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Abstract

:

MicroRNAs (miRNAs) are small non-coding nucleic acids that can regulate post-transcriptional gene expression by binding to complementary sequences of target mRNA. Evidence showed that dysregulated miRNA expression may be associated with neurological conditions such as Alzheimer’s disease (AD). In this study, we combined the results of two independent systematic reviews aiming to unveil the co-expression network of miRNAs and proteins in brain tissues of AD patients. Twenty-eight studies including a total of 113 differentially expressed miRNAs (53 of them validated by qRT-PCR), and 26 studies including a total of 196 proteins differentially expressed in AD brains compared to healthy age matched controls were selected. Pathways analyses were performed on the results of the two reviews and 39 common pathways were identified. A further bioinformatic analysis was performed to match miRNA and protein targets with an inverse relation. This revealed 249 inverse relationships in 28 common pathways, representing new potential targets for therapeutic intervention. A meta-analysis, whenever possible, revealed miR-132-3p and miR-16 as consistently downregulated in late-stage AD across the literature. While no inverse relationships between miR-132-3p and proteins were found, miR-16′s inverse relationship with CLOCK proteins in the circadian rhythm pathway is discussed and therapeutic targets are proposed. The most significant miRNA dysregulated pathway highlighted in this review was the hippo signaling pathway with p = 1.66 × 10−9. Our study has revealed new mechanisms for AD pathogenesis and this is discussed along with opportunities to develop novel miRNA-based drugs to target these pathways.
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1. Introduction


Alzheimer’s disease (AD) is the most common form of dementia. In 2019, there were 5.8 million Americans living with AD [1]. This number is projected to rise to 13.8 million Americans in 2050 and has a worldwide prevalence of 131.5 million [2]. While deaths due to many common age-associated illnesses such as heart disease are declining each year, deaths due to AD increased 146.2% from 2000 to 2018 [3]. Furthermore, the socioeconomic disease burden is huge, 305 billion USD is spent annually on long term and hospice care for AD patients [4]. Supporting patients incurs 18.6 billion care hours from 16 million family members and care workers estimated a 244 billion USD annual loss, not to mention the emotional distress, fatigue, and negative impact on long term health for those carers [5,6]. The risk of developing Alzheimer’s increases with age affecting 3% of 65–74 year olds, 17% of 75–84 year olds, and 35–50% of people over the age of 85 [7]. Two-thirds of AD patients are women—in part due to longer life expectancy but also due to increased genetic risk [7,8]. The disease disproportionately affects those from underprivileged, minority groups with Hispanics and African Americans 1.5 times more likely to develop AD [9,10]. Poor education, co-incidence of cardiovascular disease, lack of exercise, social isolation, and repetitive concussions all increase likelihood of developing the disease [11,12,13,14]. For these reasons, the WHO has defined AD as a world health priority.



The hallmarks of AD are the accumulation of extracellular β-amyloid (Aβ) plaques and intracellular neurofibrillary tangles (NFT) of hyperphosphorylated Tau protein [15,16]. These contribute to progressive, irreversible neurodegeneration in the form of synaptic loss and neuronal apoptosis, along with psychiatric symptoms including memory loss, depression, and anxiety that greatly reduce the independence of an individual and eventually culminate in death. Although the mechanisms contributing to AD pathology are diverse, historically, the research focus has surrounded these two hallmarks which fail to generate a holistic etiology and has hindered meaningful progress in the development of treatments showing the need for wider studies and explanations [16].



Despite the FDA approving the first Alzheimer’s medication recently, which works by clearing out amyloid plaques, it was criticized that the effective reduction of plaque load has not produced commensurate clinical benefits [17]. Currently, there are no disease-modifying therapies that can prevent or slow the progression of AD, and so current treatments focus on the management of symptoms. The lack of success with these drugs may be due to administration late in AD progression, and when neurodegeneration is already widespread and irreversible but may also reflect the centrality of Aβ and Tau independent pathologies [18]. Together, these findings highlight the desperate need to expand the search for drug targets to treat AD. Multiple genetic defects are linked to the development of AD and in 95% of cases the mutations are sporadic. However, homozygous inheritance of Apolipoprotein E 4 (ApoE4) confers a 10–15-fold increase in risk of developing AD due to its weak binding interaction with Aβ and competing with Aβ for binding to the LRP-1 receptor, resulting in reduced clearance [19].



Emerging evidence also suggests that epigenetic mechanisms can contribute to the development of the pathology. Gene–enviroment interactions, nutrients, and toxins can activate or silence gene expression without any alteration on the genome sequence, influencing the phenotype through DNA methylation, histone modification, and microRNA expression. MicroRNAs (miRNAs, miRs) are small non-coding, single-stranded nucleic acids 18–22 nucleotides long. They regulate the expression of more than 60% of coding genes of the human genome by binding to specific sites within the 3′UTR of the target mRNA and leading to mRNA degradation or translation inhibition. Recent studies demonstratethat miRNAs may also promote gene expression by binding the 5′UTR or other parts of mRNA [20,21,22]. Therefore, miRNAs may be implicated in several biological processes, such as proliferation, differentiation [23], development and organization of the CNS, synaptic plasticity, and memory formation [24]. It is therefore unsurprising that miRNA dysregulation has been observed in a plethora of neurodevelopmental, neuropsychiatric, and neurodegenerative disorders from autism to AD [25]. In addition, miRNAs are aberrantly expressed in the AD brain; however, functional assays tend to limit their focus to relating findings to the Aβ or Tau hypothesis [26,27,28,29]. For example, miR-339-5p, miR-107, and miR-29c bind to the 3′ UTR of BACE1 to negatively regulate ß-secretase transcription [30,31]. Each is downregulated in AD which promotes the amyloidogenic cleavage of the APP protein and excessive Aβ production in the AD brain. In vitro studies show that miR-106a/b, miR-17-5p, and miR-20a are able to bind to the 3′UTR of APP mRNA and suppress its transcription. Post-mortem analysis shows that miR-16, miR-152b, and miR-132-3p are upregulated in early AD and likely induce phosphorylation of Tau [32,33].



MiRNA-based therapies are fast gaining recognition as a high potential novel treatment approach due to their high specificity resulting in over 500 patents being taken out in 2018 [34]. Downregulated miRNA can be replaced with synthetic oligonucleotides coined “miRNA mimics”, and the action of over-expressed miRNA can be suppressed through the formulation of anti-sense oligonucleotides known as miRNA suppressors [35]. Furthermore, drugs modulating the activity of miRNA can be packaged into 20–10 nm lipid vesicles or nanoparticles that are under 400 Daltons to facilitate crossing of the BBB making them ideal candidates to treat neurodegenerative diseases in the CNS [36]. While there are no currently approved miRNA therapies on the market, primate trials show that miRNA therapies have high efficacy and low toxicity [37]. This gives hope for miRNA as a high potential drug candidate. As there are currently no disease-modifying therapies for AD, miRNA present an ideal new avenue for treatment research and wider research into protein regulation by miRNA in the AD brain would assist miRNA drug target selection.



To date, there has been no comprehensive review of the crosstalk between miRNA and protein expression in the AD brain. Therefore, in this study, we perform parallel systematic reviews and meta-analyses of miRNA and protein expression in the post-mortem AD brain and combine this with bioinformatic network analysis. In this way, we aim to identify new mechanistic contributions to the pathology of AD and predicted miRNA targets through their inverse expression which can be used to design powerful therapeutic tools.




2. Materials and Methods


2.1. Study Design


Both systematic reviews and meta-analysis were undertaken using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (RPISMA) guidelines [38]. The research question, “To identify the differentially expressed micoRNAs/proteins in Alzheimer’s disease” enabled the generation of focused keywords which were used to search and retrieve relevant records from three databases. Explicit inclusion and exclusion criteria were developed which were used to complete an abstract and full-text screening of the records retrieved to determine those eligible for inclusion. This was done by hand by a primary reviewer and then included articles were checked by a second reviewer (R.T., V.D.P. for miRNA study and J.R., V.D.P. for protein study). Data were extracted and a meta-analysis was performed whenever possible. The miRNAs and proteins identified through the literature search were entered into DIANA or DAVID database, respectively, for in silico bioinformatic analysis of predicted gene targets and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway identification.



2.1.1. Search Strategy


The Population, Intervention, Comparison(s), and Outcome(s) (PICOs) framework for systematic reviews was utilized to define and focus the research question. This Cochrane Collaboration-recommended system ensures that the full scope of evidence is considered within defined parameters and a quantitative investigation of the results can be undertaken.



Population: Humans over the age of 60 from both sexes and all nationalities, who consensually donated their brains to brain banks for scientific research.



Intervention: Diagnosis with AD. Participants must have shown evidence of cognitive impairments during lifetime assessed by a clinician, and AD diagnosis must have been confirmed by a pathologist at autopsy by the prevalence of Aβ plaques and NFT.



Comparisons: Healthy age-matched controls that showed no evidence of cognitive impairment in lifetime and showed none of the hallmarks of AD (or any other neurodegenerative disease) in autopsy analysis.



Outcomes: The fold change in miRNA and protein expression profiles between AD patients and healthy age-matched controls of post-mortem brain tissues.




2.1.2. Search Terms and Databases


In the microRNA systematic review, the following keywords were selected to represent the PICO criteria and combined with Boolean operators to generate the string search: “Alzheimer’s disease” AND “microRNA” or “miRNA” or “miR” and “expression” and “human” and “brain” or “brain parenchyma” or “brain tissue”. In the protein systematic review, the keywords applied to search the databases were “Alzheimer’s Disease”, “Proteins”, “Expression”, and “Human Brain” with the “AND” Boolean operative command between. The search was carried out in three databases, PubMed, EMBASE through Ovid, and Web of Science, in both reviews. A filter was applied to search for records between 2010 to February 2021. This was done to keep the search parameters up to date and in accordance with the recent advancements in miRNA research that forms the opposite side of this network analysis. The records retrieved were collated in Endnote 20 (Clarivate, Philadelphia, PA, USA) where they were screened for duplicates and any identified were removed. The remaining abstracts were then manually assessed for eligibility by two independent reviewers using our predefined inclusion and exclusion criteria outlined in Table 1.




2.1.3. Data Extraction


Data were extracted from the final included studies and imported into Microsoft Excel (Microsoft Corporation, Redmond, WA, USA). In both reviews, the title of the article, authors, and abstract summaries were saved to identify the studies. The number, the mean age, and gender of AD patients and controls were recorded to assess population data and evaluate homogeneity for meta-analysis. Brain regions and methodology were also recorded. MiRNAs or proteins up- or down-regulated in AD brains compared to healthy age-matched controls were recorded (along with fold changes and standard deviations for microRNA review only). Where raw data were unavailable, values were estimated from graphs by copying graphs into ImageJ, Version 1.53a (NIH, Bethesda, MD, USA; https://imagej.nih.gov/ij/, last accessed 7 December 2021) and using the automated ‘grid’ plugin to estimate values on the y-axis.




2.1.4. Quality Appraisal of Papers


The quality of records included in this review were assessed via the AXIS tool and Risk of Bias methodology. The AXIS tool was utilized to critically appraise the quality of the literature identified through the search strategy [39]. The examination framework is comprised of 20 questions that generate “yes”, “no”, or “not applicable” answers to objectively uncover bias in the population, methodology, presentation of results, and repeatability of studies. Specific questions have been developed for each section of the papers to allow a comprehensive overview of each article. Not all questions were applicable to the included papers and as a result, questions 7, 13, and 14 were removed since the included studies did not analyze response rate or perform non-responder analysis. The questions that were removed were: “(7) were measures undertaken to address and categorize non-responders”, “(13) does the response rate raise concerns about non-responder bias?”, “(14) is appropriate, was information about the non-responders described?”.



Each article was given a quality score percentage calculated by x = (number of “yes” responses/17) * 100 for the remaining questions. Studies with a quality score of x > 60% were included in the final review.



The Revised Cochrane risk-of-bias tool for randomized trials (RoB2) was used to further assess bias arising from the technical handling and scientific methodology employed in each study [40]. The tool utilizes five domains each comprised of a series of signaling questions that inform a final bias assessment of every aspect of the randomized trial. Trial design, adherence to protocols, and reporting of results are all considered as potential sources of bias. Each domain is graded “low”, “some concerns”, or “high” risk of bias that all contribute to an overall bias rating for each study. Records with high overall bias were not included in the final review.




2.1.5. Meta-Analyses


Due to the homogenous nature of the data collected, miRNA reported to be differentially expressed in the brains of AD patients compared to age-matched controls a minimum of three times by different articles were deemed appropriate for meta-analysis. Only four miRNAs met these criteria and meta-analysis was performed using a random effects model of miRNA fold change data along with standard deviations. The random effects model was chosen as equal effects could not be assumed between studies. Forrest plots were constructed and a heterogeneity value was calculated for each miRNA. The between studies effect size was quantified using a heterogeneity threshold set at 50%. Values I2 ≤ 50% were taken to mean statistical significance beyond chance was achieved.



None of the studies on proteins in AD met the criteria for the meta-analysis.





2.2. Pathway Analysis


DIANA tools miRpath v.3 (http://snf-515788.vm.okeanos.grnet.gr/is last accessed 20 August 2021), the most extensive bioinformatics tool, was used for miRNA pathway analysis [41]. The database applies algorithms to assess the biological significance of miRNA associations and predict their function via experimentally validated data in TarBase or in silico predicted targets in microT-CDS [42]. The miRNAs identified through this study were individually uploaded to DIANA and a superset of gene targets was identified by microT-CDS. Where selected genes unite on a particular KEGG pathway with (p < 0.05), this was noted as statistically significant and a potential role for miRNA regulation in AD were proposed.



Protein pathway analysis was done through the Database for Annotation, Visualization, and Integrated Discovery (DAVID) (https://david.ncifcrf.gov/ last accessed 20 August 2021) using the KEGG pathway maps and functional analysis. All differentially expressed (DE) proteins identified from the included studies were uploaded onto the DAVID database. Where protein abbreviations used in the included records were not recognized by the DAVID database, alternative aliases were used ensuring all proteins were identified. Pathway enrichment analysis was performed using functional annotation charts based off the EASE value. The threshold stringency settings were restricted to a minimum gene count of 3 for a pathway, and an EASE p-value of 0.1. This value was chosen as it would identify the most strongly enriched pathways since a perfect enrichment would be equal to 0 with reducing the chance of removing significant pathways out of the miRNA comparison analysis. A detailed description of the pathway analyses can be found in the Supplementary Materials.




2.3. Predicting miRNA-Protein Interactions through Inverse Relationships


The results of the studies were combined. Common KEGG pathways identified in both the miRNA and protein databases were selected for further analysis. MiRNA and proteins were individually matched to their genetic targets and a table containing ‘KEGG pathway’, ‘protein’, ‘miRNA’, and ‘p value’ was created. MiRNA were assumed to play an inhibitory role in the transcription of proteins. Therefore, an inverse correlation defined by an increase in protein expression AND a decrease in miRNA expression; or a decrease in protein expression AND an increase in miRNA expression; with the same gene targets within the same KEGG pathway was searched for. All inverse correlations suggest miRNA have a regulatory role of protein expression in that pathway and may be implicated in the pathogenesis of AD. These results, along with p values, were tabulated and the role of two significant pathways were further investigated in the discussion.





3. Results


3.1. Study Characteristics


In the systematic review of miRNA studies, electronic searches of PubMed, EMBASE, and Web of Science generated 112, 476, and 155 records, respectively, making a total of 743 records. A total of 28 studies met all the criteria and were included in this review. During the full text assessment of studies, the greatest cause for exclusion was lack of access to the full text (n = 29). This was due to the high number of conference abstracts. Several studies used bio-informatics tools to reanalyze previously collected data or utilized data from inaccessible databases and were excluded from this review. Three studies only displayed qualitative miRNA expression data. Four studies were excluded because they analyzed brains with mixed neurodegenerative disease pathologies. Lastly, paraffin fixation of post-mortem tissue was deemed divergent from the standard liquid nitrogen freezing storage protocol and thus excluded from this systematic review. The selection process is summarized in the PRISMA flowchart (Figure 1).



In the systematic review of protein studies, electronic searches of the databases PubMed, Embase, and Web of Science retrieved a total of 1349 citations. Using Endnote 20 (Clarivate), all citations were collated and assessed, and 184 duplicates were excluded leaving 1165 studies to be assessed for eligibility based on the title and abstracts. Following title, abstract, and full text assessment, 26 records met our inclusion criteria (Figure 2).




3.2. Data Extraction


Patient data were extracted from the final studies as reported in Table 2A (miRNA review) and Table 2B (protein review) to outline the scope of the research population and to inform the suitability of integrating individual studies into a meta-analysis. More details, including DE-microRNA obtained in the same studies by RNAseq, are available in the SM (Table S1).




3.3. AXIS Quality Appraisal


The quality of papers included in this review were assessed to determine whether participants were selected without bias, and to ensure rigorous scientific standards were met in the quality, consistency, and presentation of data. Table S2A,B show that all studies selected in miRNA and protein systematic reviews, respectively, had high quality scorings when assessed via the AXIS appraisal method. Score results were between 65 and 100% which was over the 60% threshold that we set for exclusion. The greatest reason for potential bias was the generally poor justification of the sample size in each study.




3.4. Risk of Bias


The RoB assessment tool was used to highlight potential bias arising from the generation and presentation of data reported in the studies included in this review (Table S3A,B). This showed that all of the studies had high overall risk of bias.




3.5. Meta-Analyses


Four out of the total 91 miRNAs were repeatedly observed to have aberrant expression in AD brains. These were miR-132, miR-212, miR-16, and miR-146a. Further data, including Braak stage, fold change, standard deviation, and tissue storage protocols were extracted to facilitate a better-informed comparison between the studies and to enable a meta-analysis for each miRNA. These data are presented in Table S4A–D. Studies reporting median fold change and interquartile range (IQR) instead of the mean and standard deviation were excluded as this would not have given a statistically rigorous comparison. Annese et al. [43] and Lau et al. [52] reported fold changes in log2(fold change) format so were converted to raw fold change by 2{log2(fold change)}. MiR-132-3p was the most reported miRNA across the 28 studies. Figure 3 shows that there is a general trend of downregulation of miR-132-3p in the AD post-mortem brain compared to healthy age-matched controls, whilst Annese et al. [43] (points 2 and 3) and Lau et al. [52] (point 5) cross the line of no effect at x = 1, the combined effect of a 0.31-fold change has a confidence interval of 0.18 ≤ x ≤ 0.45 and does not cross the line of no effect. This, combined with the calculated heterogeneity value of I2 = 0.00% which is ≤50% significance threshold, shows that there is strong evidence for the differential downregulation of miR-132-3p in AD post-mortem brains compared to healthy age-matched controls. The meta-analysis for miR-16 shows a downregulation in AD across the literature with a combined effect of 0.47-fold change and a confidence interval of 0.38 < x0.56. As the confidence interval does not cross the line of no effect at x = 1-fold change, this is significant. Furthermore, the meta-analysis generated a heterogeneity value of I2 = 0.00 showing that all the data are in agreement, and this is statistically significant (Figure 4). Although it appears as though there is a general trend for an miR-146a upregulated in AD brain, the confidence intervals of the combined effect (see row 8 of the forest chart and results table) cross the line of no effect at x = 1. This suggests that there is no overall change in miR-146a expression in the AD brain. The heterogeneity value calculated was I2 ≥ 50% significance threshold showing that the studies do not unite on any perceived effect so an upregulation could be due to chance (Figure S1).



The meta-analysis for miR-212 was unable to be completed as data were too heterogenous.




3.6. Pathways Analysis


Sixty-six unique KEGG pathways were identified using the DIANA-microT-CDS algorithm which shows where the 113 DE-miRNAs extracted from the 28 studies by either RT-PCR or RNAseq are predicted to interact with target genes. p values were generated based on the number of predicted miRNA-gene interactions. The DAVID database was used to perform enrichment analysis and pathway identification of the 196 DE-proteins. A total of 164 different KEGG pathways were identified. To determine which pathways were the most significant, functional enrichment analysis was performed using a minimum gene count ≥3 and a maximum EASE score of 0.1.



Comparing the results from the DAVID and DIANA pathway databases for proteins and miRNAs, 39 common pathways were found between them. Out of the 39 common pathways identified, 28 of these included miRNAs that showed an inverse trend to the proteins involved. An overall pathway p-value was calculated from the miRNA statistical enrichment analysis multiplied against the Fisher’s Exact p-value from the protein enrichment pathway analysis. This gave an overall statistical value for each individual pathway to aid in identifying which pathways were the most significantly enriched in AD based on both the DE-miRNA and DE-protein findings in the current review (Figure 5). Notably, the hippo-signaling pathway (p = 1.66 × 10−9) was the most significant by a considerable amount.



A final table of results was made with miRNA–protein inverse correlations (Table 3).





4. Discussion


In this extensive parallel systematic review, we identified 28 studies including a total of 113 DE-miRNAs (53 validated by qRT-PCR) and 26 studies including 196 DE-proteins in human AD brains compared to healthy age-matched controls. A total of 39 common KEGG pathways were identified between the two studies, 28 of which included 249 miRNA-protein inverse relationships, representing 249 potential targets for therapeutic intervention. Among all DE-miRNAs, meta-analysis revealed that miR-132-3p and miR-16 are consistently downregulated in late-stage AD across the literature.



MiR-132-3p is a neuron-specific miRNA, associated with hippocampal formation, synaptic morphogenesis, and promotes neuronal growth in response to neurotrophins. Therefore, its implications in cognitive function make it an ideal target for AD research. MiRNA profiling of miR-132 is highly consistent across the board—unaffected by sex, APO genotype, and brain regions studied (TC, HC, FC). Two main proposed mechanisms are involvement with inflammation and apoptotic pathways. Wong et al. show that a downregulation of miR-132-3p results in the over-expression of pro-apoptotic genes FOXO3a, EP300, and PTEN that are direct targets of miR-132. These three pathways converge with the nuclear translocation of FOXO3 which becomes transcriptionally active resulting in caspase 3-dependent cleavage and neuronal apoptosis. Wong et al. 2013 propose this is regulated by activity-dependent neurotrophins CREB and BDNF, which positively regulate miR-132-3p expression and are downregulated in AD in response to Aβ-dependent synaptotoxicity [58]. Alternatively, downregulation of miR-132 is correlated with an upregulation of inflammatory signals.



Transcriptomic profiling by Annese et al. [43] identified that miR-132-3p has a complementary ‘5 seed region to IL-6R which is involved in inflammatory signaling and could constitute a potential mechanism of neuroinflammation in AD. However, Lau et al. [52] do not report co-localization of miR-132-3 downregulation with lesion sites in patients with multiple sclerosis (MS), a chronic inflammatory disease often used to study inflammatory aspects of neurodegenerative diseases, suggesting that miR-132-3p is not associated with inflammation in the CNS in AD. KEGG pathway and gene target analysis in the DIANA and DAVID databases did not reveal any inverse relationships between downregulated miR-132-3p and upregulated proteins in the AD brain. Consequently, this study did not unveil any new applications for miR-132-3p involvement in AD pathology or highlight its potential as a therapeutic target.



MiR-16 was another amongst the most widely reported miRNAs found to be differentially expressed in the post-mortem brains of AD patients. Despite this observation, definitive mechanisms of miR-16 involvement in AD pathology are yet to be fully described. Moncini et al. [57] and Zhong et al. [33] contextualize their findings to possible miR-16 regulation of BACE1 gene encoding ß-secretase enzyme essential for the amyloidogenic cleavage of APP. Zhong et al. [33] confirm the inverse relationship between miR-16 and BACE1 expression through their PC12 cellular AD model which utilizes Western blots to show that miR-16 transfection of PC12 cells directly suppresses BACE1 expression and reduces cellular apoptosis. This confirms that miR-16 is neuroprotective and seems to be a promising target for further research into the development of AD therapies. Moncini et al. [57], however, report that overexpression of miR-16 does not reduce BACE1 expression as effectively as other miRNAs from the miR-15/107 family. Our co-expression network analysis revealed two inverse relationships between miR-16 and proteins in the AD brain. Crucially to this review, an inverse relationship was identified between downregulated miR-16 and upregulated CLOCK protein in the circadian rhythm and upregulated heat-shock protein A-4L (HSPA4L) in the Protein Processing in the Endoplasmic Reticulum Pathway.



Sleep and circadian rhythm disturbances are among the first symptoms of AD, often preceding motor and cognitive symptoms by years [94]. Patients experience increasingly fragmented night-time sleep coupled with hours of nocturnal activity and daytime sleepiness. Lastly, prolonged sleep and periods of unconsciousness are common days before death of AD patients. In addition, circadian rhythm is controlled in every cell by the peripheral oscillators CLOCK and brain and muscle ARNTL-like 1 (BMAL1) which form an autonomous, negative feedback transcriptional network [95,96]. CLOCK and BMAL1 are transcriptional activators expressed in the cytoplasm of all cells. Heterodimerization of CLOCK and BMAL1 results in their translocation to the nucleus where they bind to the E-box enhancer element in the promotor region of a plethora of genes including PERIOD (Per) and Cryptochrome (Cry) to induce their transcription. Per and Cry proteins accumulate in the cytoplasm during the day until they reach a critical concentration in the late afternoon whereby, they heterodimerize and translocate to the nucleus where they suppress the transcription of CLOCK and BMAL1. This cycle maintains the 24 h transcriptional rhythm of every cell. Previous studies also suggested an involvement of CLOCK/BMAL1 in AD [77,97,98].



Our co-expression analysis showed that CLOCK and BMAL1 are upregulated in the AD brain. Crucially, CLOCK has an inverse relationship with miR-16 which is consistently downregulated in the AD brain. We suggest that overexpression of CLOCK and BMAL1 disrupts the circadian rhythm generation by peripheral oscillators and induces prolonged periods of transcriptional day-time activity. As CLOCK and BMAL1 must heterodimerize to induce transcription, targeting CLOCK alone would be effective enough to alter transcriptional profiles of cells. Daily mid-afternoon administration of an miR-16 mimic with a short half-life would degrade CLOCK mRNA transcripts and reduce its cellular concentration switching cells to a night-time expression profile by evening. This could be considered as a potential therapeutic intervention. Interestingly, the CLOCK/BMAL1 dimer regulates transcription of the presenilin 2 gene (PSN2), regulating in APP cleavage [99]. Therefore, suppression of CLOCK/BMAL1 will reduce the rate of Aβ production and stabilize downstream effects such as regulation of intracellular calcium levels.



Additionally, our study revealed inverse relationships between overexpressed CSNK1e and miRNA in the circadian rhythm pathway. CSNKIE hyperphosphorylates the PER and CRY proteins targeting them for E3 ubiquitination by βTrCP and degradation by the 26S proteosome [100,101]. Excessive degradation of Cry and Per prevents their suppression of CLOCK and BMAL1 transcription, increasing the amount of CLOCK/BMAL1 bound to E-box promotor region and prolonging the daytime transcriptional profile of cells. Therefore, late afternoon administration of hsa-miR-329-3p or hsa-miR-495-3p miRNA mimics could suppress CSNK1e translation and indirectly reduce evening CLOCK and BMAL1 levels. Studies also show that CSNK1e regulates the timing and duration of sleep as overexpression of CSNK1e in Tau/Tau mice decreased the number of bouts of sleep and decreased duration of REM sleep [102] of hsa-miR-329-3p and hsa-miR-495-3p miRNA mimics could increase sleep duration and quality. In contrast to this, in vitro studies with CSNK1e specific inhibitor (PF-4800567) showed a minimal alteration of the circadian period, so other targets should be considered within this pathway [103].



Another important finding was the Hippo signaling pathway showing the most significant p value generated by the DIANA database p = 7.91 × 10−8, and it was one of the few pathways that received a p value and was ‘enriched’ in the DAVID database p = 0.021. These combined p values generate a value of p = 1.66 × 10−9 which is extremely statistically significant and shows that the Hippo pathway is highly likely to be affected by dysregulated miRNA and protein expression in the AD brain. The Hippo signaling pathway kinase cascade pathway responsible for the regulation of organ size and is evolutionarily conserved across a range of species. First identified in Drosophila melanogaster flies, the pathway is activated at high tissue densities to restrict organ size and prevent over-growth [104]. For this reason, the Hippo pathway also plays important roles in tissue homeostasis, tumor suppression, cellular proliferation, survival, and apoptosis. The pathway hinges around transcriptional co-activators yes-associated protein (YAP), and transcriptional coactivator with PDZ-binding motif (TAZ), or YAP/TAZ [105]. In Hippo’s inactive state, YAP/TAZ are bound to a family of transcriptional enhancer factors (TEF) in the cell nucleus to promote cell proliferation and growth [106]. When the hippo pathway is activated, kinases MST1 and MST2, along with their LATS1 and LATS2 cofactors, phosphorylate YAP/TAZ to promote their translocation to the cytoplasm, preventing their promotion of survival genes and inducing E3 ubiquitin-mediated degradation of the cell [107,108]. This results in apoptosis and restriction of organ growth.



Our miRNA and protein bioinformatic analysis also showed that casein kinase 1 isoform epsilon (CSNK1e) protein expression is increased in the brains of AD patients. CSNK1e is known to phosphorylate a range of targets including YAP/TAZ [109]. This prevents their nuclear localization and results in cellular apoptosis. CSNK1e’s interactions with YAP/TAZ is further suggested to disrupt the balance of ubiquitination and deubiquitylation of YAP/TAZ, inducing proteolysis and signaling the cell for degradation [110]. Pathogenic activation of the Hippo signaling pathway could be a mechanism for the decreased hippocampal, prefrontal cortex, and temporal cortex volume seen in AD patients [111]. Furthermore, YAP/TAZ are known to regulate vascular development and the maturation of the BBB in early development, a mechanism that is quiescent in adulthood [112]. Reactivation of the Hippo pathway could inappropriately restrict blood flow to the brain and BBB size, promoting ischemia and BBB degeneration. This would cause widespread neuronal atrophy and render the brain vulnerable to peripheral inflammatory signaling and Aβ, perpetuating AD pathology.



The DIANA database predicted that hsa-miR-320a, hsa-miR-329-3p, and hsa-miR-495-3p have complementary 5′ seed regions to CSNK1e mRNA and are downregulated in AD displaying inverse relationships with CSNK1e expression. Thus, we hypothesize that induction of the above miRNA mimics would suppress CSNK1e translation to reduce YAP/TAZ phosphorylation and pathogenic activation of the Hippo pathway. This could promote cell survival signaling and protect the brain from ischemia, inflammation, and excessive Aβ accumulation from the peripheral circulation [113]. This is a novel therapeutic target for AD. While it is known that the Hippo pathway is dysregulated in AD, current research groups are far from proposing a treatment. It should be recognized that over-suppression of the Hippo pathway has been identified in several cancer types [114]. Thus, it is essential to ensure treatments only rebalance YAP/TAZ signaling and do not induce excessive survival-signaling and the proliferation of cancers.



Limitations


There are several limitations of a systematic review and the in silico nature of this study. For example, miRNA gene targets were predicted using the MicroTDS database that is only 60% accurate; therefore, not only are interactions between miRNAs and proteins themselves merely hypothesized, but their co-localization and unity within KEGG pathways in the AD brain is yet to be experimentally validated. Our inclusion/exclusion criteria for this review limited studies to the last 10 years, which means that we may have missed some earlier studies and hence giving an incomplete picture of miRNA–protein interactions. Although we have documented transcriptional and post-translational changes in this systematic review, further studies should assess these changes in a combined way so as to resolve differences between transcriptional levels and eventual post-translation levels of each gene/protein. Future studies should also aim to expand their inclusion criteria to all miRNA and proteomics studies applicable regardless of completion date. Furthermore, the inclusion of AD miRNA and protein profiling was limited to patients in Braak stage IV and above. However, miRNA expression is Braak-stage specific and miR-132-3p and miR-16 are upregulated in early-stage AD contrary to their downregulation in late-stage AD detailed in this review. This weakens our conclusions regarding the applicability of miR-132-3p and miR-16 as biomarkers in AD and would reduce their effectiveness as early interventional drug targets.





5. Conclusions


This review has highlighted several key areas in the Alzheimer’s field which could drastically improve the understanding of the disease pathology and potentially contribute towards resolving the major issues hindering the development of disease-modifying treatments. Here, key pathways where protein dysregulation contributes to AD pathology have been examined and within them several co-expressed miRNAs that may be responsible for this dysregulation have been identified. Whilst identifying the change of protein expression in AD is not novel, this research has linked these proteins to DE-miRNAs that have the potential to regulate the protein expression. Therefore, further research into the relationships between the DEmiRNAs and the proteins they regulate in AD may underpin novel explanations for the protein expression changes observed in pathology. Understanding this may provide novel therapeutic targets which have the potential to restore protein expression to normal physiological levels without complete inhibition of certain protein functions and signaling cascades causing adverse effects.



The use of miRNA-based therapies to regulate the circadian rhythm and Hippo signaling pathways is worth perusing and may prove beneficial pharmaceutical interventions beyond AD.
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Figure 1. PRISMA flow chart detailing the selection and screening process utilized to retrieve the articles containing miRNAs in AD systematic review. 
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Figure 2. PRISMA flow chart detailing the selection and screening process utilized to retrieve the articles containing proteins in AD systematic review. 
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Figure 3. Combined meta-analysis for mRNA changes of miR-132 in AD. 
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Figure 4. Meta-analysis of miR-16 expression in the AD brain. 
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Figure 5. Statistical significance of the pathways that contain miRNA-protein inverse relationships. −Log10 of the combined p-value. Combined p-value calculated from miRNA p-value x Protein p-value. 
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Table 1. Inclusion and exclusion criteria utilized to direct the miRNA and protein in AD systematic literature search.






Table 1. Inclusion and exclusion criteria utilized to direct the miRNA and protein in AD systematic literature search.





	Inclusion
	Exclusion





	Alzheimer’s disease
	Braak score < iv

CERAD score ≥ 3

Other neurodegenerative diseases—Parkinson’s Disease, Lewy body pathology, Huntington’s Disease, Mild Cognitive Impairment, normal aging, inflammatory diseases (Multiple Sclerosis), PART



	Post-mortem brain analysis
	Plasma, serum, CSF, Saliva, cell-lines, transfected tissues, tissue biopsy



	qRT-PCR or protein analyses
	RNAseq, microarray analysis, in-situ hybridization



	Qualitative and quantitative analysis
	Study focusing on post-translational modifications, mutations, allelic variants, study including treatment or intervention



	Human
	Animals, cell lines



	Male and female participants
	None



	Age-matched controls compared to AD
	Single cohort studies, case studies, non-age-matched controls



	Age ≥ 60
	Age < 60



	All patient ethnicities
	No ethnicities were excluded



	Primary research
	Reviews, meta-analyses, bioinformatics studies using previously collected data, conference abstracts, clinical trials



	Sample size n ≥ 3
	Sample size n < 3



	Published in peer-reviewed journals
	Non-peer-reviewed



	English language
	Not written in English
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Table 2. Characteristics of the studies. Data extraction contains: reference; patient information for participants in each study including number of participants (N), mean age, gender (M:F) for AD and control group; brain regions; analysis methods, and up- and downregulation of miRNAs (A) and proteins (B).
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(A): Up and Downregulation of miRNAs




	
Author

	
AD group

(N; Mean Age; M:F)

	
Control group

(N; Mean Age; M:F)

	
Brain Regions

	
Methods

	
miRNA

Upregulated

	
miRNA

Downregulated






	
Annese et al. 2018 [43]

	
14; 74; 8:5

	
14; 77; 8:5

	
HC; MTG; MFG

	
qRT-PCR

	
miR-10a-5p,

miR-28-3p

	
miR-132-3p, miR-132-5p, miR-184, miR-212-3p, miR-212-5p, miR-34c-3p, miR-375, miR-539-5p




	
Cheng et al. 2020 [44]

	
8; 76; 3:8

	
8; 67; 4:5

	
FC; BDE

	
qRT-PCR

	
miR-17-5p, miR-18a-5p, miR-190a-5p, miR-219a-2-3p, miR-3157-5p, miR-374b-5p, miR-374c-3p, miR-548, miR-550a-3p, miR-550b-2-5p

	
miR-4284, miR-5001-3p,

miR-132-5p




	
Chopra et al. 2020 [45]

	
29; 84; 11:18

	
25; 86; 9:16

	
TC; CB

	
qRT-PCR

	

	
miR-298




	
Culpan et al. 2011 [46]

	
12; 82; 5:7

	
6; 88; 5:1

	
FNC; TNC

	
qRT-PCR

	

	
miR-128a, miR-128b




	
Gong et al. 2017 [47]

	
40; -; -

	
35; -; -

	
FC

	
qRT-PCR

	

	
miR-15b




	
Herbert et al. 2013 [48]

	
8; 78; 5:3

	
8; 71; 5:3

	
STG; MTG

	
qRT-PCR

	

	
miR-132-3p, miR-100




	
Henriques et al. 2020 [49]

	
16; 81; 4:12

	
18; 78: 6:12

	
STG; MTG

	
qRT-PCR

	
miR-3651

	
miR-1202, miR-30e-3p, miR-365b-5p, miR-4286, miR-4443,

miR-4449, miR-664-3p, miR-767-5p,




	
Kumar et al. 2018 [50]

	
27; 80; 14:13

	
15; 79; 8:7

	
FC

	
qRT-PCR

	
miR-455-3p

	




	
Kumar et al. 2017 [51]

	
12; 80; 4:8

	
5; 73; 3:2

	
FC

	
qRT-PCR

	
miR-3613-3p, miR-455-3p, miR-4674, miR-6722

	
miR-122-5p




	
Lau et al. 2013 [52]

	
41; -; -

	
23; -; -

	
FC; HC

	
qRT-PCR

	
miR-142-3p, miR-200a-3p, miR-27a-3p, miR-92b-3p

	
miR-124-3p, miR-128, miR-129-2-3p, miR-129-5p, miR-132-3p

miR-136-5p, miR-138-5p




	
Lei et al. 2015 [53]

	
31; 78; 18:13

	
29; 80; 16:13

	
FC

	
qRT-PCR

	

	
miR-29c




	
Li et al. 2019 [54]

	
30; 88; 18:12

	
30; 87; 20:10

	
FC

	
qRT-PCR

	

	
miR-219-5p




	
Liu et al. 2019 [55]

	
10; -; -

	
10; -; -

	
-

	
qRT-PCR

	

	
miR-132




	
Llorens et al. 2017 [56]

	
25; -; -

	
25; -; -

	
LC; EC; HC

	
qRT-PCR

	
miR-124-3p, miR-132-3p, miR-143-3p, miR-27a-3p

	
miR-124-3p




	
Long et al. 2019 [28]

	
15; 84; -

	
5; 84; -

	
FC

	
qRT-PCR

	

	
miR-346




	
Moncini et al. 2016 [57]

	
12; 78; 7:3

	
11; 82; 4:7

	
HC; TC

	
qRT-PCR

	

	
miR-103, miR-107, miR-15b, miR-16, miR-195




	
Muller et al. 2014 [58]

	
10; 78; 7:3

	
11; 83; 4:7

	
HC

	
qRT-PCR

	
miR-16

miR-146

	
miR-16

miR-146

miR-107

miR-128a




	
Pichker et al. 2017 [59]

	
39; 80; 15:24

	
25; 65; 15:10

	
TC; PFC

	
qRT-PCR

	

	
miR-132

miR-212-3p




	
Qian et al. 2019 [60]

	
12; 81; -

	
11; 82; -

	
HC

	
qRT-PCR

	

	
miR-338-5p




	
Santa-Maria et al. 2015 [61]

	
7; 93; 3:4

	
20; 89; 9:11

	
FC

	
qRT-PCR

	

	
miR-219-5p




	
Sarkar et al. 2016 [27]

	
13; 76; 6:7

	
10; 77; 5:5

	
TC; FC; CB

	
qRT-PCR

	
miR-146a

	
miR-132




	
Wang et al. 2018 [62]

	
12; 86; 3:9

	
12; 86; 1:11

	
TC; HC

	
qRT-PCR

	
miR-124

	




	
Wong et al. 2013 [63]

	
16; 81; 6:10

	
16; 77; 10:6

	
TC

	
qRT-PCR

	

	
miR-132

miR-212




	
Yuan et al. 2020 [64]

	
10; 75; 6:4

	
10; 80; 6:4

	
-

	
qRT-PCR

	
miR-425-5p

	




	
Zhang et al. 2016 [65]

	
7; 87; 3:4

	
7; 87; 1:16

	
HC

	
qRT-PCR

	
miR-603

	




	
Zhao et al. 2016 [66]

	
12; 74; -

	
6; 72; -

	
TC; HC

	
qRT-PCR

	
miR-7

miR146a

miR-155

	




	
Zhao et al. 2013 [67]

	
3; 72; -

	
3; 72; -

	
HC

	
qRT-PCR

	
miR-34a

miR-146a

miR-125b

miR-155

	




	
Zhong et al. 2018 [33]

	
30; 87; -

	
20; 87; -

	
FC

	
qRT-PCR

	

	
miR-16




	
(B): Up and downregulation of proteins




	
Author

	
AD group

(N; Mean Age; M:F)

	
Control group

(N; Mean Age; M:F)

	
Brain Regions



	
Methods

	
Protein

Upregulated

	
Protein

Downregulated




	
Beckelman et al. 2016 [68]

	
5; 82-98; 2:3

	
5; 78-97; 3:2

	
TC

	
WB, IHC

	

	
EEF1A1




	
Chiu et al. 2015 [69]

	
7; 82.9; 3:4

	
8; 61-91; 10:4

	
HP

	
IHC

	

	
ABCB1 (P-Glycoprotein)




	
Shepherd et al. 2020 [70]

	
17; 78; -

	
16; 74; -

	
TC

	
WB, ELISA

	
APP, MAPT

	
RAP




	
Chen et al. 2012 [71]

	
18; 74-89; -

	
13; 68-69; -

	
HP, FL, TL, CB

	
ELISA

	
NF-κb, BACE1

	




	
Holler et al. 2014 [72]

	
52; 85.9; 19:33

	
19; 85.2; 5:14

	
HP

	
Immunoblot/IHC

	

	
BIN1




	
Walker et al. 2015 [73]

	
12; 78,9; 6:6

	
12; 84; 9:3

	
TC

	
WB

	
SOCS4, SOCS7

	




	
Glennon et al. 2013 [74]

	
24; 69-96; 6:18

	
24; 76.4; 14:10

	
HP

	
Immunoblot

	

	
BIN1




	
Byman et al. 2018 [75]

	
12; 63-96; 3:9

	
8; 60-102; 5:3

	
HP, IP, IT, FC, SMTG



	
ELISA, IHC

	
AMY1A

	




	
Huang et al. 2020 [76]

	
26; 88.6; 12:14

	
19; 90.3; 9:10

	
FC

	
WB, IP, IHC, IF

	
RBM15B

	
METTL3




	
Yoo et al. 2020 [77]

	
3; 72; 0:3

	
3; 65; 2:1

	
FC

	
IF

	
CLOCK, BMAL1

	




	
Chen et al. 2012 [78]

	
12; 68-92; 8:4

	
12; 81-92; 9:3

	
FC, TC, PC, OC

	
Mass spectrometry

	
CLU

	




	
Gu et al. 2020 [79]

	
10; 76.6; 6:4

	
9; 79.22; 4:6

	
FC

	
WB, IHC

	
CK1ε

	
TDP43




	
Xu et al. 2019 [80]

	
9; 60-80; 6:3

	
9; 61-78; 5:4

	
HP, EC, CG, SCx, MCx, CB



	
MS

	
AGT, AHNAK, ALAD, ANXA5, AQP4, ASAH1, BAG3, C3, CHGA, CLU, CP, DBI, DKK3, ESD, FGA, FGB, FGG, GJA1, H3F3A, HDGF, HIST1H1C, HIST1H1E, HP, HPX, HRSP12, HSPA1A, HSPB1, IGHA1, IGHG1, IGKC, ISYNA1, ITIH4, MAOB, MAP4, MARCKS, MECP2, NAMPT, NUCKS1, ORM1, PADI2, PAICS, PBXIP1, PCBD1, PLIN3, PNPO, PRDX1, PRDX6, S100A1, S100A11, S100A6, S100A9, SAA1, SELENBP1, SERPINA1, SERPINA3, SERPING1, SPR, STOM, TPD52L1



	
ACTN2, ADAP1, AP1G1, CADPS, CAP2, CIRBP, CORO1A, CORO2B, CRAT, DLAT, DLG4, DNAJC6, DNM3, DUSP3, EEF1B2, FARSB, GAS7, GLS, GRPEL1, HGS, HOMER1, HSPA4L, IARS2, IDH3G, IPO7, KIAA0513, KIF5C, LONP1, LRPPRC, LZTFL1, MAPRE3, NDUFA10, NECAB1, OAT, OGDH, OGDHL, OTUB1, OXCT1, PAFAH1B1, PDHX, PDIA3, PHYHIPL, PPME1, PPP2R1A, PTPA, PREP, PRKRA, RAP1GDS1, RGS7, RPH3A, SARS2, SCAI, SDR39U1, SGTB, SH3GL1, SLIRP, SMS, STXBP1, STXBP3, SUCLA2, SUCLG1, TIMM44, TLN2, TRAP1, VPS35, YARS, YWHAG, YWHAH, YWHAQ






	
Batkulwar et al. 2018 [81]

	
3; 84.3; -

	
3; 89.3; -

	
FC

	
MS

	
CML, Cathepsin B, AEP, RAGE, TAU

	




	
Ilic et al. 2019 [82]

	
6; 77.8; 2:4

	
6; 75.5; 2:4

	
-

	
IHC

	
NPTN

	




	
Lue et al. 2015 [83]

	
11; 82.46; 9:13

	
11; 85.4; 7:4

	
FC

	
Immunoblot

	
TREM2, DAP12, IBA1, CASP3

	
SNAP25, PSD95




	
Bekris et al. 2010 [84]

	
8; 60-93; 5:3

	
8; 79-94; 4:4

	
HP

	
WB

	

	
APOE




	
Causevic et al. 2010 [85]

	
4; 82-97; -

	
4; 81-86; -

	
HP

	
WB

	

	
IDE




	
Campanari et al. 2016 [86]

	
19; 75-85; 8:11

	
22; 65-73; 12:10

	
FC

	
WB

	
ACHE

	




	
Bartolotti et al. 2016 [87]

	
21; 93.1; 0:21

	
20; 93.49; 0:20

	
CB, FC

	
WB

	

	
CREB, CBP, EP300




	
Jin et al. 2013 [88]

	
7; 86.29; 1:6

	
7; 86.6; 2:5

	
FC

	
WB

	

	
GLUT3




	
Gu et al. 2020 [89]

	
12; 75-98; 3:9

	
12; 61-100; 3:9

	
TC

	
WB, & IHC

	

	
YWHAG, YWHAH (14-3-3 Proteins)




	
Ginsberg et al. 2010 [90]

	
38; 84.6; 14:24

	
27; 80.8; 5:12

	
PFC

	
Quantitative immunoblot

	
RAB5A, RAB7A

	




	
Wang et al. 2010 [91]

	
10; 87.3; 3:7

	
10; 80.5; 7:3

	
HP, EC, CG, SCx, MCx, CB

	
WB

	

	
NEP, IDE




	
Sengupta et al. 2018 [92]

	
4; 75-83; 3:1

	
4; 70-79; 2:2

	
HP, BF, FC, CB, STR

	
WB, IF

	
MSI1, MSI2

	




	
Liao, et al. 2016 [93]

	
10; 81.8; 4:6

	
7; 83.6; 3:4

	
MTG

	
WB, IHC, ELISA

	
NF-κB, MCP-1, MIP1α

	








Brain region: HC = hippocampus, TC = temporal cortex, MFG = medial temporal gyrus, MFG = medial frontal gyrus, FC = frontal cortex, CB = cerebellum, FNC = frontal neo cortex, STG = superior temporal gyrus, BDE = brain-derived exosome.
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Table 3. MiRNA–protein inverse relation of the 28 common pathways. ↓ = down-regulation; ↑ = up-regulation; “–” = Not Determined.
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	Common Pathways
	miRNA p Value
	Protein p Value
	miRNA (−log (p Value)
	miRNA-Protein Inverse Relation





	Hippo signaling pathway
	7.91 × 10−8
	0.021
	7.1
	↓ miR-320a [43,44], miR-329-3p [52], miR-495-3p [52]

↑ CSNK1E [79]



	
	
	
	
	↑ miR-3613-3p [51], miR-200a-3p [52], miR-199a-3p [44,52], miR-199b-3p [52], miR-23a-3p [44,52], miR-425-5p [52,64], miR-34c-3p [43,44,56]

↓ YWHAG [80,89]



	
	
	
	
	↑ miR-3613-3p [51]

↓ YWHAH [80,89]



	
	
	
	
	↑ miR-27a-3p [52,56], miR-455-3p [50,51]

↓ YWHAQ [80]



	
	
	
	
	↑ miR-150-5p [52],

↓ PPP2R1A [80]



	Pathways in cancer
	9.57 × 10−6
	-
	5
	↑ miR-3613-3p [51], miR-23a-3p [44,52], miR-550a-3p [34]

↓ CREBBP [87]



	
	
	
	
	↑ miR-603 [65], miR-3613-3p [51]

↓ EP300 [92]



	Adherends junction
	2.33 × 10−5
	-
	4.6
	↑ miR-23a-3p [44,52]

↓ ACTN2 [80]



	
	
	
	
	↑ miR-23a-3p [44,52], miR-3613-3p [51], miR-550a-3p [34]

↓ CREBBP [87]



	
	
	
	
	↑ miR-603 [65], miR-3613-3p [51]

↓ EP300 [87]



	Wnt signaling pathway
	0.001
	-
	3.1
	↓ miR-495-3p [52], miR-329-3p [53], miR-320a [43,44],

↑ CSNK1E [79]
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