hormone and atherosclerosis. Vascul Pharmacol. 52, 151–156. doi: 10.1016/j.vph.2009.09.004

			Jiang, Y., Wang, H. Y., Li, Y., Guo, S. H., Zhang, L., and Cai, J. H. (2014). Peripheral blood miRNAs as a biomarker for chronic cardiovascular diseases. Sci Rep. 4, 5026. doi: 10.1038/srep05026

			Karakas, M., Schulte, C., Appelbaum, S., Ojeda, F., Lackner, K. J., and Münzel, T. (2017). Circulating microRNAs strongly predict cardiovascular death in patients with coronary artery disease-results from the large atherogene study. Eur Heart J. 38, 516–523. doi: 10.1093/eurheartj/ehw250

			Kim, D., Sung, Y. M., Park, J., Kim, S., Kim, J., and Park, J. (2016). General rules for functional microRNA targeting. Nat Genet. 48, 1517–1526. doi: 10.1038/ng.3694

			Leeper, N. J., Kullo, I. J., and Cooke, J. P. (2012). Genetics of peripheral artery disease. Circulation. 25, 3220–3228. doi: 10.1161/CIRCULATIONAHA.111.033878

			Leistner, D. M., Boeckel, J. N., Reis, S. M., Thome, C. E., De Rosa, R., and Keller, T. (2016). Transcoronary gradients of vascular miRNAs and coronary atherosclerotic plaque characteristics. Eur Heart J. 37, 1738–1749. doi: 10.1093/eurheartj/ehw047

			Li, T., Cao, H., Zhuang, J., Wan, J., Guan, M., and Yu, B. (2011). Identification of miR-130a, miR-27b and miR-210 as serum biomarkers for atherosclerosis obliterans. Clin Chim Acta. 412, 66–70. doi: 10.1016/j.cca.2010.09.029

			Li, S. H., Su, S. Y., and Liu, J. L. (2015). Differential regulation of microRNAs in patients with ischemic stroke. Curr Neurovasc Res. 12, 214–221. doi: 10.2174/1567202612666150605121709

			Love, M. I., Huber, W., and Anders, S. (2014). Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. 15, 550. doi: 10.1186/s13059-014-0550-8

			Lu, Y., Thavarajah, T., Gu, W., Cai, J., and Xu, Q. (2018). Impact of miRNA in Atherosclerosis. Arterioscler Thromb Vasc Biol. 38, e159–e170. doi: 10.1161/ATVBAHA.118.310227

			McCarthy, D. J., Campbell, K. R., Lun, A. T. L., and Willis, Q. F. (2017). Scater: pre-processing, quality control, normalisation and visualisation of single-cell RNA-seq data in R. Bioinformatics. 33, 1179–1186. doi: 10.1093/bioinformatics/btw777

			McGeachie, M. J., Clemmer, G. L., Hayete, B., Xing, H., Rung, K., and Wu, A. C. (2018). Systems biology and in vitro validation identifies family with sequence similarity 129 member A (FAM129A) as an asthma steroid response modulator. J Allergy Clin Immunol. 142, 1479–1488. doi: 10.1016/j.jaci.2017.11.059

			Mehmood, T., Hovde, K. H., Liland Snipen, L., and Sæbø, S. (2012). A review of variable selection methods in Partial Least Squares Regression. Chemometr Intell Lab Syst. 118, 62–69. doi: 10.1016/j.chemolab.2012.07.010

			Mohr, S., and Liew, C. C. (2007). The peripheral-blood transcriptome: new insights into disease and risk assessment. Trends Mol Med. 13, 422–432. doi: 10.1016/j.molmed.2007.08.003

			Mukherji, S., Ebert, M. S., Zheng, G. X., Tsang, J. S., Sharp, P. A., and van Oudenaarden, A. (2011). MicroRNAs can generate thresholds in target gene expression. Nat Genet. 43, 854–859. doi: 10.1038/ng.905

			Norgren, L., Hiatt, W. R., Dormandy, J. A., Nehler, M. R., Harris, K. A., Fowkes, F. G., et al. (2007). Inter-society consensus for management of peripheral arterial diseases (TASCII). J Vasc Surg. 45 Suppl S, S5–S67. doi: 10.1016/j.jvs.2006.12.037

			Patino, W. D., Mian, O. Y., Kan, J. G., Matoba, S., Bartlett, L. D., and Holbrook, B. (2005). Circulating transcriptome reveals markers of atherosclerosis. PNAS. 102, 3423–3428. doi: 10.1073/pnas.0408032102

			Pizzamiglio, S., Zanutto, S., Ciniselli, C. M., Belfiore, A., Bottelli, S., and Gariboldi, M. (2017). A methodological procedure for evaluating the impact of hemolysis on circulating microRNAs. Oncol Lett. 13, 315–320. doi: 10.3892/ol.2016.5452

			Qi, Y., Kapterian, T. S., Du, X., Ma, Q., Fei, W., and Zhang, Y. (2016). CDP-diacylglycerol synthases regulate the growth of lipid droplets and adipocyte development. J Lipid Res. 57, 767–780. doi: 10.1194/jlr.M060574

			Raitoharju, E., Lyytikäinen, L. P., Levula, M., Oksala, N., Mennander, A., and Tarkka, M. (2011). miR-21, miR-210, miR-34a, and miR-146a/b are up-regulated in human atherosclerotic plaques in the Tampere Vascular Study. Atherosclerosis. 219, 211–217. doi: 10.1016/j.atherosclerosis.2011.07.020

			Rajewsky, N. (2006). microRNA target predictions in animals. Nat Genet. 38 Suppl, S8–S13. doi: 10.1038/ng1798

			Ren, J., Zhang, J., Xu, N., Han, G., Geng, Q., and Song, J. (2013). Signature of circulating microRNAs as potential biomarkers in vulnerable coronary artery disease. PLoS One 8, e80738. doi: 10.1371/journal.pone.0080738

			Robin, X., Turck, N., Hainard, A., Tiberti, N., Lisacek, F., and Sanchez, J. C. (2011). pROC: an open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinformatics 12, 77. doi: 10.1186/1471-2105-12-77

			Ru, Y., Kechris, K. J., Tabakoff, B., Hoffman, P., Radcliffe, R. A., and Bowler, R. (2014). The multiMiR R package and database: integration of microRNA–target interactions along with their disease and drug associations. Nucleic Acids Res. 42, e133. doi: 10.1093/nar/gku631

			Rupaimoole, R., and Slack, F. J. (2017). MicroRNA therapeutics: towards a new era for the management of cancer and other diseases. Nat Rev Drug Discov. 16, 203–222. doi: 10.1038/nrd.2016.246

			Shankar, A., Li, J., Klein, B. E., Nieto, F. J., and Klein, R. (2008). Serum gamma-glutamyltransferase level and peripheral arterial disease. Atherosclerosis. 199, 102–109. doi: 10.1016/j.atherosclerosis.2007.10.009

			Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., and Ramage, D. (2003). Cytoscape: a software environment for integrated models of biomolecular interaction networks. Genome Res. 13, 2498–2504. doi: 10.1101/gr.1239303

			Signorelli, S. S., Volsi, G. L., Pitruzzella, A., Fiore, V., Mangiafico, M., and Vanella, L. (2016). Circulating miR-130a, miR-27b, and miR-210 in patients with peripheral artery disease and their potential relationship with oxidative stress. Angiology. 67, 945–950. doi: 10.1177/0003319716638242

			Sigvant, B., Hasvold, P., Kragsterman, B., Falkenberg, M., Johansson, S., and Thuresson, M. (2017). Cardiovascular outcomes in patients with peripheral arterial disease as an initial or subsequent manifestation of atherosclerotic disease: Results from a Swedish nationwide study. J Vasc Surg. 66, 507–514.e1. doi: 10.1016/j.jvs.2017.01.067

			Stather, P. W., Sylvius, N., Wild, J. B., Choke, E., Sayers, R. D., and Bown, M. J. (2013). Differential microRNA expression profiles in peripheral arterial disease. Circ Cardiovasc Genet. 6, 490–497. doi: 10.1161/CIRCGENETICS.111.000053

			Sturm, G., Finotello, F., Petitprez, F., Zhang, J. D., Baumbach, J., and Fridman, W. H. (2019). Comprehensive evaluation of transcriptome-based cell-type quantification methods for immuno-oncology. Bioinformatics 35, i436–i445. doi: 10.1093/bioinformatics/btz363

			Timmons, J. A., Szkop, K. J., and Gallagher, I. J. (2015). Multiple sources of bias confound functional enrichment analysis of global -omics data. Genome Biology 16, 186. doi: 10.1186/s13059-015-0761-7

			Vegter, E. L., Ovchinnikova, E. S., van Veldhuisen, D. J., Jaarsma, T., Berezikov, E., and van der Meer, P. (2017). Low circulating microRNA levels in heart failure patients are associated with atherosclerotic disease and cardiovascular-related rehospitalizations. Clin Res Cardiol. 106, 598–609. doi: 10.1007/s00392-017-1096-z

			Vogiatzi, G., Oikonomou, E., Deftereos, S., Siasos, G., and Tousoulis, D. (2018). Peripheral artery disease: a micro-RNA-related condition? Curr Opin Pharmacol. 39, 105–112. doi: 10.1016/j.coph.2018.04.001

			Wang, N., Gong, T., Clarke, R., Chen, L., Shih, I. M., and Zhang, Z. (2015). UNDO: a Bioconductor R package for unsupervised deconvolution of mixed gene expressions in tumor samples. Bioinformatics. 31, 137–139. doi: 10.1093/bioinformatics/btu607

			Yick, C. Y., Zwinderman, A. H., Kunst, P. W., Grünberg, K., Mauad, T., and Chowdhury, S. (2014). Gene expression profiling of laser microdissected airway smooth muscle tissue in asthma and atopy. Allergy 69, 1233–1240. doi: 10.1111/all.12452

			Zampetaki, A., Willeit, P., Drozdov, I., Kiechl, S., and Mayr, M. (2012). Profiling of circulating microRNAs: from single biomarkers to re-wired networks. Cardiovasc Res. 93, 555–562. doi: 10.1093/cvr/cvr266

			Zho, X., Yuan, P., and He, Y. (2012). Role of microRNAs in peripheral artery disease (review). Mol Med Rep. 6, 695–700. doi: 10.3892/mmr.2012.978

			Conflict of Interest: AB-K, DZ, KR, AS, TZ, MF, and JK are co-authors of patent application “New miRNA markers of arterial atherosclerosis and application of miRNA markers to diagnosis of arterial atherosclerosis” No. P. 424674, submitted to Polish Patent Office.

			The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

			Copyright © 2019 Bogucka-Kocka, Zalewski, Ruszel, Stępniewski, Gałkowski, Bogucki, Komsta, Kołodziej, Zubilewicz, Feldo and Kocki. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

		
		


OEBPS/Images/Figure_3.png
® P<0.0001 ¢ 0.05>P>0.0001 e P>0.05

o SLCAATD
15
.
g 10 NRCAM
=1 \ cose FAM129A
=4 7&; 2scante
2 1 FBLN2 AKS
Tewcimy
S PDETA cos2
e o ° bsicrm i bl
o 2u9%0® 1ssETs,
0
2 -1 0 1 2
Log2(Fold change)

Group

LEAD
rﬁl‘r‘rﬁ Control
EEERERREREEEN Group 4

cps2
RP11-545E17.3
FAM120A 05
GGT1
PDE7A
SLC12A2 0
AKS
2SCAN18 05

CD248
SLC4A10
NOG
NRCAM
FBLN2
SLC16A10

Cc

080604020002040608






OEBPS/Images/fgene.2019.01200_cover.jpg
’ frontiers
in Genetics

Dysregulation of MicroRNA
Regulatory Network in Lower
Extremities Arterial Disease





OEBPS/Images/Figure_1.png
| 4 j
oA A M LY
Movee) Voo Vond ronad Yo o .






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Dysregulation of MicroRNA Regulatory Network in Lower Extremities Arterial Disease

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Study Population Characteristics

          



          		

            Study Material Preparation

          



          		

            miRNA Sequencing

          



          		

            Transcriptome Sequencing

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Study Population Analysis

          



          		

            Primary Results

          



          		

            Differential Expression Analysis of miRNA

          



          		

            Differential Expression Analysis of Genes

          



          		

            In Silico Identification of miRNA: Gene Interactions

          



          		

            Functional Analysis of miRNA Targets

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/Figure_4.png





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
No.  mIRNA transcript
Uprogulated miRNA transeripts

: heami-34a_ heamA-34a-p

2 Psami-122_hsami-122:5p.

3 Peami3501_hsamR3591-3p
. Psami-34a_hsa MR 34a3p

. Peamic1261_hsamiR-1261

. Psami-21_hsamR-21-5p

2 Pami-15a hsamR-15a-5p

. Psami-5480:2_hsamR-5480-5p.
0. Peamic-34b_hsamiR.34b-5p.

10, hamid2s hsamAa243p

1. hsamic196a2 hsamR 196a5p
2. rsamic5igaal heamR-5ita
18 headkl7i1 healet71-1-3p

6. hsamicSi8Lhsami 54813
5. hsamiedi2d heamR-4423-p
6. hsami196a1 hsamA-196aSp
7. hsami5480-1_hsamR5480:5p
Downregulated miRNA transcripts

1 Peami-330_hsamiR-330.3p.
2 Peamie-766_hsa miR 766.3p.

3 Pea-mir300_heamR-306-3p

. Pami-1250-2_hsamR-1250:5p.
. Peamic-1301_hsamiR-1301-3p
. Pami-1250-1_hsarmiR1250-5p.
. Psami-3184_hsamR3184-5
. Peami.423_hsamiR423.3p

0 Peami-339_hsa miR 330.3p.

0. hsame1382 hamR138-5p
M. hsamco% hsamR99adp

12 hsamie6087 heamiR.6087

MIRNA 1D

heamA3tasy
heamR.1226p
hsamA-35913p
hsamR-3dadp
heamR-1261
hsamR21-5p
hsamA-15a5p
heamR.548:5p
hsamA-340-5p
heamR.a24.3p
heamR-1962.5p
heamA-5480a
hsakt71.1-3p
hsamR-548t-3p.
hsamR.4423.3p
hsamR-1962.5p
heamR.5480.5

heamA303p
heamR-7653p
heamR-30edp
hsamR-1250-5p
heamA-13013p
heamR.1250-5p
hsamA3184-5p
hsamR.a233p
heamR303p
heamR-138.5p
heamA90adp
hsamA-6087

13

150618
109609
109609
194608
706607
729607
864E0T
190606
21406
254806
436506
836506
149605
245605
285605
342605
720605

37300
226600
154608
35407
s92E07
104608
259606
250606
36506
405605
704605
846505

Fold change.

24673
2275
22749
2699
17390
13550
13023
14763
23585
18192
s
14138
13152
14475
38730
30091
14049

07264
o585
06616
05270
06743
05256
07722
oz
07448
0.585
0.4%06
03240

PLS coefficient

43002
322602
321802
37902
198802
746503
112602
104602
221602
128602
391E02
682603
83903
790E0
369E02
30102
706603

102602
-1.456.02
138602
210602
162602
169602
779608
779603
20102
~a17€02
192602
260602

ROC-AUC

0697
05079
05079
09053
0891
05237
05250
08724
08776,
08329
08853
08579
08st6.
0874
08276,
08132
08108

0316,
09579
09118,
05013
09066,
08789
09026,
09039
08763
08224
08079
ogert

ccording o mRBasa 22 PipsAwwmibase o). Th ab pesonts Pvaves (FORwih Borjami: Hochberg comocton) anct 10 changes 0bained rom DESeq2 andyss,
PLS costiciets obtaiad fom UVE:PLS analys's and areas uner ROC curves (ROCAUC)resule o ROC anaysi. MANA ansers wero el o tprogdated and
arvmoniiniel sitatia e Sl s seosdine 35 nmisiic Pk





OEBPS/Images/table4.jpg
Functional analysis of upregulated genes (CDS2, FAM1294)
KEGG, Roactome, GAD and GAD Class terms
Gene Torms

cos2 KEGG: Gycerophospholid metaboss, phosphatidyinosiol sgnaing system, melabol patiays
Reactome: Synthesis of PG (phosshaticioycerc)
‘GAD: Type 2 Diabetesjedemalrosigazons, tobacco use dsorder
‘GAD class: Pharmacogenamic, chemdependency
FaM1298 ‘GAD: Insun resistance, nsuin, celac diseaso, echocardogaphy
‘GAD class: Immune, cardorascur, metabolc:

Gane Ontology tems associted with both CDS2 and FAM129A
Category Torms

GO biologial prosess  Phospriate-containing Compound metabol process. phosphonus metabolc process, celular syt rocess, organic substance
biosynthetc pocess, biosynthetc ocess, membrans, cloplasm, celar metabol process, Ty Metabolc process, organi Substnce.
metabolc process, metabolc process:

GO caluar component. Membrane, cytoplas, ol ar metabolc proes, primary metabolc process, rganc Substance metabalc process, metabolc process,
membrane:bounded organee, organele, ntraceluar par, ntracelua, ool part

Functional analysis of downreguiated genes (AKS, ZSCAN1S, NOG, FBLN2, NRCAM, PDETA, SLC1242, SLCTGATO, SLC9ATO)

KEGG, Risactome, GAD and GAD Class terms

Gene Torms

oLz Roactome: Mclecuies associatod wih eastic fbors
‘GAD: Porsonalty, Azhemer disease, hemaglobis, acobol, Kney aging
‘GAD class: Chemdependency, psych, neuroogic, aging, hematological
NROAM KEGG: Col achesion mlecuies (CAME)
Roactome: Neurolascininferactons, bicarbonato transportes, NIGAM iteractions, interacion between L1 and ankyrins
‘GAD: Schizopivenia tcbacco use Sorder,auts, mathematics abiy, autism obsessive compusive disordar, several peychiatic dsorders
‘GAD class: chemdependoncy, psych, oher
PoE7A KEGG: Puine metabolsm, Morphine aclction
Reactome: G apha () sgnaing events
‘GAD: Hemoglotns, HIV1, obacco use isorder, type 2 dabetesiedomaliosgitazons
‘GAD class: Chemdepandency. hematologica, rfecton, phaacogenomic
serzne KEGG: Pancreate secroton, Vibio cholea nfection, salvary secreion
Reactome: Caton-coupied chiords cotransporters
‘GAD: Schizophvensa, 10baced uso dsorder, body weghts and meastres, cec disease, myocardialnfarcton, brain imaging n schzophvenia
(nteraction), Carcinoid tumos, hearing oss noise-nduced
‘GAD class: Chemdependency. psych, ther, neurologica, metabolc, cance, Grdiovasculs immune

sLereato KEGG: Protei digestion and absorpton, thyroid hormone signalng pattiay Reactome: ATino acd transport acoss the plasa membrane
‘GAD: Choestera LDL
‘GAD class: Metaboic

stowto Reactome: Bcarbonato transparters

‘GAD: Tobacoo usa disorde, faucoma cpen-ange, hepats Clremisson spantancous.
‘GAD Class: Chemdependency, ision,inecion
s KEQG: Puine metabossm, metabolc pathiays, iosynthesis of antoiotcs
Roactome: rterconvorsion of nudeatide - and riphosphates
‘GAD: Heart faur, oukocyte count, sodiu, sioke, (0ba0c0 use Gsordr
‘GAD class: Cardovascusr, chemdependency, hematological, metabaic, neurlogical
NOG. KEGG: TGF-beta signalng pavay
Reactome: Sgnaing by BVIP (Bone morphogeneti protens)
‘GAD: Atoumis, body height, bone mineral censiy et i, gamma-gutamycycioransierase, height, neural tbe defets, nonsyndromic it
59 vith orwithoutcleft plat, obesiy POF—premature ovarian faleelpolyystic ovaran syndromelpolyystic ovary syndromelprimary ovarian
insuffciencylpuberty, delayedpubery, precocious|hvombophiialobacco use dsorder 05180poroSis
‘GAD class: dereiopmental, metaboic
zscants KEGG: Puine metabolsm, mrphing aclcion
Reactome: G aoha () signaing events
‘GAD: Hemoglobins, HIV1, t0bacco use disordar, type 2 dabetesiedomaliosgitazons
‘GAD class: chemdependency hemalologial infection, pharracogenoics.
Gane Ontology toms associted withat east o gones [EASE score < 0.1)
Category Torms

GO biologiatprosess  Anion transport developmentalgrowh, chiorde transport cenial nenvous syste dvelopment, NGarc ankon anspor, oW, neuron
skt Faadition of ol st Sk tiasanamrsiian Sarnt-andkis ln enast:






OEBPS/Images/Figure_2.png
A * P<0.0001 + 0.05>P>0.0001 ¢ P>0.05 B
c

microRNA transcript
hsa-mir-342_hsa-miR-342-5p
hsa-mir-122_hsa-miR-122-5p
hsa-mir-3591_hsa-miR-3591-3p
hsa-mir-330_hsa-miR-330-3p
-766_hsa-miR-766-3p
-30e_hsa-miR-30e-3p
-34a-3p
hsa-mir-125b-2_hsa-miR-125b-5p
hsa-mir-1301_hsa-miR-1301-3p
hsa-mir-486_hsa-miR-486-5p
hsa-mir-486-2_hsa-miR-486-3p
hsa-mir-1261_hsa-miR-1261
hsa-mir-21_hsa-miR-21-5p
hsa-mir-15a_hsa-miR-15a-5p
hsa-mir-125b-1_hsa-miR-125b-5p
hsa-mir-486_hsa-miR-486-3p.
hsa-mir-486-2_hsa-miR-486-5p
hsa-mir-5480-2_hsa-miR-548d-5p

ode
-l 1
2
3
4
5
6
7
8
9
10
1
12
13
14
15
16
17
18
19 hsa-mir-34b_hsa-miR-34b-5p
20
21
22
23
24
25
26
27
28
29
30
31
32
33

15

hoa-mir-424_hsa-miR 424.3p
hsa-mir-423_hsa-miR-423-3p
hsa-mir-3184_hsa-miR-3184-5p
hsa-mir-339_hsa-miR-339-3p
hsa-mir-196a-2_hsa-miR-196a-5p
hsa-mir-548aa-1_hsa-miR-548aa
hsa-let-7f-1_hsa-let-7f-1-3p
hsa-mir-548¢_hsa-miR-548t-3p
hsa-mir-4423_hsa-miR-4423-3p
hsa-mir-196a-1_hsa-miR-196a-5p
hsa-mir-138-2_hsa-miR-138-5p
hsa-mir-99a_hsa-miR-99a-3p
hsa-mir-548d-1_hsa-miR-548d-5p

25

0.0
Log2(Fold change)

Cc Group

LEAD
Control

hsa-mir-6087_hsa-miR-6087
0.5
0
-0.5
> D
15 © LEAD e Control

PC3






OEBPS/Images/table3.jpg
Gene symbol

Upreguiated genes
FAMI298

oaT1

cos2
RPI1-546€17.3

Gene name

Famiy wih saquence Smiary 129 member A
Gamma-gtamyransioraso 1
COP-dacyghoerdtsynthase 2

Downreguiated genes

sciro
NRCAM
cozis
NOG
zscanis
BNz
A5
sLci6a10
PDE7A
scizne

‘Saute carir famiy 4 member 10
Noueonal col adhesion molecuo.

C0248 molecule

Nogogn

Znc fnger and SCAN Domai containing 18
Foun2

Adonyato inaso 5

‘Solte carie famiy 16 member 10
Phosphodiesterase 7A

‘Souto carr famiy 12 merber 2

278508
67805
30204
290802

700618
273600
749608
20807
141606
55406
157605
617605
387601
1A7E0

Fold change.

15091
16811
12174
17321

02448
0302
oz241
03390
05774,
03028
o5tz
04752
o718s
07812

PLS coefficient

201608
194603
B69E.04
120608

587603
371603
450803
Ry
230603
348803
260603
260603
-1.19€.03
-1.108.03

ROC-AUC

1000
1000
o2
1000

1000
1000
1000
1000
1000
1000
1000
o2
0964
1000

Tho tablo resents P vaks (FOR wih Bonjain-Hoshborgcorocton) and 10 change btaned o DESoq2 analyss, PLS coafens obtanod fom UVE-PLS anaysis ant
amas tacher AOC curves ROC-ALIC) resuted Som ACIC enabals. Ganes wars.ctiect it Lomcedated end conmeauisied 0r0uDe and ardersd accoriad ic Rceesha Prake.





OEBPS/Images/logo.jpg
, frontiers
in Genetics





OEBPS/Images/table4b.jpg
sy ot ol et iy oo e b et A e St s e e e okl
acty,symportor acity, substate-specic ansmembrana tansportr actty, ransmembrana tansporter actity, anon transmombiane
transporter actity, substate-specfic vansporte activty

GO cekiar component Integralcompanent of pisma membrane, intinsic component of plasma membrane, plasma membrane regon, basolatera plasma
membrane, plasma membxane part

Aty was peformod usng DAVID 6.8 dtabaso and catogors nckeing Kyoto Encycopediaof Gonss and Gonomes (KEGG, Roactoma, Genets Assosition Databass (GAD),
Glenetic Atsochiion Datsbase Ciase (AD Claest. aadl Giene ooy (GO,





OEBPS/Images/table1.jpg
Characteristic

Age

Body Mass Index

Smoking

Gendor: Malo

Gendr: Female

indication or intorvention

Ruthetord catogory 2
Rutheford catogory 3

ial caudicaton distance (m)
poido-brachial index

Lengih of occiusion em)

Plaque localization

o arery
Femora artery
Popitealarery

o and femoral artery
Femoral and popiteal arery

Risk factors and cardiovascular comorbiditios

Coronary disease
Myocarca infarcion

Diabetes type 2

Stroke Transentschemic attack
Hypertension
Hyperchoesteroemia
Medication

Statns
Acetysaloic acd

Clopidogrel

Beta-adtenergc blockers
pngotensin-conveting enzyme ihibitor
Cat channelblockers

Fbxatos

Mettormin

oan 50, range.

LEAD population (n = 40)

57.682082 43-71"
27,17 £ 2621 21.94-31.6
22(55%)
3567.5%
5025%)

34(65%)
6(15%)
163,63 2 301" 90-200'
0683 10,049 059-08"
112525113251

707.5%

25(625%

5025%
1(25%)
26%)

1127.5%)
820%)
5025%
2(6%)
36(90%)
31075%

34 (65%)
40(100%)
820%)
27675%
20(50%)
11@7.5%
5(25%
26%)

‘Control population (n = 19)

3658 0,07 24-55'
23122395 1933-626'
0(0%)

Qw7
10(3%)

$3%%F 23F%%

£3%33%

£2%%%38%

P

1312607
1729504
1.4626.04
2800606

Sttistical siriicanco (P of oroncos botwoon gr0ups inago anc B waro Gutaminod usig s doc Mam Wity U tst. Sasical sgtcanco () of iaoncos nsux and

smoking habis weve defemined using Chi-Sauars fes!. Missing data were aaidhessed 1o ‘NA*





