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Editorial on the Research Topic 
Insights into RNA networks and biology


In our Research Topic “Insights into RNA Networks and Biology” we gathered a number of articles that relate to the newest developments in the RNA field. Starting from computational works (Pepe et al. and Vandelli et al.) and passing through network analysis (Yang et al. and Zhang et al.), we present approaches for biochemical characterization of protein-RNA interactions (Giambruno et al. and Kieffer et al.), implication of long non-coding RNAs (lncRNAs) in disease (Fan et al. and Li et al.) and investigation of the role of RNA molecules and translation in physiology (Buchanan et al. and Zhang et al.).
Several theoretical methods for studying physical interactions between RNA and proteins are currently being developed. The review by Pepe et al. summarizes the most recent advances in the algorithms, especially to predict circular RNA (circRNA) and long non-coding RNA (lncRNA) interactions with RNA-binding proteins (RBPs). The authors emphasize the need for developing larger interaction datasets to increase performance and expand on approaches amenable to machine learning. In their Perspective, Vandelli et al. provide an example on how the integration of RNA-protein interaction data with computational analysis tools can lead to new hypotheses. The authors used data from four experimental and one computational study of interactors of SARS-CoV-2 genomic RNA. Although hundreds of proteins have been identified across the different studies, only twenty-one appear in all the experiments to interact with SARS-CoV-2 RNA. The identified proteins refer to known or predicted stress granule forming proteins, which leads to the intriguing hypothesis that a mechanism of action for SARS-CoV 2 could be to target proteins that attract other partners through phase separation.
Two articles focus on transcriptome analysis for construction of RNA-RNA networks. Yang et al. performed a systematic analysis of mRNA, microRNA (miRNA) and circRNA expression in type II alveolar epithelial cells (ATII) in Tibetan pigs. These pigs live at high altitude and developed an efficient metabolism for living at lower oxygen levels than “standard” landrace pigs. The authors simulated a hypoxic environment for cultured ATII cells of tibetan pigs and landrace pigs grown under normoxic and hypoxic conditions. The differential expression of circRNA, miRNAs and mRNAs were combined to construct competing endogenous RNA (ceRNA) networks for these cells, thereby identifying critical regulatory modes for metabolic control. A similar approach was used by Zhang et al. that explored the transcriptomic network of Rotator cuff tears (RCT), the most common cause of shoulder dysfunction. Specifically, the authors performed RNA-seq analysis of five patient samples with RTC in supraspinatus muscles and matched unharmed subscapularis muscles from the same individual to dissect the dysregulated transcriptome including mRNAs, miRNAs, lncRNAs, and circRNAs. Based on network construction considering the ceRNA hypothesis, they suggested dysregulation of the ceRNA network in RTC through several ncRNAs. Hence, the authors propose that these ncRNAs could play a role in the development of RCT, possibly adding a new angle for therapeutic approaches.
Cross-linking is often used to preserve functional protein-RNA interactions present in the cell. The review by Giambruno et al. describes recently developed complementary proximity labeling techniques to map RNA-protein interactions in mammalian cells. This technology permits the identification of relatively transient interactions as well as poorly expressed molecules by relying on the inducible activity of enzymes (biotin ligases or peroxidases) that are expressed in living cells and biotinylate amino acids and nucleic acids of binding factors in proximity–within 20 nM range. Besides the interaction with their target RNAs, RBPs often interact with other proteins which further influence the fate of ribonucleoprotein (RNP) complexes. Kieffer et al. combined affinity purification and mass spectrometry (MS) to define the network of nuclear proteins interacting with the N-terminal region of FMRP. FMRP is encoded by the FMR1 gene (Fragile X messenger ribonucleoprotein 1) whose absence of expression results in Fragile X-syndrome (FXS), the most common inherited form of intellectual disability. While it was well known that FMRP regulates translation of subsets of mRNA in the cytoplasm, the protein shuttles between the nucleus and cytoplasm but little was known about its nuclear functions. Hence, this study adds a base to further mechanistic studies on its nuclear functions in neuronal physiology.
Two review articles highlight the specific and broader implications of lncRNAs in disease. Fan et al. discuss the role of lncRNAs and aerobic glycolysis in tumorigenesis and tumor progression and explore the interaction networks to provide insights into therapeutic targets for treatment. The authors suggest that lncRNAs could regulate key enzymes related to glycolysis to promote aerobic glycolysis (examples include PKM2, LDH, HK2 and GLUT). An important highlight of the work is that lncRNAs can act as sponges for miRNAs to regulate expression of enzymes or modulate signaling pathways. The association of lncRNAs with enzymes could also promote formation of protein complexes (examples include lncRNA HULC binding to LDHA, PKM2) thus conferring additional functions. The article by Li et al. elaborates on the relationship between lncRNAs and diseases. In the case of tumor development, the authors report that a lncRNA can act either as proto-oncogene or tumor suppressor. As for neurodegenerative and psychiatric diseases, examples are provided for DISC1 (schizophrenia); PINK1 (endocrine diseases), MALAT-1 and NEAT1/2 and others. One important case is BACE1 antisense (BACE1AS) that forms complex with BACE1 messenger RNA to increase the stability of the latter thus promoting aggregation of β-amyloid protein in Alzheimer’s disease.
Besides the many ncRNA and viral RNAs concerned in this Research Topic, two articles focus on mRNAs for cell fate determination and in translation. In their perspective, Buchanan et al. discuss the potential role of ribosome heterogeneity in brain plasticity. After briefly reviewing the importance of translation regulation in neuroplasticity, the authors highlight recent results showing that complex brain functions such as sleep and learning have a significant impact on ribosomal protein (RP) expression. As sleep is critical in promoting brain plasticity, the authors then propose that changes in RP stoichiometry during sleep could establish a mechanism for regulation of translation of subsets of mRNAs that code for proteins mediating brain plasticity. Zhang et al.investigate the regulation of Hsp70 chaperones Ophraella communa. In concert with many cofactors, Hsp mediates essential activities such as protein folding and assembly. Normally Hsp70 is located in the cytoplasm, however, when cells are stimulated by heat stress, the protein is transferred to the nucleus. In the case of O. communa, an important biological control agent of the ragweed Ambrosia artemisiifolia worldwide, Hsp70 was found to be highly expressed in the female ovaries and male testes and induced by mating. The regulatory mechanisms of Hsp70 and the investigation of its RNA stability and translation should be further investigated.
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Identifying human proteins that interact with SARS-CoV-2 genome is important to understand its replication and to identify therapeutic strategies. Recent studies have unveiled protein interactions of SARS-COV-2 in different cell lines and through a number of high-throughput approaches. Here, we carried out a comparative analysis of four experimental and one computational studies to characterize the interactions of SARS-CoV-2 genomic RNA. Although hundreds of interactors have been identified, only twenty-one appear in all the experiments and show a strong propensity to bind. This set of interactors includes stress granule forming proteins, pre-mRNA regulators and elements involved in the replication process. Our calculations indicate that DDX3X and several editases bind the 5′ end of SARS-CoV-2, a regulatory region previously reported to attract a large number of proteins. The small overlap among experimental datasets suggests that SARS-CoV-2 genome establishes stable interactions only with few interactors, while many proteins bind less tightly. In analogy to what has been previously reported for Xist non-coding RNA, we propose a mechanism of phase separation through which SARS-CoV-2 progressively sequesters human proteins hijacking the host immune response.
Keywords: viral RNA, phase separation, stress granules, protein-RNA interactions, RNA-binding proteins
INTRODUCTION
Identification of viral interactions within the host cell can lead to the design of novel strategies against infection. Recently, different high-throughput strategies have been implemented to characterize host interactions with SARS-CoV-2 proteins and genomic RNA.
Non-structural proteins of SARS-CoV-2 have been used for affinity purification to retrieve host binding partners using mass spectrometry in HEK-293T/17 cells (Gordon et al., 2020). A total of 332 interactions between human and SARS-CoV-2 proteins have been identified. Around 40% of SARS-CoV-2 interacting proteins are associated with vesicle trafficking pathways and endomembrane compartments.
Here, we focus on four experimental studies aiming to characterize interactions with SARS-CoV-2 genomic RNA.
In one experiment, a multi-omic approach was employed to identify which viral and human RNA-binding proteins (RBPs) are involved in SARS-CoV-2 infection (Kamel et al., 2021). The “comparative RNA interactome capture” (cRIC) method was developed to find in which way the RNA-bound proteome responds to the infection. The results show that SARS-CoV-2 genome is the epicenter of critical interactions with host proteins: many cellular RBP networks are remodeled upon SARS-CoV-2 infection and around 300 proteins are affected, mostly related to RNA metabolic processes and antiviral defenses. A second approach called “viral RNA interactome capture” (vRIC) was employed to identify cellular and viral proteins interacting with SARS-CoV-2 genomic RNA (Kamel et al., 2021). Inhibition of specific proteins interacting with viral RNA was shown to impair SARS-CoV-2 infection.
In another study (Lee et al., 2021), the repertoire of host proteins associated with SARS-CoV-2 and HCoV-OC43 genomes was identified. The work relies on a robust nucleoprotein (RNP) capture protocol. More than 100 host factors directly binding to SARS-CoV-2 RNA were detected. By applying RNP capture on HCoV-OC43, evolutionary conserved interactions between the viral RNAs and the host proteins could be identified. Upon knockdown experiments and transcriptome analysis, Lee et al. identified 17 antiviral and 8 pro-viral RBPs that have a role in several steps of the mRNA life cycle. The authors identified La-related protein 1 (LARP1), a downstream target of the mTOR signaling pathway, as an important antiviral host factor that interacts with SARS-CoV-2 RNA.
Another group exploited an approach in which a comprehensive identification of RBPs followed by mass spectrometry (ChIRP-MS) led to the identification of host proteins that bind SARS-CoV-2 genomic RNA during active infection (Flynn et al., 2021). The results were corroborated with analyses from three RNA viruses and contributed to characterize the specificity of virus-host interactions. Flynn et al. also carried out a series of targeted CRISPR screens that highlighted the fact that a big portion of functional RNA-binding proteins act as host’s protectors from virus-induced cell death. Comparative CRISPR screens, performed across seven RNA viruses, reveal both shared and SARS-specific antiviral factors. By combining the RNA-centric approach and the functional CRISPR screens, the authors found a functional connection between SARS-CoV-2 and mitochondria, showing that this organelle is a platform for antiviral activity.
A slightly different experiment led to the identification of more than 100 human proteins that directly and specifically bind to SARS-CoV-2 RNAs in infected cells, performing RNA antisense purification and mass spectrometry. Schmidt et al. linked SARS-CoV-2 interactome with changes in proteome abundance induced by viral infection, identifying cellular pathways relevant to SARS-CoV-2 infections. The authors demonstrated by genetic perturbation that both Cellular Nucleic-acid Binding Protein (CNBP) and LARP1, which are two of the most enriched viral RNA binders, have the ability to restrict SARS-CoV-2 replication in infected cells and provide a general map of their direct RNA contact sites. The authors demonstrated a reduced viral replication rate in two human cell lines after a pharmacological inhibition of three other binding partners (PPIA, ATP1A1, ARP2/3 complex).
As experimental studies require time and resources and are affected by intrinsic limitations (for instance mass-spec cannot identify every protein with the same efficiency), computational methods can be exploited to prioritize candidate targets. We previously used the CROSS method (Delli Ponti et al., 2017) to predict secondary structure content of and the catRAPID approach (Bellucci et al., 2011; Agostini et al., 2013b; Cirillo et al., 2017) to compute >100000 human protein interactions with SARS-CoV-2 genomic RNA (Vandelli et al., 2020). The 5′ and 3′ end of SARS-CoV-2 were found to be highly structured, in agreement with subsequent experimental reports (Manfredonia et al., 2020) and show strong propensity to interact with human proteins. Among the identified interactors we identified there are several RNA editases and ATP-dependent RNA helicases that play a role in viral RNA processing and have a high propensity to participate in large macromolecular complexes. A number of proteins are predicted to be sequestered by SARS-CoV-2 genome and their recruitment contributes is thought to modify both the transcriptional and post-transcriptional regulations of host cells.
Here, we analyzed four experimental and one computational studies on human RBPs interactions with SARS-CoV-2 genomic RNA. We exploited the catRAPID algorithm to estimate the ability of proteins to bind SARS-CoV-2 and identified a tight correlation between the number of experiments in which a specific protein is detected experimentally and its predicted binding affinity. Finally, we propose a model in which SARS-CoV-2 RNA promotes the formation of a phase-separated assembly by sequestering specific human proteins.
RESULTS
Interactomes Comparison
To retrieve interactions relevant for SARS-CoV-2 infection, we analysed four protein-RNA interactome experiments (Supplementary Material S1).
Twenty-one proteins were found in common to the four datasets (Flynn et al., 2021; Kamel et al., 2021; Lee et al., 2021; Schmidt et al., 2021) (Figure 1A). The list includes PABPC1 (Polyadenylate-binding protein 1), SND1 (Staphylococcal nuclease domain-containing protein 1), PPIA (Peptidyl-prolyl cis-trans isomerase A), DDX3X (ATP-dependent RNA helicase DDX3X), HNRNPA2B1 (Heterogeneous nuclear ribonucleoproteins A2/B1), HNRNPA0 (Heterogeneous nuclear ribonucleoprotein A), G3BP1 (Ras GTPase-activating protein-binding protein 1), G3BP2 (Ras GTPase-activating protein-binding protein 2), EIF4B (Eukaryotic translation initiation factor 4B), RPS2 (40S ribosomal protein S2), RPS3 (40S ribosomal protein S3), EIF3G (Eukaryotic translation initiation factor 3 subunit G) and YBX1 (Y-box-binding protein 1), Supplementary Tables S1, S2).
[image: Figure 1]FIGURE 1 | Datasets of protein interactions with SARS-CoV-2 genome. (A) experimental datasets (Flynn et al., 2021; Kamel et al., 2021; Lee et al., 2021; Schmidt et al., 2021). The name of each dataset is shown above the diagrams. (B) diagram showing the protein-protein interactions among the 21 proteins identified in the four experiments, as annotated by GeneMANIA (Warde-Farley et al., 2010). (C) catRAPID interaction scores (Agostini et al., 2013b; Armaos et al., 2021) correlate with the number of experiments reporting a protein to interact with SARS-CoV-2, indicating that strong binding proteins are more likely to be identified; *p-value < 0.05; **p-value < 0.01 (Wilcoxon rank sum test); I II, II, III and IV indicate proteins detected in 1,2,3 or 4 experiments, respectively.
These proteins form a dense protein-protein network (Figure 1B) containing several stress granule components (G3BP1, G3BP2, EIF4B, DDX3X, YBX1, PABPC1), ribosomal units (RPS2 and RPS3) and pre-mRNA processing units (HNRNPA1/B2, HNRNPA0, YBX1) (Warde-Farley et al., 2010). The biological relevance of these interactions is confirmed by the fact that SARS-CoV-2 N protein impairs stress granule by sequestering G3BP1 (Lu et al., 2021; Zheng et al., 2021). RPS2 and RPS3 are important because the NSP1 protein of SARS-CoV-2 is responsible for the impairment of mRNA translation by blocking the entry access to the ribosome. The docking within the ribosomal entry channel occurs through binding with RPS2 and RPS3 together with 18S RNA (Mendez et al., 2021).
Some of these proteins have been shown to be also relevant for other viruses’ infection. SND1 is involved in Epstein-Barr infection (Tong et al., 1995); PABPC1 positively regulates Dengue virus infection (Suzuki et al., 2016); PPIA acts as a mediator for SARS-CoV nucleoprotein during the cell invasion process and stimulates RNA-binding ability of HCV NS5A (Chen et al., 2005; Foster et al., 2011); EIF3G is involved in FCV infection process (Pöyry et al., 2007) and DDX3X has been shown to facilitate the viral replication of other several viruses, such as HIV-1, Dengue, Zyka, Venezuelan equine encephalitis and hepatitis C virus (Yedavalli et al., 2004; Amaya et al., 2016; Doñate-Macián et al., 2018). DDX3X has been identified as a suitable target to fight against SARS-CoV-2 infection by Ciccosanti et al. (2021). More precisely, DDX3X has the capability of unfolding viral RNA secondary structures (Kukhanova et al., 2020) as reported for HIV-1 (Brai et al., 2020) in which it enhances both translation and nucleus-to-cytoplasm transport (Stunnenberg et al., 2018), and West Nile (Brai et al., 2019). DDX3X belongs to the DEAD-box family of ATP-dependent RNA helicases and assumes a crucial role in an important variety of processes concerning RNA metabolism, including transcription, splicing, and initial phase of translation (Ariumi, 2014). Importantly, DDX3X interacts with the N protein of SARS-CoV-2 and is required to infect both Vero E6 and Calu-3 cells (Ciccosanti et al., 2021). Additionally, SARS-CoV-2 protein N interacts with DDX3X to inhibit its activity in the antiviral response (Winnard et al., 2021). For these reasons, treating cells with DDX3X inhibitors represents a promising approach to block SARS-CoV-2 replication and viral production (Maga et al., 2011; Brai et al., 2020).
Relationship Between Experimental Interactomes and Computational Predictions
We used the catRAPID method to understand the relationship between experimental evidence of binding and predicted interaction propensity that estimates interaction affinity (Agostini et al., 2013a; Cid-Samper et al., 2018). For this analysis we followed a procedure previously introduced to study the interactome of the long non-coding RNA Xist (Cirillo et al., 2017). We computed all SARS-CoV-2 interactions with proteins reported in the four experimental datasets and counted how many times they were identified (Supplementary Material S1). We observed a distinct correlation between occurrence and strength of interactions, indicating that high-affinity interactions are more likely to be detected (Figure 1C). We note that in the case of Xist, strong interaction proteins were predicted to initiate the formation of a phase-separated assembly (Cerase et al., 2019, 2022), as recently confirmed experimentally (Markaki et al., 2021; Jachowicz et al., 2022).
Evaluation of the Predictions of SARS-CoV-2 Protein Interactions
The vRIC dataset by Kamel et al. contains both enriched and depleted interactions (Kamel et al., 2021) and thus can be used to assess the ability of catRAPID to distinguish between binding and non-binding proteins. To analyze the vRIC interactome, we computed catRAPID predictions of interactions with an experimental FDR <0.10 for SARS-CoV-2 RNA following a procedure detailed in a previous work (Vandelli et al., 2020) (Supplementary Material S1).
As shown in Figure 2A, catRAPID performs extremely well when the proteins are ranked according to their experimental scores (fold change; Supplementary Table S3): the predictive power is proportional to the significance of protein interactions: the Area Under the ROC Curve (AUC) increases from 0.60 to 0.99 while the experimental scores move from 30% (i.e., the 30% strongest positives vs. the 30% strongest negatives) to 2.5% (i.e., the 2.5% strongest positives vs. the 2.5% strongest negatives). Thus, in agreement with the results presented in Figure 1C, computational approaches such as catRAPID can be exploited to address the problem of which proteins bind more tightly to SARS-CoV-2 genome.
[image: Figure 2]FIGURE 2 | catRAPID and catGRANULE predictions of protein interactions. (A) catRAPID performance evaluation. On the X axis we report different portions of the experimental dataset ranked by fold change and on the Y axis there is the corresponding predictive power (Area Under the ROC Curve, AUC). On the right, we report a summary table showing the Uniprot IDs of top 2.5%, 5% and 7.5% experimental cases. (B) Distribution of specific binders for Kamel et al. dataset (Kamel et al., 2021). The most contacted SARS-CoV-2 genomic regions correspond to the 5’ (first fragment) e 3’ (30th fragment). (C) catGRANULE phase separation propensity scores correlate with the number of experiments reporting a protein to interact with SARS-CoV-2 (Bolognesi et al., 2016; Cid-Samper et al., 2018); *p-value < 0.05; ****p-value < 0.0001 (Wilcoxon rank sum test); I II, II, III and IV indicate proteins detected in 1,2,3 or 4 experiments, respectively.
Specific Binders to SARS-CoV-2 Genomic Fragments
catRAPID was employed for the localization of protein binding sites on SARS-CoV-2 genomic RNA. To identify which regions of SARS-CoV-2 bind to specific proteins, we computed interactions for the four experimental protein datasets (30 fragments; Supplementary Material S4), a procedure already proven to be efficient in a previous work (Vandelli et al., 2020).
For each dataset the proteins bound to one fragment at a certain interaction threshold were retained as interactors. We applied three Z-score thresholds (Z ≥ 1.5, Z ≥ 1.75 and Z ≥ 2) in order to evaluate the binding at the different levels of stringency. Higher Z-scores correspond to higher interaction strength (Supplementary Material S5).
Regions encompassing nucleotides 1–1000, 1001–2000, 22001–23000, 26001–27000, 28001–29000, 29001–29903 (Fragments 1, 2, 23, 27, 29 and 30 respectively) are the most contacted SARS-CoV-2 regions, with a high number of interactors in fragments 1, 2 and 30. (Figure 2B; Supplementary Figures S1–S3). In particular, fragment 1, corresponding to the 5′ end of SARS-CoV-2 genome, is the region showing the highest number of specific interactors in all four datasets, as previously discovered (Vandelli et al., 2020). DDX3X is the only common interactor reported in the experimental and computational studies. At a Z ≥ 1.75 we DDX3X is found to bind specifically to fragment 1 of SARS-CoV-2.
Experimental Interactors Have a High Propensity to Phase-Separate
Stress granules facilitate the establishment of an antiviral state by limiting viral protein accumulation and regulating signaling cascades that affect replication (McCormick and Khaperskyy, 2017). The sequestration of G3BP1, G3BP2, EIF4B, DDX3X, YBX1, PABPC1, among other proteins, is part of a mechanism through which SARS-CoV-2 eludes the host immune response by weakening the formation of stress granules (Lu et al., 2021; Zheng et al., 2021). Biochemically, stress granule proteins form labile protein-protein and protein-RNA interactions (Balcerak et al., 2019; Vandelli et al., 2022), which induces the condensation in liquid-liquid phase separated assemblies (Gotor et al., 2020). We reasoned that the relatively small overlap among experimental datasets (Figure 1A) could be caused by the establishment of weak molecular interactions with SARS-CoV-2 RNA. In agreement with this observation, previous studies have suggested that phase separation could be a mechanism through which SARS-CoV-2 attracts host proteins (Iserman et al., 2020; Vandelli et al., 2020).
Using the catGRANULE algorithm to predict phase separation propensities (Bolognesi et al., 2016; Cid-Samper et al., 2018) we analyzed the interactomes of the four experimental datasets. We discovered that the phase separation propensity correlates with how many times proteins are identified experimentally (Figure 2C). Considering that strong binding propensities are associated with proteins reported in the four experiments (Figure 1C) and the reliability of our approach (Figure 2A), we speculate that a possible mechanism of action for SARS-CoV-2 is to target proteins that attract other partners through phase separation.
DISCUSSION
This work is a comparative analysis on protein-RNA interactomes reported in experimental and computational studies. We found several proteins shared by the four experiments, including PABPC1, SND1, PPIA, EIF3G and DDX3X, which previous studies have shown to regulate replication of viruses.
DDX3X is found in all the experimental studies and it has been proven fundamental in SARS-CoV-2 biological processes and in the replication process of other viruses (Maga et al., 2011; Ariumi, 2014; Stunnenberg et al., 2018; Brai et al., 2019, 2020; Kukhanova et al., 2020; Ciccosanti et al., 2021; Winnard et al., 2021). catRAPID predictions of human protein interactions with SARS-CoV-2 showed a prevalence of specific binders to the 5′ end of the virus, with DDX3X being one of them. Since catRAPID reproduces experimental data to a remarkable extent, as assessed by directly comparing performances at different cut-offs, we believe that this information on the localization of protein interactions is to be taken into account for future analyses.
Predictive studies always have a margin of error, so further work will be necessary for a complete understanding of the specific binding sites and the role(s) of proteins in the context of infection.
In a recent study (Cirillo et al., 2017), we reported that the long non-coding RNA Xist physically interacts with few specific proteins that attract several other proteins (Cerase et al., 2019) forming a phase-separated assembly that silences the X chromosome (Cerase et al., 2022; Jachowicz et al., 2022). The relatively poor overlap of interactors among SARS-CoV-2 studies (only 21 proteins in common out of hundreds identified in total) suggests a mechanism similar to the one identified for Xist. The fact that SARS-CoV-2 binding proteins are either stress granules components or have high phase separation propensity supports our hypothesis. Indeed, phase separation is caused by weak protein-protein or protein-RNA interactions (Balcerak et al., 2019; Vandelli et al., 2022), which renders the identification of binding partners particularly difficult at the experimental level (Tartaglia, 2016; Cerase and Tartaglia, 2020) and could hamper their reproducibility. Moreover, the fact that proteins with the highest interaction and phase separation propensities were identified in all experimental studies suggests that they could act as the primary attractors to ignite the formation of an assembly that is capable of using host elements for replication. Further work is needed to study this fundamental aspect of SARS-CoV-2 biology and how it could be exploited to prevent viral infection. For example, molecular chaperones (Tartaglia et al., 2010; Alagar Boopathy et al., 2022) could be important players (Guihur et al., 2020) to be investigated in more detail.
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Long non-coding RNAs play an important regulatory role in tumorigenesis and tumor progression through aerobic glycolysis
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Compared to normal cells, cancer cells generate ATP mainly through aerobic glycolysis, which promotes tumorigenesis and tumor progression. Long non-coding RNAs (LncRNAs) are a class of transcripts longer than 200 nucleotides with little or without evident protein-encoding function. LncRNAs are involved in the ten hallmarks of cancer, interestingly, they are also closely associated with aerobic glycolysis. However, the mechanism of this process is non-transparent to date. Demonstrating the mechanism of lncRNAs regulating tumorigenesis and tumor progression through aerobic glycolysis is particularly critical for cancer therapy, and may provide novel therapeutic targets or strategies in cancer treatment. In this review, we discuss the role of lncRNAs and aerobic glycolysis in tumorigenesis and tumor progression, and further explore their interaction, in hope to provide a novel therapeutic target for cancer treatment.
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1 INTRODUCTION
In recent years, the incidences of tumors have been increasing dramatically, the morbidity rates are increasing in the younger population (Sung et al., 2021). Cancer has become one of the leading causes of death in the human population (Feng et al., 2019; Mattiuzzi and Lippi, 2020). However, the occurrence of cancer involves a complex biological mechanism (Ping et al., 2021), and one of the critical mechanisms of cancer is altered metabolism (Shuvalov et al., 2021), which is cancer metabolic reprogramming. It provides tumor cells with the energy and structural resources necessary for excessive cell proliferation and growth, and has been widely regulated by activation of oncogenes or loss of tumor suppressors (Liu et al., 2019). The uniquely reprogrammed metabolic phenotype exhibited by tumor cells known as the Warburg effect or aerobic glycolysis, which is characterized by high rates of aerobic glycolysis, leads to the production of lactic acid and reduced mitochondrial oxidative phosphorylation even in the presence of oxygen (Warburg, 1956; Liberti and Locasale, 2016). Some signaling pathways play important roles in glucose metabolism, such as PI3K/Akt/mTOR pathway, JAK/STAT pathway, P53 pathway, and so on.
Long non-coding RNAs (LncRNAs) are a heterogeneous group of transcripts of more than 200 nucleotides in length. They regulate numerous cellular processes, primarily through physical interaction with other molecules. LncRNAs are also involved in the ten hallmarks of cancer, including enabling replicative immortality (Chu et al., 2017), sustaining proliferative signaling (Wang et al., 2018b), evading growth suppressors (Hu et al., 2019), resisting cell death (Zhang et al., 2020b), tissue invasion and metastasis (Hanniford et al., 2020), inducing angiogenesis (Wang et al., 2020b), genome instability and mutation (Elguindy and Mendell, 2021), tumor-promoting inflammation (Ahmad et al., 2021), deregulating cell energetics (Chen et al., 2019b), avoiding immune destruction (Jiang et al., 2017). Multiple studies have documented an aberrant lncRNA expression in various cancers where they act as oncogenes or tumor suppressors (Fu et al., 2019; Barth et al., 2020).
Some lncRNAs contributed to cancers are involved in metabolic alterations (Balihodzic et al., 2021). LncRNAs-derived metabolism reprogramming allows cancer cells to maintain deregulated proliferation and withstand hostile microenvironments such as energy stress (Liu et al., 2019), and the probable mechanism of this is that lncRNAs can upregulate metabolic enzymes, disturb metabolic signaling pathways, and modulate the expression of oncogenic or tumor-suppressive genes (Balihodzic et al., 2021). Additionally, lncRNAs are also increasingly being considered potential therapeutic targets (Chandra Gupta and Nandan Tripathi, 2017). Thus, the interaction between lncRNAs and metabolic reprogramming, especially aerobic glycolysis needs further studies. In this review, we mainly discuss the connection between lncRNAs, aerobic glycolysis, and cancer, primarily illustrating the mechanism of lncRNAs regulating tumorigenesis and tumor progression through aerobic glycolysis.
2 LONG NON-CODING RNAS PLAY AN IMPORTANT REGULATORY ROLE IN TUMORIGENESIS AND TUMOR PROGRESSION
About 75% of the human genome can be transcribed into RNA, less than 2% of this group encode proteins, and the vast majority of transcripts are non-coding RNAs (ncRNAs) (2012). The proportion of ncRNAs in the human genome is much lower than that in low-level organisms, which suggests the importance of non-coding RNAs in biological evolution (Birney et al., 2007; ENCODE Project Consortium, 2012). NcRNAs can be divided into two main categories according to the molecular structure, linear RNA and circular RNA. The linear RNAs are further classified as short non-coding RNAs (ncRNAs) and long non-coding RNAs (lncRNAs). LncRNAs are composed of six types according to the genomic location: sense lncRNA, antisense lncRNA, intronic lncRNA, intergenic lncRNA, and bidirectional lncRNA (Zhang et al., 2020c) (Figure 1). In summary, lncRNAs regulating gene expressions at multiple levels, are defined as a group of transcripts longer than 200 nucleotides with little or without evident protein-encoding function (Batista and Chang, 2013). In the past decades, lncRNAs have gradually become one of the most popular molecules in biomedical research. Recent studies have shown that lncRNAs are associated with many important physiologic and pathologic processes, including differentiation, development, and disease. The molecular mechanism involved has been concluded as follows (Huang et al., 2020; Statello et al., 2021): 1) LncRNAs interact with specific protein to participate in global cellular processes by regulating protein activity or modulating protein-protein interactions as scaffolds to facilitating the formation of the protein complex. 2) LncRNAs recruit chromatin modification complexes to the promoter region of chromatin and promote chromatin modification. 3) LncRNAs recruit the DNA of RNA binding proteins (RBPs) and remodel chromatin structure, thus regulating the expression of target genes. 4) LncRNAs sequester miRNAs from target mRNAs as competitive endogenous RNA (Figure 2).
[image: Figure 1]FIGURE 1 | The classification of Long non-coding RNAs (LncRNAs). (A) Sense LncRNAs, it is transcribed by sense chain of protein coding gene, overlaps with at least one exon of protein coding gene on the same chain. (B) Antisense LncRNAs, it is transcribed by the complementary DNA strand of protein coding gene, overlaps with at least one exon of the positive gene. (C) Intronic LncRNAs, it is located in the intron region of a protein coding gene without overlapping with its exons. (D) Intergenic LncRNAs, it is located between two protein coding genes and can be transcribed independently. (E) Bidirectional LncRNAs, they share the same promoter with protein coding genes, but the transcription direction is opposite to protein coding genes.
[image: Figure 2]FIGURE 2 | The molecular mechanism of LncRNAs. (A) LncRNAs interact with specific protein to participate in global cellular processes by regulating protein activity or modulating protein-protein interactions as scaffolds to facilitating the formation of protein complex. (B) LncRNAs recruit chromatin modification complexes to the promoter region of chromatin, and promote chromatin modification. (C) LncRNAs recruit the DNA of RNA binding proteins (RBPs), remodel chromatin structure, thus regulating the expression of target genes. (D) LncRNAs sequester miRNAs from target mRNAs as competitive endogenous RNA.
LncRNAs have been determined to be involved in regulating a variety of physiological processes during tumor development, including proliferation, apoptosis, metastasis, maintaining the stemness property of cancer stem cells (CSCs), tumor-related inflammation, etc. For example, LINC00926 inhibits breast cancer cell proliferation, invasion, and metastasis both in vivo and vitro (Chu et al., 2021). LncRNA HOTAIR functions as a ceRNA for tumor-suppressive miRNAs to induce the CSC phenotype in hepatocellular carcinoma (HCC) under hypoxia (Hu et al., 2020). LncRNA GNAS-AS1 redirected the polarization of macrophages in tumor microenvironment and promoted the migration and invasion of non-small cell lung cancer (Li et al., 2020c). LncRNA FENDRR potentiates tumorigenicity and cell growth in hepatocellular carcinoma mainly through suppressing Treg-mediated immune evasion of cancer cells by competitively bounding to miR-423-5p (Yu et al., 2019). LncRNA GAS5 could enhance the killing effect of NK cells on liver cancer by sponging miR-544 to target RUNX3, which augments NK cell cytotoxicity, IFN-γ secretion, and the proportion of CD107a+ NK cells (Fang et al., 2019). Therefore, lncRNAs are promising targets in tumors because of their important roles in tumorigenesis and tumor progression.
Unfortunately, even though more than 40,000 lncRNAs have been found in human tissues, statistics from Human GENCODE suggest that the human genome contains more than 16,000 lncRNA genes (Fang et al., 2018; Uszczynska-Ratajczak et al., 2018), however, most of them have not been reported in the literature. Until now, the molecular mechanisms of lncRNAs in regulating biological processes are unknown to a large extent. Exploring the role of lncRNAs in eukaryotic cells, especially in cancer cells may reveal new rules and mechanisms for regulating physiological processes. It will annotate and clarify the structure and function of the genome from a different perspective from protein-coding genes, and analyze the essence of life activity more comprehensively.
3 AEROBIC GLYCOLYSIS IS CLOSELY ASSOCIATED WITH TUMORIGENESIS AND TUMOR PROGRESSION
Glycolysis is an important process of cell glucose metabolism, during the process glucose degrades into acetone acid and synthesis ATP in cytoplasm (Gatenby and Gillies, 2004). Glycolysis is the initial enzymatic decomposition reaction of glucose in eukaryotic cells and bacteria. It has important physiological significance for cells in hypoxia and some special physiological and pathological conditions. In the 1920s, Warburg found that tumor cells employ aerobic glycolysis coupling with reduced mitochondrial oxidative phosphorylation for energy instead of oxidative phosphorylation, even in a sufficient oxygen state. This phenomenon is called “Warburg effect” (Warburg, 1956). On the contrary, normal cells produce ATP mainly through oxidative phosphorylation (Figure 3). One glucose molecule can synthesize 38 ATP molecules through oxidative phosphorylation, while synthesis of 2 ATP molecules through aerobic glycolysis (Feng et al., 2020). Although aerobic glycolysis synthesizes far less energy than oxidative phosphorylation, aerobic glycolysis synthesizes a large number of intermediates necessary for anabolism. Aerobic glycolysis has an important effect on tumor metabolic pathways, tumor microenvironment, and signaling pathways in tumors. Therefore, it is of great significance to explore the mechanisms of aerobic glycolysis in tumorigenesis and tumor progression, which may provide new therapeutic targets or strategies in tumor treatment.
[image: Figure 3]FIGURE 3 | The difference of oxidative phosphorylation and aerobic glycolysis. (A) Normal cell produces energy mainly through oxidative phosphorylation. (B) Cancer cell produces energy mainly through aerobic glycolysis.
3.1 Aerobic glycolysis laid the foundation of proliferation in tumors
Tumorigenesis is a relatively long-term and steady pathological process, phenotypically characterized by uncontrolled cell proliferation (Coleman and Parlo, 2021). Altered metabolisms, which are one of the critical hallmarks of cancer, provide tumor cells with the necessary energy and structural resources for rapid proliferation (Shuvalov et al., 2021). Besides, the large number of intermediates produced during aerobic glycolysis provides the necessary substrates for the rapid and sustained proliferation of tumor cells (Vaupel et al., 2019). Furthermore, compared with oxidative phosphorylation, aerobic glycolysis produces fewer reactive oxygen species to circumvent the deleterious effects of cancer cells. Numerous studies have documented that aerobic glycolysis is pivotal to support the rapid proliferation of malignant cells. The glycolytic enzyme Enolase 1 (ENO1) promotes serine/threonine kinase (AKT) activation to exert its metabolic effects, and the AKT/mTOR signaling pathway is essential for glucose metabolism. It is quite a coincidence that circRPN2 could bind to ENO1 and accelerates its degradation to promote glycolytic reprogramming through the AKT/mTOR pathway, thereby inhibiting hepatocellular carcinoma (HCC) proliferation and metastasis (Li et al., 2022). This indicates that aerobic glycolysis is closely related to tumor proliferation. Besides, pyruvate dehydrogenase kinase 1 (PDK1) was demonstrated to be overexpressed in non-small cell lung cancer tissues and promote cell proliferation and migration by modulating aerobic glycolysis (Liu and Yin, 2017). Similarly, the expression of pyruvate kinase M2 (PKM2) and glucose transporter1 (GLUT1), two important enzymes in aerobic glycolysis, was upregulated by Lin28A/SNHG14/IRF6 axis, thereby reprogramed glucose metabolism and stimulate cell proliferation in glioma cells (Lu et al., 2020). Hexokinase3 (HK3) is a key gene in aerobic glycolysis and participates in the first step of aerobic glycolysis (Kudryavtseva et al., 2016), it could promote the rapid proliferation, invasion, and metastasis of clear cell renal cancer cells by suppressing apoptosis and enhancing epithelial-mesenchymal transition (EMT) (Zhang et al., 2021).
In summary, aerobic glycolysis plays a necessary role in tumor proliferation. In contrast, inhibition of aerobic glycolysis maybe a promising method to suppress tumor growth and proliferation. For example, miR-30a-5p inhibits breast cancer cell proliferation, invasion, and metastasis both in vitro and in vivo by dampening aerobic glycolysis (Li et al., 2017).
3.2 Aerobic glycolysis laid the foundation of invasion and metastasis in tumors
Invasion and metastasis are the leading causes of cancer death (Romano et al., 2014). The ratio between glycolytic and oxidative ATP flux rate is potently associated with cancer invasion and metastasis behavior (Yizhak et al., 2014). Aerobic glycolysis provides nicotinamide adenine dinucleotide phosphate (NADPH) and ATP, as well as the carbon skeletons and intermediates obtained from its high rate of glucose fermentation, as components of biomolecular synthesis that are used by cancer cells to support their rapid growth and metastasis, invasiveness, and chemoresistance (Mullarky and Cantley, 2015; Abdel-Wahab et al., 2019). Unsurprisingly, a recent study showed that glycolysis is the major source of ATP production in endothelial cells and that the silencing of the glycolytic regulator 6-phosphofructo-2-kinase/fructose-2,6-biphosphatase 3 (PFKFB3) impairs the cell metastasis capacity and interferes with vessel sprouting (De Bock et al., 2013). In addition, the expression changes of rate-limiting enzymes in aerobic glycolytic can greatly affect cancer metastasis. For example, the glycolytic enzyme ENO2 promotes the growth and invasion of clear cell renal cancer cells through aerobic glycolysis (Zhang et al., 2021). Hexokinase (HK) is the first rate-limiting enzyme in aerobic glycolytic. It has been reported that the increased expression of HK3 is related to EMT in colorectal cancer, which is involved in the rapid growth and metastasis of colorectal cancer (Pudova et al., 2018). Moreover, the abnormally high expression of fructose-bisphosphatase 1 (FBP1), a downstream glycolysis enzyme and tumor suppressor which was recognized as a glycolysis inhibitor inhibits the invasion and metastasis of breast cancer (Shi et al., 2017). In contrast, the low expression of FBP1 promoted hepatocellular carcinoma cells metastasis through aerobic glycolysis (Yang et al., 2017). These enzymes accelerate the rate of glycolysis, producing faster and more ATP.
Interestingly, the generation of ATP and intermediates also promotes the generation of toxic levels of lactate (Doherty et al., 2014), which aids cancer metastasis and invasion mainly by causing an acidic environment. Many studies have found that a higher lactate level accompanied by enhanced aerobic glycolytic is significantly correlated with recurrence and high metastatic potential of tumors resulting in poor patient outcomes (Walenta et al., 2000). Another study reveals that lactate increases the uptake of folate and glucose, and further increases breast cancer cell T47D metastasis capacity (Guedes et al., 2016).
Consequently, the demand for developing drugs that could attenuate metastasis of malignancies via aerobic glycolysis is highly appreciated. Yi et al. reported in 2019 that betulinic acid, a pentacyclic triterpene widely found in birch bark extracts, could restrain breast cancer invasion and metastasis by inhibiting aerobic glycolysis through GRP78/PERK/β-catenin/c-Myc signaling pathway (Zheng et al., 2019b). Collectively, these findings provide a further prospect that the study of aerobic glycolysis inhibition is a promising new strategy for anti-invasion and anti-metastasis in malignancies.
3.3 Aerobic glycolysis laid the foundation of epithelial-mesenchymal transition in tumors
The initiation of metastasis is closely associated with EMT (Ribatti et al., 2020). EMT is a process in which epithelial cells lose their intercellular adherence and cellular polarity and acquire the mesenchymal phenotype. EMT is a crucial process in embryogenesis, organ fibrosis, and cancer metastasis (Greenburg and Hay, 1982). Recently, it has become apparent that EMT is tightly associated with aerobic glycolysis. Induction of EMT is associated with heightened rates of glycolysis and lactate production (Liu et al., 2016). Several studies have demonstrated that the master-regulators of EMT transcriptional factors such as zinc finger E-box binding homeobox 1 (Zeb1), snail zinc finger protein (Snail), and twist protein (Twist) are also able to regulate metabolic modulations (Georgakopoulos-Soares et al., 2020). Zeb1 was shown to induce aerobic glycolysis in pancreatic cancer cell models by repressing mitochondrial-localized tumor suppressor sirtuin 3 (SIRT3) (Krebs et al., 2017). Twist was shown to enhance glucose consumption and lactate production. Yang et al. (2015) found that Twist augments PKM2, Lactate dehydrogenase A (LDHA), and glucose-6-phosphate dehydrogenase (G6PD) by activating β1-integrin/FAK/PI3K/AKT/mTOR axis in MCF10A mammary epithelial cells. Similarly, Snail also promotes the metastatic spread by affecting glucose metabolism. Kim and his colleagues showed that Snail reprograms glucose metabolism by repressing phosphofructokinase (PFKP) which switches the glucose flux towards the pentose phosphate pathway in breast cancer (Jo et al., 2020). Besides, Snail-mediated increase in glucose uptake and lactate production was also demonstrated in gastric cancer. Snail-FBP1 signaling axis serves as an effective therapeutic target for primary tumor EMT and glucose metabolism reprogramming (Yu et al., 2017). Consequently, inhibiting aerobic glycolysis maybe a new avenue for suppressing EMT in cancer.
3.4 Aerobic glycolysis laid the foundation of apoptosis in tumors
The orderly and delicate regulation of apoptosis under physiological and pathological conditions is an autonomous clearance mechanism adopted by cells to maintain their homeostasis (Galluzzi et al., 2018). However, insufficient apoptosis induces neoplastic diseases, such as cancer. Increasing evidence indicates the close link between aerobic glycolysis and apoptosis resistance in tumor progression as well as poor patient outcomes (Gu et al., 2017). Metabolism can directly or indirectly regulate the apoptotic machinery, cancer cells regulate aerobic glycolysis to escape apoptosis (Matsuura et al., 2016). Lactate acid, the end product of aerobic glycolysis, induces the expression of glycolytic enzymes PFK1 in tumor cells, enhance the supply of ATP and resist cellular apoptosis. PFK15, a glycolytic inhibitor, could rapidly reduce the glucose uptake and induce apoptosis of lung carcinomas cancer cells both in vitro and vivo (Clem et al., 2013). Similarly, S100A10 activated mTOR pathway by interacting with annexin A2 to accelerate tumor aerobic glycolysis, promoted malignant proliferation, and suppressed cell apoptosis in gastric cancer (Li et al., 2020b).
In summary, aerobic glycolysis could affect cancer cell apoptosis, and aerobic glycolysis inhibition maybe a novel way to promote cancer cell apoptosis. Such as, several HK inhibitors, including the catalytic inhibitors 3-Bromopyruvate (3-BrPyr), Lonidamine, and the glucose-analogue, competitive inhibitor 2-Deoxyglucose (2-DG) both target HK2 in many tumor models, detach it from mitochondria and elicit tumor cell death (Garcia et al., 2019).
3.5 Aerobic glycolysis maintains the stemness property of cancer stem cells
Cancer stem cells are a rare subpopulation of cells that exhibit self-renewal properties and higher tumorigenicity compared with normal tumor cells (Magee et al., 2012). They are recognized as driving forces behind tumor growth (Mamouni et al., 2021). Emerging evidence indicates that metabolic reprogramming, especially the shift of glucose metabolism from mitochondrial oxidative phosphorylation to aerobic glycolysis which is known as Warburg effect, is a prerequisite step for the generation of the cancer stem cells, modulates the phenotype of cancer stem cells, and reshapes the tumor microenvironment (Chen et al., 2019a; Thakur and Chen, 2019). Recently, some studies revealed that aerobic glycolysis is tightly associated with the stemness property of cancer stem cells. And the product of aerobic glycolysis lactate further enhanced the stemness properties of cancer stem cells. Malignancies are recognized as a kind of devastating disease characterized by persistent hypoxia. Hypoxia-inducible factor-2α (HIF-2α), which is critical for tumor cells to adapt to the hypoxic microenvironment, enhances tumor stemness by elevating the expression level of stemness-associated transcriptional factors Nanog and Oct4 through classic Wnt/β-catenin signaling pathway (Zhang et al., 2017). β-arrestin1 (ARRB1) regulated the metabolic preference of bladder cancer stem cells and functioned as a molecular switch which promoted reprogramming towards glycolysis by negatively regulating mitochondrial pyruvate carrier 1 (MPC1) and positively regulating GLUT1 along with glucose uptake (Mamouni et al., 2021). The glycolytic enzyme ENO1 can improve the stemness of gastric cancer stem cells by prominently enhancing the cell’s aerobic glycolysis (Yang et al., 2020). Besides, accumulating research have shown that chemoresistance of cancer stem cell results from dysregulation of glucose metabolism. Tao et al. demonstrated the chemoresistance of gemcitabine (GEM) in pancreatic cancer treatment is due to its metabolic reprogramming and cancer cell stemness enhancement. GEM treatment induced a metabolic shift from mitochondrial oxidation to aerobic glycolysis, which further promoted cancer cell stemness through KRAS/AMPK signaling (Zhao et al., 2019).
Interestingly, lncRNAs can regulate the stemness of cancer stem cells by regulating aerobic glycolysis. LncRNAs described in EMT regulation or metabolic reprogramming are freshly discovered to contribute to CSC creation and stemness maintenance by interacting with self-renewal transcriptional factors such as Nanog homeobox (NANOG), organic cation/carnitine transporter4 (OCT4) and SRY-box transcription factor 2 (SOX2). For example, lncRNA NEAT1 promoted glycolysis by regulating miRNAs (Tan et al., 2020). In addition, NEAT1 regulated CSC properties including self-renew and chemo-resistance in triple-negative breast cancer and lung cancer stem cells by upregulating the expression of pluripotency regulators SOX2, CD44 molecule (CD44), and aldehyde dehydrogenase (ALDH) in a Wnt signaling dependent manner (Shin et al., 2019). Therefore, aerobic glycolysis is closely related to the stemness property of cancer stem cells, and lncRNA is emerging as a pivotal regulator of aerobic glycolysis in CSC, but its overall role in CSC reprogramming needs to be further explored in future studies.
3.6 Aerobic glycolysis is closely associated with tumor immune microenvironment
Tumor immune microenvironment (TIME) refers to distinct populations of innate and adaptive immune cells, accompanied by different degrees and types of immune cell infiltration (Togo et al., 2020), including mast cells, macrophages, neutrophils, myeloid-derived suppressor cells (MDSCs), B cells, CD4+ T helper (Th) cells, regulatory T cells (Tregs), CD8+ cytotoxic T lymphocytes (CTLs), natural killer (NK) cells, dendritic cells (DCs) and some other innate immune cells. TIME influences the immune escape of cancer, and the response and outcome of immunotherapy (Zhang et al., 2020c). The immune response is related to the dramatic modifications in tissue metabolism, including the depletion of nutrients, the increase of oxygen consumption, and the production of reactive nitrogen and oxygen intermediates (Terry et al., 2020). Cancer cells suppress anti-tumor immune response by competing for nutrients or depleting nutrients or reducing the metabolic fitness of tumor-infiltrating immune cells in TIME (Guerra et al., 2020). Moreover, metabolites in TIME also influence immune cells differentiation and effector function. In recent years, the intimate relationship between multifaceted alterations in tumor metabolism and their subsequent influence on immune regulation has become increasingly recognized as an important factor contributing to tumorigenesis and tumor progression (Kesarwani et al., 2017). As we all know, tumor cells generate ATP mainly through aerobic glycolysis, subsequently promoting their proliferation (Altman et al., 2016). However, a new study described that enhanced aerobic glycolysis not only supports the proliferation of cancer cells but also supports the bioenergetic and biosynthetic needs of immune cells (Pearce and Pearce, 2013). Moreover, several clinical studies indicated that aerobic glycolytic activity in human tumors is negatively associated with host antitumor immune responses and the prognosis of anticancer immunotherapy (Jia et al., 2020). Furthermore, some rate-limiting enzymes in the glycolytic pathway act as hallmarks of malignancies, such as HK2 and PKM2, which are responsible for the regulation of immune evasion (Feng et al., 2020).
To date, many studies revealed some immune cells in TIME, such as T cells, and TAMs, which could affect tumorigenesis and tumor progression linked to aerobic glycolysis. T cells play an important role in anti-tumor defense because they exert a powerful immunogens-specific response against cancer cells (Guerra et al., 2020). The emerging evidence indicated that the metabolic status of T cells is crucial for their anti-tumor functions through aerobic glycolysis, tumor cells release lactate into the TIME, which interferes with T cell survival and activation (Brand et al., 2016), reversely, TIME has a significant impact on T cell metabolism, differentiation, and function. A study revealed that excessive glucose uptake by tumor cells restricts the anti-cancer activity of tumor-infiltrating T cells, which leads to increased glycolytic capacity, dampened the mechanistic target of rapamycin kinase (mTOR) activity, and allows tumor progression (Chang et al., 2015). LDHA could catalyze pyruvate to lactate in tumor cells through aerobic glycolysis, knockdown LDHA in tumor cells neutralized TIME acidity, and promoted tumor infiltration by CD8+ T cells and NK cells while decreasing the number of immunosuppressive immune cells (Zhang et al., 2019). TAMs are the major immunosuppressive components in TIME, accounting for a large proportion of the tumor mass, in addition, they are highly glycolytic and produce large amounts of lactate. A study demonstrated that mTOR signaling is closely connected with the polarization of TAMs from anti-tumoral M1Ф to pro-tumoral M2Ф, anti-tumoral M1Ф regulates aerobic glycolysis in cancer cells leading to reduced proliferation and decreased production of lactate, and lactate was the potent immunosuppressor and angiogenesis stimulator in the tumor microenvironment (Chen et al., 2020a). Furthermore, genetic deletion of LDHA, 2-DG administration, or mTORC1 inhibition has been proposed as therapeutic avenues designed to decrease glycolytic metabolism in cancer cells, reduce lactate in the TIME, and repolarize TAMs to a pro-inflammatory state (Vitale et al., 2019). Thus, affecting aerobic glycolysis might not only improve immune cell responses against highly immunogenetic cancers but also increase the immunogenicity of cancer cells, and targeting aerobic glycolysis might be a novel insight to regulating tumor immune microenvironment, finally inhibit the immune escape of cancer, tumorigenesis, and tumor progression.
4 LONG NON-CODING RNAS REGULATE TUMORIGENESIS AND TUMOR PROGRESSION THROUGH GLYCOLYTIC ENZYMES AND GLUCOSE TRANSPORTER
The “Warburg effect” has been discovered nearly a hundred years ago, however, there are still many mysteries about the molecular mechanisms of aerobic glycolysis in tumors, especially the roles of lncRNAs in the regulation of aerobic glycolysis. Recent studies have implicated the roles of lncRNAs in the regulation of glycolysis. Some lncRNAs are reported to modulate the expression levels of glycolytic enzymes (Fan et al., 2017). Some lncRNAs are known to regulate glycolysis-related transcription factors or signaling pathways. For example, lincRNA-p21 (Yang et al., 2014), linc-AC020978 (Hua et al., 2020), and LINK-A (Lin et al., 2016), have been reported to promote glycolysis under hypoxic conditions through HIF1α. The lncRNA-MEG3 can depress aerobic glycolysis via p53 and functions as a tumor suppressor in liver cancer cells (Zhang et al., 2003; Zhou et al., 2007). These studies indicated that lncRNAs may play an important role in glycolysis, but the biological functions and underlying mechanisms should be evaluated in-depth. Particularly, there is no evidence confirming that lncRNAs regulate the balance between aerobic glycolysis and oxidative phosphorylation by directly regulating related signaling pathways. Here, we reviewed that lncRNAs could regulate tumorigenesis and tumor progression through glycolytic enzymes and glucose transporter.
4.1 Long non-coding RNAs regulate tumor metabolism and tumorigenesis, and tumor progression through the enzymes of aerobic glycolysis
4.1.1 Long non-coding RNAs regulate tumor metabolism and tumorigenesis, and tumor progression through pyruvate kinase M2
Pyruvate Kinase (PK) is a class of known glycolytic enzymes involved in the last step of glycolysis by converting phosphoenolpyruvate (PEP) to pyruvate. Four isoforms of pyruvate kinase have been identified: PKM1, PKM2, PKR, and PKL (Chen et al., 2020b). PKL and PKR, which are encoded by the PKLR gene, are expressed in some special tissues, such as liver, kidney, and erythrocytes (Massari et al., 2016), respectively, whereas PKM1 and PKM2, are encoded by the same PKM gene via alternative RNA splicing (Taniguchi et al., 2020). Compared to the other three subtypes, PKM2 is an embryonic isoform that is highly expressed in embryos with lower enzymatic activity than PKM1 (Christofk et al., 2008a). During embryogenesis, PKM2 is progressively replaced by the other three isoenzymes. Conversely, during tumorigenesis, PKM2 gradually replace the other three subtypes and showed a tendency of high expression in tumor tissues (Mazurek, 2011). For example, there is a switch from the PKM1 isoform to the PKM2 isoform in various cancers like glioblastoma and hepatocellular carcinoma, which enhances the level of aerobic glycolysis in tumors and promotes tumor formation and proliferation (Christofk et al., 2008b). Therefore, suppressing PKM2 is significantly important for inhibiting carcinogenesis and the development of carcinomas. PKM2pS37 is the best-studied form of PKM2 phosphorylation to date and triple-negative breast cancer is the most aggressive breast cancer subtype. A study demonstrated that PKM2pS37, as the prognostic indicator of triple negative breast cancer outcomes, has the potential to impact triple-negative breast cancer patients directly with CDK inhibitors and pyruvate kinase activators alone or in combination (Apostolidi et al., 2021). Consistent with these studies, we defined that the expression level of PKM2 is significantly different in four subtypes of breast cancer. As shown in Figure 4, PKM2 is relatively highly expressed in luminal, HER2+, and triple-negative breast cancers in the different subclasses of breast cancers. It is not the only case, in the different histological subtypes of colon adenocarcinomas, PKM2 is also relatively highly expressed in adenocarcinoma and mucinous adenocarcinoma. In the different histological subtypes of liver hepatocellular carcinomas, PKM2 especially showed the highest expression level in fibrolamellar carcinoma. However, although PKM2 showed relatively low expression levels in the ERG fusion, FOXA1 mutation, and SPOP mutation molecular signature of prostate adenocarcinomas, there were no significant differences in several other molecular signatures of prostate adenocarcinoma (The data comes from UALCAN).
[image: Figure 4]FIGURE 4 | Association of PKM2 gene expression with histological subtypes and molecular signature in different cancers. BRCA, breast invasive carcinoma. COAD, colon adenocarcinoma. LIHC, liver hepatocellular carcinoma. PRAD, prostate adenocarcinoma.
According to recent studies, lncRNAs are involved in tumor metabolism and proliferation by regulating the enzymatic or transcriptional activity of PKM2 and related signaling pathways. LncRNA-FEZF1-AS1 could enhance aerobic glycolysis, promote proliferation and metastasis of colorectal cancer, and increase the stability and expression level of PKM2 in cytoplasmic and nucleus. And the increasing expression of PKM2 in cytoplasm promoted lactate production in colorectal cancer cells (Bian et al., 2018). LncRNA-WFDC21P markedly inhibited hepatocellular carcinoma cell’s proliferation and metastasis via modulating the process of glycolysis by binding to PKM2 and suppressed its transcriptional activity, which inhibited the activity and nuclear translocation of HIF1α (Guan et al., 2020). LncRNA-HOXB-AS3 peptide suppressed colon cancer (CRC) growth through blocking hnRNPA1-mediated PKM splices, thereby inhibiting the formation of PKM2 and suppressing the reprogramming of the glucose metabolism (Huang et al., 2017). Several lncRNAs have been found to investigate their roles in liver cancer development and progression. Linc01554 downregulation empowers HCC cancer cells to acquire high aerobic glycolysis and sustain cells’ growth advantages. Zheng YL et. demonstrated that Linc01554 plays a tumor suppressor role in regulating ubiquitin-mediated degradation of PKM2 and inhibiting Akt/mTOR signaling pathway (Zheng et al., 2019a). LncRNA-SOX2OT promotes HCC metastasis by upregulating PKM2, which increases the glycolytic pathway in HCC cells and thereby enhances EMT (Liang et al., 2020). Thus, PKM2 may be closely related to lncRNAs-mediated tumor pathogenesis and development. However, further studies are needed to explore the underlying molecular mechanism.
4.1.2 Long non-coding RNAs regulate tumor metabolism and tumorigenesis, tumor progression through lactate dehydrogenase A
Lactate dehydrogenase (LDH) comes from a family of NAD+-dependent enzymes, which act as a tetrameric enzyme with distinct catalytic activity. The LDH family comprises two major subunits: A and/or B, resulting in five major isozymes: A4, A3B1, A2B2, A1B3, and B4. LDH catalyzes the conversion of pyruvate to lactate and NADPH to Nicotinamide adenine dinucleotide (NADH) and produces energy in the form of ATP, which is the end product of glycolysis. Lactate dehydrogenase A (LDHA), also known as LDH-5, M-LDH, or A4, which is the predominant form in skeletal muscle, kinetically prefers the converting pyruvate to lactate in aerobic glycolysis in tumors. The overexpression of LDHA has been established in various solid cancers, including renal, pancreatic, non-small cell lung cancer, colorectal cancer, breast cancer, and other gynecologic cancers (Goldman et al., 1964). Molecular mechanism studies indicated that LDHA plays critical roles in tumor maintenance and aggravation, including promoting cancer cell proliferation, epithelial to mesenchymal transition (Jiang et al., 2016), angiogenesis (Giatromanolaki et al., 2006), cytoskeletal remodeling (Arseneault et al., 2013), cell motility, invasion and metastasis (Liu et al., 2015). Correspondingly, LDHA inhibition is shown to impair tumorigenesis and tumor growth (Le et al., 2010; Baig et al., 2019). Besides, it has been observed in several studies that inhibition of LDHA causes no significant toxic effect on normal tissue, which makes LDHA a promising therapeutic target in cancer (Tachtsidis et al., 2016). Such as, inhibiting LDHA with FX11 (LDHA inhibitor) suppressed pyruvate to lactate conversion, and caused reductions in ATP levels and substantial oxidative stress in cancer cells (Le et al., 2010). We evaluated the gene expression level of LDHA within different molecular or histological subtypes in four cancer types in TCGA publications. As shown in Figure 5, the gene expression analyzed are: 1) LDHA is relatively highly expressed in luminal, HER2+, and triple-negative breast cancers in the different subclasses of breast cancers. 2) In different histological subtypes of colon adenocarcinomas, LDHA is also relatively highly expressed in adenocarcinoma and mucinous adenocarcinoma. 3) Similarly, in the different histological subtypes of liver hepatocellular carcinomas, LDHA is relatively highly expressed in hepatocholangio carcinoma (Mixed). 4) Similar result was also found in prostate adenocarcinoma, LDHA is especially highly expressed in ERG fusion, ETV1 fusion, ETV4 fusion, IDH1 mutation, and SPOP mutation subtype, there were no significant differences in several other molecular signatures of prostate adenocarcinomas such as FLI1 fusion and FOXA1 mutation (The data comes from UALCAN).
[image: Figure 5]FIGURE 5 | Association of LDHA gene expression with histological subtypes and molecular signature in different cancers. BRCA, breast invasive carcinoma. COAD, colon adenocarcinoma. LIHC, liver hepatocellular carcinoma. PRAD, prostate adenocarcinoma.
Recent studies have focused on the regulatory function of lncRNAs in cancer cell glucose metabolism through LDHA. LncRNA-IGFBP4-1 has been demonstrated to increase ATP production in lung cancer cells by upregulating metabolism enzymes expression, including HK2, LDHA, and PDK1 (Yang et al., 2017a). Wang et al. (2020a) revealed that lncRNA HULC orchestrates enzymatic activities of two glycolytic enzymes, LDHA and PKM2, by directly adapting them to binding to fibroblast growth factor receptor type 1 (FGFR1), and eventually promoting Warburg effect in hepatocellular carcinoma cells. Over-activated metabolic signaling pathways were found to be involved in lncRNAs related to rapid ATP production and proliferation in cancer cells. For example, lncRNA ANRIL up-regulated the expression of Glut1 and LDHA by promoting the phosphorylation of Akt to activate the mTOR signal pathway (Zou et al., 2016). LncRNA RAET1K upregulated the expression of LDHA, decreased the expression of miR-100-5p, then upregulated the ICMT-Rac1 signaling pathway, thus promoting HCC metastasis (Zhou et al., 2020). Thus, LDHA may be another target that is related to lncRNAs and mediated tumor pathogenesis and development, but the underlying mechanism needs to be urgently investigated.
4.1.3 Long non-coding RNAs regulate tumor metabolism and tumorigenesis, tumor progression through Hexokinase2
Hexokinase (HK) is a group of rate-limiting enzymes in the glycolysis pathway, which using ATP as a phosphate donor, catalyzes the phosphorylation of glucose to produce glucose 6-phosphate (Lu and Hunter, 2018). There are four isoforms of HK: HK-Ⅰ, HK-Ⅱ, HK-Ⅲ, and HK-Ⅳ. HK-Ⅰ, and HK-Ⅲ are ubiquitously expressed, while the expression of HK-Ⅳ, glucokinase, is restricted primarily to the liver and pancreas. Different from these three isoforms, HK-Ⅱ (HK2) is the predominant isoform in insulin-sensitive tissues such as adipose, skeletal, and cardiac muscle. HK2 catalyzes the first committed step of glucose metabolism and initiates the major pathways of glucose utilization, it is confirmed to be a tumor promoter and plays an important regulating role in glucose metabolism in multiple malignancies, including breast cancer, lung cancer, and liver cancers (Kawai et al., 2005; Zhang et al., 2020a). Besides, HK2 has been recognized to regulate the malignant phenotype of cancer cells, such as cellular apoptosis and migratory capabilities (Lis et al., 2016; Chen J. et al., 2019c; Feng et al., 2020). Among the different subtypes of cancers, the expression of HK2 is diverse. As shown in Figure 6, there was no significant correlation between HK2 expression and molecular or histological subtypes in breast cancers. In the different molecular of colon adenocarcinomas, HK2 is relatively lowly expressed in adenocarcinoma and mucinous adenocarcinoma. While in the different histological subtypes of liver hepatocellular carcinomas, HK2 is relatively highly expressed in hepatocellular carcinoma. A similar result was also found in prostate adenocarcinoma, HK2 is especially highly expressed in ERG fusion, ETV1 fusion, ETV4 fusion, FOXA1 mutation, IDH1 mutation, and SPOP mutation subtype, there was no significant difference in FLI1 fusion (The data comes from UALCAN).
[image: Figure 6]FIGURE 6 | Association of HK2 gene expression with histological subtypes and molecular signature in different cancers. BRCA, breast invasive carcinoma. COAD, colon adenocarcinoma. LIHC, liver hepatocellular carcinoma. PRAD, prostate adenocarcinoma.
Recently, there are several studies revealed that lncRNAs can regulate tumor metabolism and proliferation through HK2. Some studies indicated that lncRNA could act as a sponge of miRNA, enhance the expression of HK2, and promote cancer cell proliferation, metastasis, and invasion. For example, lncRNA PVT1 could act as a molecular sponge of miR-497, promote the expression of HK2, enhance the uptake of glucose and production of lactate, and promote osteosarcoma cell proliferation (Song et al., 2017). LncRNA C1QTNF1 could sponge miR-484 and consequently increase HK2 expression, promoting colorectal cancer cell proliferation, migration, and invasion (Jin et al., 2020a). LncRNA DUXAP8 could directly sponge miR-409-3p to regulate HK2 expression, and promote non-small-cell lung cancer cell growth, and metastasis (Yin et al., 2020). LncRNA HOTTIP promoted glycolysis under hypoxia by directly binding to miR-615-3p, acting as a molecular sponge, thus regulating the protein expression of hexokinase 2 (HK2) and high mobility group box 3 (HMGB3) (Shi et al., 2019). Interestingly, HOTTIP has also been demonstrated to stimulate CSC properties by mediating the activation of stemness and self-renewal transcriptional factors NANOG, OCT4, and SOX2 through Wnt/β-catenin signaling pathway (Han et al., 2020). Some studies indicated that lncRNA could regulate signaling pathways, and affect aerobic glycolysis and tumorigenesis. For example, lncRNA UCA1 could activate the mTOR pathway, mediate the regulation of urothelial cancer associated 1 (UCA1) to HK2 through activation of signal transducer and activator of transcription 3 (STAT3), then promote glycolysis, exert promotion effects on tumorigenesis in bladder cancer (Li et al., 2014). LncRNA BCAR4 coordinated the Hedgehog signaling pathway to enhance the transcription of glycolysis activators HK2, facilitating tumorigenesis in breast cancer (Zheng et al., 2017). Accordingly, HK2 may be related to lncRNA and co-regulated tumor pathogenesis and development, but the underlying mechanism needed to be further studied.
4.2 Long non-coding RNAs regulate tumor metabolism and tumorigenesis, tumor progression through glucose transporters1
Tumor cells have an increased dependence on extracellular glucose, thus glucose transporters (GLUTs) constitute also an anticancer target (Barbosa and Martel, 2020). The GLUT family is facultative transporter that play a vital role in glucose transport across the plasma membrane, which is the initial step of glycolysis. The family of transporters is composed of 14 members: GLUT1-GLUT12, GLUT14, and the H+/myo-inositol transporter. Each of the GLUT transport proteins possesses different affinities for glucose. Among these, GLUT1, GLUT3, and GLUT4 have a high affinity for glucose, allowing the transport of glucose at a higher rate under normal physiological conditions (Mueckler and Thorens, 2013). GLUT2 found predominantly in liver, intestine, kidney, and pancreatic β-cells is a low-affinity glucose transport protein that is part of the glucose sensor in pancreatic β-cells and facilitates either glucose uptake or efflux from the liver depending on the nutritional state. GLUT3 is the glucose transporter responsible for maintaining an adequate that is responsible for insulin-regulated glucose disposal. Distinguished from several other glucose transporters, GLUT1 is a facilitative glucose transporter that belongs to the solute-linked carrier gene family SLC2 and is overexpressed ubiquitously in human cancer cells (Ganapathy et al., 2009), including breast, lung, renal, colorectal, and pancreatic cancers (Szablewski, 2013), which has potential effects on glycolysis process in cancer (Shang et al., 2020). Consistent with GLUT1’s overexpression, GLUT1 is crucial for the uptake of glucose by breast cancer cells and is also the main glucose transporter in breast cancer cell lines (Wuest et al., 2018). Besides, the deregulation of GLUT1 is involved in the biological processes of tumor cells, including survival, growth, and metastasis (Goos et al., 2016).
Several studies have shown that lncRNAs can regulate tumor metabolism and proliferation through GLUT1. Some studies indicated that LncRNA could regulate signaling pathways to affect the expression of GLUT1, tumorigenesis, and tumor progression. For example, LncRNA HOTAIR induced GLUT1 expression via activating the mTOR pathway, promoting cell proliferation in hepatocellular carcinoma cells and tissues (Wei et al., 2017). LncRNA NBR2 promoted protein kinase AMP-activated catalytic subunit alpha 1 (AMPK) pathway to down-regulate GLUT1 expression and the EMT process, suppressed tumor progression in osteosarcoma cells (Liu and Gan, 2016). LncRNA SLC2A1-AS1 negatively regulated GLUT1 expression then inhibited STAT3 signaling pathway, and markedly decreased the proliferation and metastasis of hepatocellular carcinoma cells (Shang et al., 2020). Some studies indicated that lncRNAs associated with ceRNAs, based on the LncRNA-miRNA-mRNA network to exert their biological functions on the tumorigenesis and tumor progression. For example, Inc-p23154 could inhibit miR-378a-3p transcription, thereby enhancing GLUT1 expression and promoting oral squamous cell carcinoma metastasis (Wang et al., 2018a). LncRNA RAD51-AS1 acted as a sponge of miR-29b/c-3p, which in turn inhibited the expression of GLUT1, ultimately inhibiting proliferation, invasion, and glycolytic metabolism of colorectal cancer cells (Li et al., 2020a). LncRNA XIST functioned as a ceRNA to regulate the IRS1/PI3K/Akt pathway by sponging miR-126, elevated the expression of GLUT1, and promoted glioblastoma cell viability, migration, invasion, and resistance to apoptosis (Cheng et al., 2020) (Table 1; Figure 7). Thus, GLUT1 is also closely related to lncRNA and affects tumor metabolism and proliferation, but the underlying mechanism needed to be further studied.
TABLE 1 | Overview of LncRNAs related to the enzymes of aerobic glycolysis in cancer.
[image: Table 1][image: Figure 7]FIGURE 7 | The mechanism of LncRNAs regulate aerobic glycolysis. (A) LncRNAs regulate aerobic glycolysis through pyruvate kinase M2 (PKM2). 1–3. LncRNA-FEZF1-AS1, LncRNA-WFDC21P, Linc01554 regulates STAT3, HIF1α, mTOR pathway respectively, affects the expression of PKM2, regulates aerobic glycolysis. 4. LncRNA-SOX2OT decreases the expression of miR-122-5p, upregulates PKM2, promotes aerobic glycolysis. (B) LncRNAs regulate aerobic glycolysis through Lactate dehydrogenase A (LDHA). 1–2. LncRNA HULC, LncRNA ANRIL elevates FGFR1 and mTOR, respectively, regulates LDHA, enhances aerobic glycolysis. 3.LncRNA RAET1K decreases the expression of miR-100-5P, upregulates the expression of LDHA, promotes aerobic glycolysis. (C) LncRNAs regulate aerobic glycolysis through hexokinase 2 (HK2). 1. LncRNA UCA1 acts as a molecular sponge of miR-143, activates the mTOR pathway, promotes aerobic glycolysis. 5. LncRNA BCAR4 coordinates the Hedgehog signaling pathway, enhances the HK2 and aerobic glycolysis. 2–4. LncRNA PVT1, LncRNA DUXAP8, LncRNA C1QTNF1 acts as a molecular sponge of miR-497, miR-409-3P, miR-484 respectively, promotes the expression of HK2, enhances aerobic glycolysis. (D) LncRNAs regulate aerobic glycolysis through glucose transporter1 (GLUT1). 1,2,4: LncRNA HOTAIR, LncRNA NBR2, LncRNA SLC2A1-AS1 regulates mTOR, AMPK, STAT3 pathway respectively and affects the expression of GLUT1, affects aerobic glycolysis. 3,5: LncRNA RAD51-AS1, LncRNA P23154, acts as a molecular sponge of miR-29b/c-3P, miR-378a-3P respectively, regulates the expression of GLUT1, affects aerobic glycolysis. 6. LncRNA XIAT acts as a molecular sponge of miR-126, activates the PI3K pathway and the expression of GLUT1, promotes aerobic glycolysis.
5 LONG NON-CODING RNAS SERVE AS A PROMISING TARGET IN THE TREATMENT OF MALIGNANCIES
To date, the biomarkers are commonly used in early screening for all kinds of cancers (Yuan et al., 2020), and lncRNAs have attracted increasing attention as cancer biomarkers for early screening, diagnosis, prognosis, and responses to drug treatment (Zhang et al., 2018; Necula et al., 2019; Zhuo et al., 2019). LncRNAs constitute an ever-growing category of functional RNA species known to impinge on all hallmarks of cancer (Napoli and Flores, 2020). Many studies revealed that lncRNAs could regulate many important pathological processes in cancer, such as tumorigenesis, tumor progression, proliferation, metastasis, and drug resistance (Fang and Fullwood, 2016; Schmitt and Chang, 2016), suggesting an enormous potential for further development of lncRNA biomarkers in specific cancer histologic analysis. The followings are some evidence that lncRNA can be used as a biomarker and is strongly associated with poor prognosis in breast cancer, colorectal cancer, medulloblastoma, and renal cell carcinoma.
Song E et al. reported that the high expression level of HIFAL, a HIF-1α anti-sense lncRNA, is associated with aggressive breast cancer phenotype and poor prognosis. Mechanistically, HIFAL overexpression promotes tumor progression by forming a positive feed-forward loop with HIF-1α to enhance HIF-1α-mediated transactivation and glycolysis (Zheng et al., 2021). LncRNA TROJAN is highly expressed in Estrogen receptor-positive (ER+) breast cancer tissues and promotes cancer proliferation. Thus, lncRNA TROJAN may serve as a potential therapeutic target for ER+ breast cancer (Jin et al., 2020b).
LncRNA RAMS11 directly affects colorectal cancer biology, including promoting an aggressive phenotype and correlating with treatment response and resistance, indicating the potential value of lncRNA RAMS11 as a biomarker and therapeutic target for colorectal cancer (Silva-Fisher et al., 2020). LncRNA SNHG11 has been reported as a potential biomarker for the early detection of colon cancer and a new therapeutic target for this disease (Xu et al., 2020).
Lnc-HLX-2-7 is highly upregulated in Group 3 Medulloblastoma (MB) cell lines, promoted cell proliferation and 3D colony formation, inhibited cell apoptosis, indicating that Lnc-HLX-2-7 is oncogenic in MB and represents a promising novel molecular marker and a potential therapeutic target in Group 3 MBs (Katsushima et al., 2021).
LncRNA TRAF31P2-AS1 functions as a tumor suppressor in NONO-TFE3 translocation renal cell carcinoma progression and may serve as a novel target for NONO-TFE3 translocation renal cell carcinoma therapy (Yang et al., 2021).
Therefore, targeting lncRNAs may be a promising strategy to enhance chemosensitivity and improve the efficacy of chemotherapy (Arun et al., 2018). However, there is not enough clinical evidence indicating that lncRNAs could act as biomarkers for the treatment of cancer, more in-depth studies are required to accelerate the clinical applications of lncRNAs.
6 CONCLUSION AND PROSPECTS
It is now clear that aerobic glycolysis is involved in a range of events important in cancer, including initiation, progression, metastasis, drug resistance, immune evasion, and the dynamic changes in immune microenvironment. As glucose metabolic disarrangement provides substrates for the biosynthesis of biomolecules essential for the rapid development of tumor. And the production of lactate also leads to a lower environmental pH and benefits tumor cell metastasis, invasion, and drug resistance. Moreover, there is ample evidence that high lactate levels have immune-modulatory properties. LncRNAs participate in each of these events by transcriptional, post-transcriptional, and epigenetic gene-regulatory mechanisms.
As master regulators of gene expression, the mis-regulation of lncRNAs expression has been demonstrated to be the driver of tumorigenesis and development associated with metabolic disarrangement. Most commonly, lncRNAs sponge to corresponding miRNA and mRNA that target critical metabolic enzymes, such as PKM2, LDAH, HK2, and glucose transporter GLUT1, to modulate the expression of numerous oncogenes and tumor-suppression genes. Furthermore, lncRNAs also play critical roles in generating an immune-permissive microenvironment by modulating aerobic glycolysis. The reversible transition of EMT and mesenchymal-epithelial transition (MET) is a key event in tumor progression, metastasis, and invasiveness into normal tissues. And the processes of EMT and MET are also highly regulated by lncRNAs. The discovery of lncRNAs in the regulation of “stemness” further broadens its opportunities for the treatment of cancer. Therefore, continued study of lncRNAs in preclinical research will yield new insights into RNA-based therapeutics in cancer.
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GLOSSARY
ATP Adenosine triphosphate
LncRNAs Long non-coding RNAs
NcRNAs Non-coding RNAs
RBPs RNA binding proteins
TIME Tumor immune microenvironment
TAMs Tumor associated macrophages
Tregs Regulatory T cells
EGFR Epidermal growth factor receptor
RBM5 RNA-binding motif protein 5
NK cell Nature killer cell
PPP Pentose-phosphate pathway
DAPDH Diaminopimelate dehydrogenase
ENO1 Enolase 1
AKT AKT serine/threonine kinase
HCC Hepatocellular carcinoma
PDK1 Pyruvate dehydrogenase kinase 1
GLUT1 Glucose transporter1
HK3 Hexokinase3
EMT Epithelial-mesenchymal transition
PFKFB3 6-phosphofructo-2-kinase/fructose-2,6-biphosphatase 3
FBP1 Fructose-bisphosphatase 1
GSH Antioxidant glutathione
Zeb1 Zinc finger E-box binding homeobox 1
Snail Snail zinc finger protein
Twist Twist protein
SIRT3 Sirtuin 3
LDHA Lactate dehydrogenase A
G6PD Glucose-6-phosphate dehydrogenase
PFKP Phosphofructokinase
CSCs Cancer stem cells
HIF-2α Hypoxia-inducible factor-2α
ARRB1 β-arrestin1
MPC1 Mitochondrial pyruvate carrier 1
GEM Gemcitabine
NANOG Nanog homeobox
OCT4 Organic cation/carnitine transporter4
SOX2 SRY-box transcription factor 2
NEAT1 Nuclear-enrich abundant transcript 1
CD44 CD44 molecule
ALDH Aldehyde dehydrogenase
ESCs Embryonic stem cells
MDSCs Myeloid derived suppressor cells
Th cells T helper cells
CTLs CD8+ cytotoxic T lymphocytes
DCs Dendritic cells
TME Tumor microenvironment
PEP Phosphoenolpyruvate
CRC Colon cancer
NADH Nicotinamide adenine dinucleotide
FGFR1 Fibroblast growth factor receptor type 1
UCA1 Urothelial cancer associated 1
STAT3 Signal transducer and activator of transcription 3
mTOR Mechanistic target of rapamycin kinase
AMPK Protein kinase AMP-activated catalytic subunit alpha 1
ER+ Estrogen receptor-positive
MB Medulloblastoma
MET Mesenchymal-epithelial transition
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Background: Rotator cuff tears (RCT) is the most common cause of shoulder dysfunction, however, its molecular mechanisms remain unclear. Non-coding RNAs(ncRNAs), such as long ncRNA (lncRNA), microRNA (miRNA) and circular RNA (circRNA), are involved in a variety of diseases, but little is known about their roles in RCT. Therefore, the purpose of this study is to identify dysregulated ncRNAs and understand how they influence RCT.
Methods: We performed RNA sequencing and miRNA sequencing on five pairs of torn supraspinatus muscles and matched unharmed subscapularis muscles to identify RNAs dysregulated in RCT patients. To better comprehend the fundamental biological processes, we carried out enrichment analysis of these dysregulated mRNAs or the co-expressed genes of dysregulated ncRNAs. According to the competing endogenous RNA (ceRNA) theory, we finally established ceRNA networks to explore the relationship among dysregulated RNAs in RCT.
Results: A total of 151 mRNAs, 38 miRNAs, 20 lncRNAs and 90 circRNAs were differentially expressed between torn supraspinatus muscles and matched unharmed subscapularis muscles, respectively. We found that these dysregulated mRNAs, the target mRNAs of these dysregulated miRNAs or the co-expressed mRNAs of these dysregulated ncRNAs were enriched in muscle structure development, actin-mediated cell contraction and actin binding. Then we constructed and analyzed the ceRNA network and found that the largest module in the ceRNA network was associated with vasculature development. Based on the topological properties of the largest module, we identified several important ncRNAs including hsa_circ_0000722, hsa-miR-129-5p and hsa-miR-30c-5p, whose interacting mRNAs related to muscle diseases, fat and inflammation.
Conclusion: This study presented a systematic dissection of the expression profile of mRNAs and ncRNAs in RCT patients and revealed some important ncRNAs which may contribute to the development of RCT. Such results could provide new insights for further research on RCT.
Keywords: rotator cuff tears, miRNA, lncRNA, circRNA, ceRNA network
1 INTRODUCTION
The rotator cuff consists of four muscle-tendon units: supraspinatus, infraspinatus, teres minor and subscapularis, which contribute to shoulder movement. Rotator cuff tear (RCT) is the leading cause of pain and functional disability of the shoulder and is present in about 30% of individuals in their 60 s and higher in individuals over 80 years old (Dang and Davies, 2018). Although some patients can be treated successfully with surgical repair (Schemitsch et al., 2019), not all patients’ outcomes of rotator cuff repair are satisfactory, which is partly because of the poor understanding of the molecular mechanism of RCT (Connor et al., 2019). Therefore, potential factors that may contribute to RCT should be identified.
Non-coding RNAs (ncRNAs) account for approximately 97% of the human genome, including long ncRNAs (lncRNA), microRNAs (miRNA) and circular RNAs (circRNA) (Anastasiadou et al., 2018). LncRNAs are a class of ncRNAs longer than 200 bp with low coding potential, while miRNAs are a class of small ncRNAs with ∼22 nucleotides. They were reported to influence various stages of tendinopathy and could be implicated in skeletal muscle differentiation (Ge et al., 2020a; Plachel et al., 2020). CircRNAs are a novel class of endogenous, non-coding RNAs with closed-loop structures, which were generated during RNA alternative splicing. CircRNAs can express in striated muscle tissues including skeletal and cardiac muscles as well (Greco et al., 2018). LncRNAs and circRNAs can act as molecular sponges of miRNAs to regulate the expression of mRNAs, which is known as “competing endogenous RNA (ceRNA)” hypothesis. Previous studies have shown that lncRNAs and circRNAs could serve as ceRNAs and play roles in rotator cuff tendinopathy (Ge et al., 2020a; Ge et al., 2020b). However, the research of lncRNA- or the circRNA-mediated ceRNA networks is not comprehensive.
In this study, we screened and identified differentially expressed mRNAs, lncRNAs, circRNAs and miRNAs between samples from torn supraspinatus and unharmed subscapularis. Based on the results of differential expression analysis and miRNA targeting information, we constructed lncRNA/circRNA-associated dysregulated ceRNA networks in RCT. Finally, we found the largest module in the ceRNA network and identified several important ncRNAs in this module, which may have roles in RCT.
2 RESULTS
2.1 Identification of differentially expressed mRNAs
RNA sequencing was performed to obtain the mRNA expression profile of torn supraspinatus muscles (group T) and matched unharmed subscapularis muscles (group P). Principal component analysis of the mRNA expression data could distinguish samples of supraspinatus muscles and unharmed subscapularis muscles, indicating that the difference between supraspinatus muscles and unharmed subscapularis muscles (Figures 1A,B). Compared with the expression of mRNAs in unharmed subscapularis muscles, a total of 151 differentially expressed mRNAs in supraspinatus muscles (absolute fold change >1.5 and p < 0.05) were identified, which comprised 76 up-regulated mRNAs and 75 down-regulated mRNAs (Figures 1C,D). Some of these differentially expressed mRNAs were mentioned in previous reports of rotator cuff tears. For example, MYL6B has been proved that it can differentially expressed in patients with rotator cuff tears (Frich et al., 2021), while EGR1 is conducive to the repair of rotator cuff tears (Tao et al., 2015). We further applied enrichment analysis on the differentially expressed mRNAs. The results showed that differentially expressed mRNAs enriched in muscle structure development, actin filament-based process and blood vessel development (Figures 1E,F). Previous researches also indicated that rotator cuff tears could be associated with muscle actin and angiogenesis (Fuchs et al., 2008; Noh et al., 2018). After adjusting the P value using the false discovery rate (FDR) method, only one differentially expressed mRNA, SIM2, was identified (FDR corrected p < 0.05).
[image: Figure 1]FIGURE 1 | Differentially expressed mRNAs and GO enrichment analysis. (A) The first two principal components show distinction between torn supraspinatus muscles and matched unharmed subscapularis muscles based on the mRNA expression profile. (B) Heatmap of the correlation matrix of mRNA expression profile of 10 samples, the size of the node represents the correlation coefficient. (C) Volcano plot of differentially expressed mRNAs in RCT. Red points denote up-regulated mRNAs, and blue points denote down-regulated mRNAs. The most up- or down-regulated mRNAs are labeled. (D) Heatmap depicting expression levels of the differentially expressed mRNAs in RCT. (E,F) GO enrichment analysis for the up-regulated(E) and down-regulated differentially expressed mRNAs (F), respectively.
2.2 Identification of differentially expressed ncRNAs
Studies have characterized the biological roles of noncoding RNAs in many diseases (Falcone et al., 2014; Li et al., 2017; Kristensen et al., 2019; Li et al., 2021), therefore, we also performed miRNA sequencing on torn supraspinatus muscles and matched unharmed subscapularis muscles. Together with the previous data of RNA sequencing, we generated the expression profiles of miRNAs, lncRNAs and circRNAs.
There were 38 differentially expressed miRNAs (17 up-regulated and 21 down-regulated, Figure 2A), 20 differentially expressed lncRNAs (8 up-regulated and 12 down-regulated, Figure 2D) and 90 differentially expressed circRNAs (39 up-regulated and 51 down-regulated, Figure 3A) were identified in supraspinatus muscles and unharmed subscapularis muscles. After adjusting the P value using the FDR method, only 1 differentially expressed miRNA (hsa-miR-618), 1 differentially expressed lncRNA (LINC01854) and 15 differentially expressed circRNAs (chr2:152355811–152355904:-, chr2:179511211–179511286:-, chr2:179514280–179514358:-, chr2:179514280–179514621:-, chr2:179517184–179517463:-, chr2:179517574–179517658:-, chr2:179519171–179535022:-, chr2:179523431–179535022:-, chr2:179527692–179535022:-, chr2:179528353–179528437:-, chr2:179528545–179528629:-, chr2:179534318–179535022:-, hsa_circ_0141770, chr2:179542347–179544143:-, hsa_circ_0086735) were identified (FDR corrected p < 0.05).
[image: Figure 2]FIGURE 2 | Differentially expressed miRNAs and lncRNAs. (A) Volcano plot of differentially expressed miRNAs in RCT. Red points denote up-regulated miRNAs, and blue points denote down-regulated miRNAs. The most up- or down-regulated miRNAs are labeled. (B) Changes in the correlation between hsa-miR-9-3p and its target genes, bar chart (top panel) shows the correlation of those miRNA-mRNA pairs which were positively (negatively) correlated to hsa-miR-9-3p in supraspinatus muscles but negatively (positively) correlated to hsa-miR-9-3p in unharmed subscapularis muscles (we define this correlation pattern as “dysregulated”), pie chart (bottom panel) shows the proportion of miRNA-mRNA pairs with both negative correlation, both positive correlation or “dysregulated” in supraspinatus muscles and unharmed subscapularis muscles. (C) GO enrichment analysis for all target mRNAs of hsa-miR-9-3p. (D) Volcano plot of differentially expressed lncRNAs. (E) Co-expression network of differentially expressed lncRNAs. Pink points denote mRNAs and orange points denote lncRNAs. (F) GO enrichment analysis for all co-expressed mRNAs of differentially expressed lncRNAs.
[image: Figure 3]FIGURE 3 | Differentially expressed circRNAs. (A) Volcano plot of differentially expressed circRNAs in RCT. Red points denote up-regulated circRNAs, and blue points denote down-regulated circRNAs. The most up- or down-regulated circRNAs are labeled. (B) Boxplots denote expression levels of 2 differentially expressed circRNAs which were derived from TTN (chr2:179514280–179514358:- (left panel) and chr2:179523431–179535022:- (right panel)). (C) Co-expression network of differentially expressed circRNAs. Pink points denote mRNAs and green points denote circRNAs. (D) Barplots denote the numbers of mRNAs regulated by circRNAs that were produced by TTN in the co-expression network. CircRNAs were ordered according to the fold changes in group T vs. group P (all circRNAs were identified both by edgeR and by GLMM). (E,F) GO enrichment analysis for all co-expressed mRNAs of chr2:179534318–179535022:- and chr2:179514280–179514358:-.
One of the differentially expressed miRNA, hsa-miR-9-3p (Figure 2A), may be involved in inflammation (Chakraborty et al., 2015), which is a common symptom in rotator cuff tears. We compared the correlation between the expression of hsa-miR-9-3p and its target mRNAs in supraspinatus muscles and unharmed subscapularis muscles. More than half of the target mRNAs of hsa-miR-9-3p were positively (negatively) correlated to hsa-miR-9-3p in supraspinatus muscles but negatively (positively) correlated to hsa-miR-9-3p in unharmed subscapularis muscles (Figure 2B). Such opposite correlation results in supraspinatus muscles and unharmed subscapularis muscles support the opinion that hsa-miR-9-3p was dysregulated in rotator cuff tears. We also found that target mRNAs of hsa-miR-9-3p were enriched in positive regulation of small molecule metabolic process, response to mechanical stimulus, membrane raft and sarcolemma (Figure 2C).
Next, we performed co-expression analysis to identify mRNAs correlated to differentially expressed lncRNAs (Figure 2E). Previous study had reported that one of the differentially expressed lncRNAs, LINC01405, was associated with muscle-related disease (Schofer et al., 2008). Some co-expressed mRNAs of LINC01405 (TNNT1 and MYH7, Figure 2E) have also been reported in a study of rotator cuff tears (Frich et al., 2021). Overall, co-expressed mRNAs of all differentially expressed lncRNAs were enriched in actin-mediated cell contraction and contractile fiber (Figure 2F).
Meanwhile, we also analyzed differentially expressed circRNAs in supraspinatus muscles and unharmed subscapularis muscles. In addition to applying edgeR, we employed the GLMM model, a newly developed approach specifically for identifying differentially expressed circRNAs (Buratin et al., 2022). A total of 28 differentially expressed circRNAs were identified by GLMM model (p < 0.05 FDR corrected), and 22 of them overlapped with the results identified by edgeR (p = 0.007, hypergeometric test). After adjusting the p-value with FDR <0.05, there was significant overlap of 10 circRNAs between the results of edgeR and GLMM (p = [image: image], hypergeometric test).
All 10 differentially expressed circRNAs identified both by edgeR and by GLMM were derived from TTN(Titin) (Figures 3B,C). An earlier study has found that the molecular weight of TTN was changed in the injured rotator cuff (Sato et al., 2014). Although these TTN-derived circRNAs were derived from the same gene, we found that different functions were related to them, which also co-expressed with a various number of mRNAs (Figure 3D). For example, co-expressed mRNAs of chr2:179534318–179535022:- were enriched in muscle organ development and skeletal muscle tissue development (Figure 3E), while co-expressed mRNAs of chr2:179514280–179514358:- were associated with negative regulation of muscle adaptation, response to oxygen-glucose deprivation (Figure 3F).
2.3 Establishing dysregulated ceRNA networks of lncRNAs and circRNAs
LncRNAs can act as molecular sponges of miRNAs to regulate the expression of mRNAs and this mechanism is known as “competing endogenous RNA (ceRNA)” hypothesis. According to the ceRNA hypothesis, a large number of studies have explored the lncRNAs-miRNAs-mRNAs interactions in various diseases which include rotator cuff tears (Ge et al., 2020a; Plachel et al., 2020; Chen et al., 2021). Additional to lncRNAs, recent studies also showed that circRNAs could serve as ceRNAs, however, there has been few studies characterize circRNAs-miRNAs-mRNAs interactions in rotator cuff tears. We obtained target mRNAs and lncRNAs/circRNAs from the starbase, mirTarbase, and lncbase; then we identified lncRNAs/circRNAs-mRNAs pairs which significantly share common miRNAs by the hypergeometric test based on ceRNA hypothesis (see Section 5, Figures 4A,B). As a result, the dysregulated lncRNA-mRNA ceRNA network included five lncRNAs and 8 mRNAs, while the dysregulated circRNA-mRNA ceRNA network included 65 circRNAs and 65 mRNAs. The distribution of correlation coefficients between the expression of lncRNAs/circRNAs and mRNAs in the dysregulated network was different in torn supraspinatus muscles and matched unharmed subscapularis muscles (Figure 4C), which also indicate the dysregulation of ceRNA interaction in rotator cuff tears.
[image: Figure 4]FIGURE 4 | CeRNA networks of lncRNA and circRNA. (A) The dysregulated ceRNA network of lncRNAs. The size of the node represents the node’s degree. (B) The dysregulated ceRNA network of circRNAs. CircRNA-mRNA pairs with the highest edge betweenness are highlighted in red. (C) Pearson correlation coefficient between lncRNA/circRNA-mRNA pairs in the dysregulated ceRNA networks of lncRNAs (left panel) or circRNAs (right panel). (D) Line chart denotes the degree and betweenness centrality of mRNAs regulated by circRNAs which were produced by TTN in subnetwork 1 (top panel) and subnetwork 2 (bottom panel). (E) GO enrichment analysis for mRNAs in subnetwork 1. (F) Edge betweenness centrality of circRNA-mRNA pairs in subnetwork 2, only the top 10 are shown in the diagram. In the dysregulated ceRNA network, pink points denote mRNAs, orange points denote lncRNAs and green points denote circRNAs.
In the dysregulated ceRNA network of circRNAs, we detected two subnetworks (Figure 4B). These two subnetworks had a various number of TTN-derived circRNAs, whose degree and betweenness centrality varies in each subnetwork as well (Figure 4D). We further performed enrichment analysis on mRNAs in each subnetwork and calculated the edge betweenness centrality of each circRNA-mRNA pair in these two subnetworks. MRNAs in the subnetwork 1 were related to vasculature development and lung development by enrichment analysis (Figure 4E). Although there were no GO terms enriched in mRNAs in the subnetwork 2, the 2 circRNA-mRNA pairs with the highest edge betweenness centrality in subnetwork 2 were both mediated by a CAMSAP2-derived circRNA (chr1:200816767–200819362:+, Figures 4B,F). Some studies indicated that CAMSAP2 was associated with microtubule (Li et al., 2020), which could take part in muscle differentiation (Gache et al., 2017).
2.4 Identifying the key ncRNA mediating the ceRNA module
Module analysis of the dysregulated ceRNA network can provide more information about rotator cuff tears. As lncRNAs and circRNAs both can influence mRNAs by competing for shared miRNAs, we combined the dysregulated lncRNA-mRNA ceRNA network with the dysregulated circRNA-mRNA ceRNA network according to mRNAs in both networks (see Section 5). The combined network included five lncRNAs, 65 circRNAs and 67 mRNAs, then we used “clusterMaker2” (Morris et al., 2011) to identify modules in the combined network. The largest module had 12 circRNAs, 1 lncRNA and 18 mRNAs (Figure 5A). Further analysis showed that mRNAs in the largest module were associated with vasculature development and heart development (Figure 5B).
[image: Figure 5]FIGURE 5 | Module in the combined ceRNA network. (A) The largest module in the combined ceRNA network. The circRNA-mRNA pairs of hsa_circ_0000722 are highlighted in red. (B) GO enrichment analysis for the mRNAs in the module. (C) Distribution of degree and betweenness centrality of ncRNAs in the module. (D) Edge betweenness centrality of lncRNA/circRNA-mRNA pairs in the module.
We identified key ncRNAs by calculating the degree and betweenness centrality of each node in the largest module. Hsa_circ_0000722 had the largest degree and betweenness centrality (Figure 5C) and recent study has revealed that hsa_circ_0000722 has many potential binding sites for genes of MBNL family, a gene family which can cause muscle disease (Czubak et al., 2019). Based on the edge betweenness centrality of each lncRNA/circRNA-mRNA pair in this module (Figure 5D), we found that the lncRNA/circRNA-mRNA pairs with the highest edge betweenness centrality were mediated by hsa_circ_0000722 as well (hsa_circ_0000722-GPD2 and hsa_circ_0000722-NCOA3, Figures 5A,D). Studies have shown that GPD2 and NCOA3 relate to the fat (Mollah and Ishikawa, 2010; Han et al., 2017), which could infiltrate in injured rotator cuff muscles (Khanna et al., 2019).
2.5 Identifying the key miRNAs regulating the ceRNA module
Given that each ceRNA shares multiple miRNAs with numerous other ceRNAs, we then attempted to identify the key miRNAs in the largest ceRNA module (Figure 6A). A total of 11 differentially expressed miRNAs were associated with the ceRNA module and the lncRNA/circRNA-mRNA pairs they mediated were quite different (Figure 6B). Based on the hypergeometric test, we could identify which miRNAs mediated ceRNA pairs more significantly in the largest module than in the combined network. Finally we detected 2 important miRNAs: hsa-miR-129-5p and hsa-miR-30c-5p (p-value < 0.05, Figures 6A,C, see Section 5). The hsa_circ_0000722-GPD2 and hsa_circ_0000722-NCOA3 pairs that we identified above were mediated by hsa-miR-129-5p (hsa_circ_0000722-hsa-miR-129-5p-GPD2) and hsa-miR-30c-5p (hsa_circ_0000722-hsa-miR-30c-5p-NCOA3), respectively (Figure 6C). Some target mRNAs of hsa-miR-129-5p or hsa-miR-30c-5p, such as GNAL, SOX6 and NRIP1, have been demonstrated to be associated with muscle diseases (Connor et al., 1995; Hagiwara et al., 2000; Kumar et al., 2014; De Marinis et al., 2017). Hsa_circ_0108911 is derived from ATP9B and is also a target circRNA of hsa-miR-30c-5p. Although there were no studies about hsa_circ_0108911, Sun et al. (2020) have shown that another ATP9B-derived circRNA, circAtp9b, can contribute to the inflammation.
[image: Figure 6]FIGURE 6 | Critical miRNAs associated with the module. (A) Schematic of identifying critical miRNAs that significantly regulate lncRNA/circRNA-mRNA pairs in the module. Dashed lines denote miRNA targeting relationship and brown solid lines denote ceRNA relationship. (B) The UpSet plot demonstrates overlap in lncRNA/circRNA-mRNA pairs which are mediated by miRNAs in the ceRNA module. The 2 critical miRNAs are highlighted in red. (C) Visualization of the module with miRNAs (left panel) and lncRNA/circRNA-mRNA pairs regulated by the two critical miRNAs (right panel). The circRNA-mRNA pairs and mRNAs related to hsa_circ_0000722 are highlighted in red.
3 DISCUSSION
In this study, we comprehensively dissected the dysregulated transcriptome of RCT, including mRNAs, miRNAs, lncRNAs, and circRNAs. According to the ceRNA hypothesis, we constructed the dysregulated ceRNA network and identified several important ncRNAs in the largest module of the ceRNA network, including hsa_circ_0000722, hsa-miR-129-5p and hsa-miR-30c-5p.
We have obtained transcripts that were dysregulated in the RCT by identifying differentially expressed mRNAs/ncRNAs between torn supraspinatus muscles and normal supraspinatus muscles. However, the transcripts that we identified may also show the inherent differences between supraspinatus muscles and subscapularis muscles. Recent studies have investigated the properties of different muscles by identifying differentially expressed genes between different muscles (Alto et al., 2021; Smith et al., 2022); Terry et al. revealed that an average of 13% of transcripts were differentially expressed between any two skeletal muscles (Terry et al., 2018). Therefore, further transcriptome sequencing of normal supraspinatus muscles and normal subscapularis muscles is required to confirm that the dysregulation of these transcripts is associated with RCT rather than being caused by tissue differences.
It is noted that all of differentially expressed circRNAs identified both by edgeR and by GLMM were derived from TTN, a gene which encodes proteins of striated muscle and contributes to muscle contraction (Hessel et al., 2017). Such a number of TTN-derived circRNAs may be due to the giant size and complexity of TTN (Chauveau et al., 2014). Because of the important role of TTN itself in muscle, the TTN-derived circRNAs are also more likely to be involved in muscle-related functions, which means further studies are needed to demonstrate the effect of these TTN-derived circRNAs in rotator cuff tears.
Functional enrichment analysis of the dysregulated transcriptome revealed several functions which may be associated with rotator cuff tears, such as muscle contraction, vasculature development, lung development and heart development. Studies have shown that muscle contraction of the rotator cuff plays an important role in moving and stabilizing the glenohumeral joint (Edouard et al., 2011). Since increased vascularization around the tendon-bone interface is essential for promoting rotator cuff tendon-bone healing (Randelli et al., 2016; Noh et al., 2018), angiogenesis is a key process after repairing of rotator cuff tears. In addition to these studies, some studies also explored the potential association of rotator cuff tears with lung diseases and cardiovascular system (Bachasson et al., 2015; Nam et al., 2015; Applegate et al., 2017). Taken together, these results could serve as a reference for future studies of rotator cuff tears.
We identified an important ncRNA (hsa_circ_0000722) by analyzing the dysregulated ceRNA networks of rotator cuff tears. Several mRNAs or ncRNAs which interact with hsa_circ_0000722 in the largest ceRNA module, including GPD2, NCOA3 and hsa-miR-30c-5p, are associated with fat (Mollah and Ishikawa, 2010; De Marinis et al., 2017; Han et al., 2017; Yaman et al., 2021). Hsa-miR-129-5p and hsa-miR-30c-5p were the other 2 key ncRNA we identified, which all interact with hsa_circ_0000722 in the ceRNA network (hsa_circ_0000722-hsa-miR-129-5p-GPD2/hsa_circ_0000722-hsa-miR-30c-5p-NCOA3). These 2 miRNAs have been found to be dysregulated in inflammation-related diseases, implying that they may involve in the inflammatory response in RCT (Duecker et al., 2022; Ling et al., 2022). Studies showed that inflammation in RCT contributes to fatty infiltration (Nelson et al., 2021), which is associated with poor surgical outcomes and postoperative failure of rotator cuff repair (Shen et al., 2008; Wieser et al., 2019), but the roles of hsa_circ_0000722 and their ceRNA interactions (hsa_circ_0000722-hsa-miR-129-5p-GPD2/hsa_circ_0000722-hsa-miR-30c-5p-NCOA3) in rotator cuff tears remain to be elucidated.
However, this study is based on a small sample of five pairs of torn supraspinatus muscle samples and matched unharmed subscapularis muscle samples, which may have limited generalizability. Therefore, key ncRNAs that found in this work need further experimental verification to confirm their potential application in rotator cuff tears.
4 CONCLUSION
We identified some ceRNA modules and important ncRNA in RCT, which may play roles in the development of RCT or rotator cuff repair. Our findings offer a new perspective on the transcriptome analysis of RCT, while pre-clinical studies followed by clinical trials are still needed to validate our findings in the future.
5 MATERIALS AND METHODS
5.1 Patient information
5 female patients with unilateral shoulder pain were enrolled in this study, aging 50–60. All five patients didn’t have diabetes, history of smoking, previous shoulder surgery or steroid injection. They were diagnosed with unilateral supraspinatus tears with intact subscapularis by MRI, which was then confirmed by the arthroscope. Informed consent was obtained from all subjects or their legal guardians. All methods were carried out in accordance with relevant guidelines and regulations. All experimental protocols were approved by the Ethics Committee of Peking University People’s Hospital.
5.2 Arthroscopic surgery and sample collection
All procedures were performed under general anesthesia. The patients were positioned in the beach-chair position and normal portals were established. The torn supraspinatus and intact subscapularis were confirmed by irrigation and debridement in intraarticular and subacromial space, then a small piece of muscle belly from each muscle was carefully collected by a grasper. After that, the supraspinatus tear was repaired using suture anchors. A total of 10 samples from five patients were stored in liquid nitrogen for further analysis.
5.3 Total RNA-seq library construction
Approximately 1–2 μg total RNA from each sample was used for library construction. The integrity of the total RNA was checked by agarose gel electrophoresis and the RNA concentration was quantified with a Nanodrop ND 1000 spectrophotometer (NanoDrop Technologies, United States). mRNA was enriched by NEBNext ® Poly(A) mRNA Magnetic Isolation Module (NEB, United States) and ribosomal RNA (rRNA) was depleted using Ribo-Zero Magnetic Gold Kit (Human/Mouse/Rat) (Epicentre, United States). cDNA libraries were prepared using a KAPA Stranded RNA-Seq Library Prep Kit (Illumina) according to the manufacturer’s instructions. The constructed libraries were qualified by Agilent 2100 Bioanalyzer system (Agilent Technologies, CA, United States) and quantified by qPCR.
5.4 Total RNA sequencing
The DNA fragments in libraries were denatured with 0.1 M NaOH to generate single-stranded DNA molecules. Then the libraries were diluted to 8 nM and sequenced for 150 cycles on NovaSeq 6000 (Illumina Inc.) using NovaSeq 6000 S4 Reagent Kit (300 cycles) (Illumina Inc.).
5.5 RNA-seq data analysis
Quality control of RNA-seq data was carried out with FastQC (v.0.11.7) (Andrews et al., 2020). Reads were trimmed using cutadapt (v.1.17) (Martin, 2011) and aligned to human reference genome (GRCh37) using Hisat2 (v.2.1.0) (Kim et al., 2015). The differential alternative splicing events were detected by rMATS (v.4.0.1) (Shen et al., 2014). Reference-based transcriptome assembly and quantification were carried out using StringTie (v.1.3.3) (Pertea et al., 2015). The coding potential of novel transcripts was measured by CPAT software (v.1.2.4) (Wang et al., 2013). Ballgown (v.2.10.0) was applied to calculate FPKM (Fragments per kilobase of transcript per million mapped reads) values of each mRNA and lncRNA (Frazee et al., 2015). We filtered out the lowly expressed transcripts and only transcripts with average FPKM >= 0.5 in torn supraspinatus muscles or matched unharmed subscapularis muscles were selected for the subsequent analysis.
5.6 miRNA-seq library construction
The miRNA-seq library was constructed using NEB Multiplex Small RNA Library Prep Set for Illumina (NEB, United States). Briefly, the total RNA of each sample was used to prepare the miR sequencing library, which included the following steps: (1) 3′-adaptor ligation; (2) 5′-adaptor ligation; (3) the cDNA synthesis; (4) PCR amplification; and (5) size selection of 135–155 bp PCR-amplified fragments (corresponding to ∼15–35 nt small RNAs). Constructed miRNA-Seq library was controlled for quality using Agilent 2100 Bioanalyzer system (Agilent Technologies, CA, United States).
5.7 miRNA sequencing
The miRNA-seq library was denatured as single-stranded DNA molecules, captured on Illumina flow cells, amplified in situ as clusters and finally sequenced for 51 cycles on Illumina NextSeq 500 Sequencer according to the manufacturer’s instructions.
5.8 miRNA quantification
The total raw miRNA sequencing reads were filtered using a Solexa CHASTITY quality control filter. Reads were trimmed using cutadapt (v.1.14) (Martin, 2011) and aligned to the human reference genome (GRCh38) with the bowtie. Then the quantitation of miRNAs expression and novel miRNA prediction was done using miRDeep2 (v.0.0.8) (Friedlander et al., 2012). The read counts were normalized by CPM (Counts per million reads) approach. After normalization, miRNAs with average CPM >1 in torn supraspinatus muscles or matched unharmed subscapularis muscles were selected for the subsequent analysis.
5.9 CircRNA identification and quantification
For identification and quantification of circRNAs, reads that passed quality control were filtered to obtain trimmed data. Trimmed reads were then aligned to the human reference genome (GRCh37) using STAR (v.2.5.2b) (Dobin et al., 2013). Circexplorer2 (v.2.3.2) pipeline was used to identify the back-splice junction (circRNA) and quantify the back-splice junction reads (Zhang et al., 2016). Next, the read counts were normalized by CPM (Counts per million reads) approach. Following the analysis strategy of previous works (An et al., 2019; Wu et al., 2021; Liao et al., 2022), high confidence circRNAs were selected for subsequent differential expression analysis based on a stringent threshold of average CPM >100 in torn supraspinatus muscles or matched unharmed subscapularis muscles. The identified circRNAs were converted to circRNA ID with the web server circBase and other circRNAs were named according to the genomic locus (Glazar et al., 2014).
5.10 Differential expression analysis
Differential expression analysis of mRNAs and lncRNAs was performed by Ballgown (average FPKM >= 0.5 in torn supraspinatus muscles or matched unharmed subscapularis muscles, p < 0.05 and absolute fold change >1.5) (Frazee et al., 2014). EdgeR (v.3.20.9) (Robinson et al., 2010) was applied to identify differentially expressed miRNAs (average CPM >1 in torn supraspinatus muscles or matched unharmed subscapularis muscles, p < 0.05 and absolute fold change >1.5) and circRNAs (average CPM >100 in torn supraspinatus muscles or matched unharmed subscapularis muscles, p < 0.05 and absolute fold change >1.5). We also used GLMM model to identify differentially expressed circRNAs (Buratin et al., 2022), differential expressed circRNAs with FDR adjusted P values <0.05 were considered significant.
5.11 Co-expression analysis
Pearson correlation coefficient (PCC) was calculated for each lncRNA-mRNA pair and each circRNA-mRNA pair across all samples. For the co-expression networks, we only kept lncRNA/circRNA-mRNA pairs with absolute PCC >0.9. All the networks in this study were visualized using Cytoscape (v.3.7.0) (Shannon et al., 2003).
5.12 Functional enrichment analysis and gene set enrichment analysis
To further understand the potential functions and mechanisms of genes involved in this study, Gene Ontology (GO) enrichment analysis was performed using clusterProfiler (v.3.18.0) (Yu et al., 2012). GO terms with adjusted p-values < 0.05 were considered as significant.
5.13 Construction of the ceRNA network
Differential expressed mRNAs/circRNAs with uncorrected p < 0.05 were used to construct the ceRNA network. The regulatory relationship between miRNAs and mRNAs, lncRNAs or circRNAs were downloaded from the starbase, mirTarbase, and lncbase (Yang et al., 2011; Paraskevopoulou et al., 2016; Chou et al., 2018). We first constructed global ceRNA networks for lncRNA-mRNA pairs and circRNA-mRNA pairs, respectively, based solely on the significant sharing of miRNAs. For novel circRNAs, miRNAs targeting their host genes were considered as their regulatory miRNAs. The statistical significance of each lncRNA/circRNA-mRNA pair on sharing common miRNAs can be calculated by the hypergeometric test, which was calculated as follows:
[image: image]
Where N is the number of all human miRNAs, K represents the total number of miRNAs regulating candidate ceRNA A, M represents the total number of miRNAs regulating candidate ceRNA B, and x is the number of shared miRNAs between A and B. False discovery rate (FDR) was employed to correct the p-values, only lncRNA/circRNA-mRNA pairs with an FDR <0.05 were selected to construct the global ceRNA networks.
Then we extracted ceRNA networks consisting of only differentially expressed mRNAs, miRNAs, lncRNAs and circRNAs and calculated PCC for each lncRNA/circRNA-mRNA pair across all samples. Only lncRNA/circRNA-mRNA pairs with significantly positive correlation were retained to construct dysregulated ceRNA networks for lncRNAs and circRNAs.
5.14 Identification of dysregulated ceRNA modules and key non-coding RNAs
We combined the dysregulated ceRNA networks of lncRNAs and circRNAs, then utilized clusterMaker2 (v.1.3.1, https://apps.cytoscape.org/apps/clustermaker2) (Morris et al., 2011) plug-in in Cytoscape to identify network modules. In the process of identifying the module, the absolute value of the PCC was calculated for each lncRNA/circRNA-mRNA pair across all samples and it was used as the weight of edge in the network. Then ncRNAs with the highest degree and betweenness centrality were chosen as key ncRNAs (circRNAs or lncRNAs). MiRNAs that significantly regulate lncRNA/circRNA-mRNA pairs in the module were defined as key miRNAs. The hypergeometric test was used to identify these key miRNAs from differentially expressed miRNAs (p-value < 0.05, Figure 6A).
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Heat shock proteins (Hsps) function as molecular chaperones that enable organisms to withstand stress and maintain normal life activities. In this study, we identified heat shock protein 70 (encoded by hsp70), which exhibits a higher expression in the mature male testis than in the unmature testis of Ophraella communa. Tissue expression profile revealed that Ochsp70 levels in males were highest in the testis, whereas those in females were highest in the head. Moreover, the expression of Ochsp70 was found to be significantly induced in female bursa copulatrix after mating. Double-stranded RNA dsOchsp70 was injected into males to performance RNA interference, which significantly decreased the male Ochsp70 expression levels within 20 d post-injection, whereas no effect was observed on the Ochsp70 expression level in the females after mating with dsOchsp70-injected males. However, significant downregulation of female fertility was marked simultaneously. Furthermore, knockdown of female Ochsp70 expression also led to a significant reduction in fertility. Finally, comparative transcriptomic analysis identified glucose dehydrogenase and insulin-like growth factor binding protein as putative downstream targets of Ochsp70. Overall, we deduced that Ochsp70 is an indispensable gene and a potential male mating factor in O. communa, which regulates reproduction.
Keywords: hsp70, male mating factor, fertility, Ophraella communa, pathway
INTRODUCTION
When originating from their internal or external environments, the heat shock response of cells is activated to respond to the protein-damaging (proteotoxic) effects of stress (Sørensen et al., 2003). Heat shock genes are a subset of genes that encode for molecular chaperones called heat shock proteins, including a stress-related groups of proteins generated or synthesized by cells under the effect of high temperature (heat shock) or other stress stimuli. Hsps commonly exist in both prokaryotes and eukaryotes. Based on molecular weight (kDa), Hsps are divided into four types, Hsp90, Hsp70, Hsp60, and small Hsps, which are involved in the transport, folding, unfolding, assembly, and disassembly of multi-structured units, and in the degradation of misfolded or aggregated proteins (Lindquist, 1985; Feder and Hofmann, 1999; Pockley et al., 2007).
Hsp70 is a predominant Hsp family, and the previous studies were mainly focused on unraveling the important roles of this family in restoring the native conformation of proteins after experiencing stress (temperature, hypoxia, oxidative stress, pesticides, radiation, etc.) (Morimoto, 1993). In addition, members of the Hsp70 family are vital for the folding and intracellular trafficking of denovo synthesized proteins under normal conditions (Zatsepina et al., 2021). The highly dynamic nature of Hsp70 is a key factor responsible for its chaperone function (Clark and Peck, 2009; Mayer, 2013). Normally, Hsp70 is located in the cytoplasm, however, when cells are stimulated by heat stress, Hsp70 in the cytoplasm is rapidly transferred to the nucleus. Nuclear translocation of Hsp70 protects the cells from the damaging caused by hypoxia and high temperature (Velazquez and Lindquist, 1984). Interestingly, hsp70 gene expression has also been reported to determine the variation in fitness and geographical distribution of Nucella species (Sorte and Hofmann, 2005), and a similar phenomenon has been noted in marine organisms (Clark and Peck, 2009). During the evaluation of contaminated environments, the hsp70 gene may serve as a biomarker to detect adverse circumstances (Cristina et al., 2018). In mammals, certain Hsps have been identified in the seminal fluid, which play important roles in spermatogenesis, sperm-egg recognition, and the post-testicular maturation of mammalian spermatozoa (Walsh et al., 2008; Dun et al., 2012; Redgrove et al., 2012; Nixon et al., 2015). In boars, Hsp70 is associated with semen quality, which tends to decline significantly with Hsp70 levels (Huang et al., 2000). In insects, studies regarding the functional characterization of hsp70 are emergent. hsp70 gene is differentially regulated in response to diapause (Macrae, 2010), and a similar change is recorded for other influencing factors (King and MacRae, 2015). hsp70 is also involved in midgut metamorphosis in Spodoptera litura, wherein its expression is induced by hormones (Gu et al., 2012). In addition, hsp70 is associated with reproductive diapause (Baker and Russell, 2009) and aging, and has a positive effect in prolonging the lifespan of Drosophila melanogaster (Bourg et al., 2001).
Ophraella communa (Coleoptera: Chrysomelidae) is used worldwide as an important biological control agent of the ragweed Ambrosia artemisiifolia worldwide (Zhou et al., 2011). Ambrosia artemisiifolia invaded China in the 1930s (Li et al., 2015) and posed a serious threat to agriculture and ecosystem (Zhou et al., 2011; Smith et al., 2013). The O. communa feeds on foliage at both larval and adult stages, and either restricts the ragweed can not enter the vegetative genitals or die directly (Guo et al., 2011). Ragweed is spreading rapidly in China (Guo et al., 2011), and the new areas of A. artemisiifolia distribution lack a natural enemy population, making it particularly dangerous. Therefore, a prompt release of O. communa populations is required in these areas to prevent further propagation of this weed. In previous studies, we have investigated the biology and physiology of O. communa (Ma et al., 2019a; Ma et al. 2019b; Ma et al. 2020; Tian et al., 2021; Zhang et al., 2021), and found that these leaf beetles are bisexual reproductive insects that can mate multiple times per day after sexual maturity.
In the present study, we identified the hsp70 genes that were highly expressed from a cDNA library of male testes in O. communa. We noted that hsp70 is preferentially expressed in mature testes compared to unmature ones, and is also significantly upregulated in the bursa copulatrix (BC) of mated females. To further elucidate the potential functions of Ochsp70, we examined the tissue-specific transcript abundance patterns of Ochsp70 in males and females. Then, we used the RNA interference (RNAi) technique to further demonstrate its role in reproduction in males and females. Finally, a comparative transcriptome analysis of RNAi-treated females (dsgfp vs dshsp70) was carried out, and the potential mechanisms by which Ochsp70 regulates reproduction were discussed.
MATERIALS AND METHODS
Plant growth and O.communa rearing
The A. artemisiifolia plants used in the present study were grown by following a previously reported method (Zhou et al., 2010). Ophraella communa population had been raised on ragweed plants for 1 year in the laboratory (Chinese Academy of Agricultural Sciences, Institute of Plant Protection, Beijing, China) at 27 ± 1°C, 70 ± 5% relative humidity, and a photoperiod of 14/10 h (light/dark).
Sample collection, RNA extraction and cDNA synthesis
Diverse tissues, including head, thorax, fat body, gut, male accessory glands (MAG), testis, bursa copulatrix (BC), were collected from eight male and female O. communa adults at day 5 post-eclosion. The post-mating bursa copulatrix (M-BC) tissue was obtained from 15 females immediately after mating, while the unmated bursa copulatrix (U-BC) tissue was obtained from 20 unmated females of the same age. All tissue samples collected for this study were immediately frozen in liquid nitrogen and stored at −80 C. Three biological replicates were used for quantitative real-time polymerase chain reaction (qPCR) analysis. Subsequently, total RNA from all samples was extracted following the manufacturer’s protocol using TRIzol™ reagent (Invitrogen, MA, United States). cDNA was synthesized using the TransScript® One-Step RT-PCR SuperMix (TransGen Biotech Co., Ltd, China) as per the recommended protocol.
Cloning and sequence analysis of Ochsp70
The rapid amplification of cDNA ends (RACE) approach was used to amplify the full-length cDNA sequence according to the manufacturer’s guide (SMARTer® RACE 5ʹ/3ʹ Kit, Clontech, TaKaRa Bio Inc, United States) based on local transcriptome data. The primer sequences are listed in Supplementary Table S1. The complete Coding sequence region was analyzed according to the smart website (https://smart.embl.de/), and the conserved site was predicted using the Prosite tool (https://prosite.expasy.org/). The full-length cDNAs of hsp70 were used as query sequences to search for hsp70 homologs in other insect genomes available in GenBank using NCBI-BLASTn (http://www.ncbi.nlm.nih.gov/). Multiple sequence alignment was performed using DNAMAN 8.0, and phylogenetic trees were constructed by the maximum-likelihood method using MAGE 6.06 and phylogenetic relationships were determined by bootstrap analysis with values of 1,000 trials.
qPCR analysis
qPCR was performed to quantify the relative Ochsp70 expression levels in different tissues, including female and male, mating and unmating, and after double-stranded RNA (dsRNA) treatments. For this purpose, the ABI 7500 PCR detection system (Applied Biosystems, United States) was used. RPL19 was used as reference gene, as described by Zhang et al. (2020).
dsRNA synthesis and RNAi
PCR was carried out using a gene-specific primer pair containing a T7 promoter sequence (5ʹ-TAA​TAC​GAC​TCA​CTA​TAG​GG-3ʹ) at the 5′ end and a recombinant plasmid containing OcHsp70 as template. Thereafter, the PCR product was used as a template for dsRNA synthesis using Ambion™ MEGAscript® T7 Transcription Kit (Thermo-Fisher Scientific, CA, United States) according to the recommended protocol. The double-stranded green fluorescent protein (gfp) RNA, dsgfp, was used as blank (negative) control. Finally, the quality of dsOchsp70 was assessed using 1% agarose gel electrophoresis and quantified to 10 μg/ul. dsOcHsp70 and dsgfp were stored at −80 C for subsequent experiments (Jin et al., 2020).
For the RNAi experiment, newly emerged adults (males and females <12 h after eclosing) were injected with 500 ng of dsRNA in 100 nL water solution at the abdomen using the Nanoject III Programmable Nanoliter Injector (Drummond Scientific Co., Inc, PA, United States). At 5, 10, 15, and 20 d post injection (PI), the five injected adults of each biological replicate were collected for the evaluation of silencing efficiency using qPCR. The primers used in this study are listed in Supplementary Table S1.
Bioassay for O.communa fecundity
Fecundity was assayed using single male-female mating pairs. The dsRNA (dshsp70 or dsgfp) injected adults (male or female) were mated with virgin (unmated) adults of the opposite sex and same age without dsRNA injection at 3 d PI. Each pair of adults was grouped in a Petri dish containing robust A. artemisiifolia leaves with wet cotton. The number of eggs laid from per pair per day was recorded every day until 20 d PI. The egg hatching rate was calculated as the percentage of hatched larvae among the total number of the eggs laid in the first 5 days.
RNA-sequencing
To identify the potential interactors of hsp70 particularly related to reproduction, the global transcriptome profiles of dsOchsp70-treated and dsgfp-treated females were investigated and compared using high-throughput sequencing. To this end, RNA was extracted from all samples, and the Ochsp70-silencing efficiency of each sample was evaluated via qPCR before transcriptome sequencing.
Data analysis
Data from qPCR and bioassays were analyzed using SAS System for Windows V8. The qPCR data was analyzed using the 2−ΔΔCt method (Schmittgen, 2008). One-way ANOVA was performed to compare the variation between PCR data and bioassays, followed by a least significant difference (LSD) test for multiple comparisons. Differences among mean values were determined using a LSD test at p < 0.05.
RESULTS
Ochsp70 identification and sequence analysis
The full-length cDNA of Ochsp70 was obtained by RACE-PCR and submitted to GenBank (GenBank number: OM162158), which consists of a 2,472 bp-long open reading frame encoding a polypeptide of 824 amino acids, and 186 bp long 5′ and 247 bp long 3′ untranslated regions. The molecular weight of OcHsp70 was predicted to be 91.98 kDa and the isoelectric point was 5.63, according to the ExPasy tools. The motif VEIVGGSSRIPAIKQ was found to be highly conserved in Ochsp70 and its homologs from other coleopteran species (Supplementary Figure S1), and Ochsp70 shares the HSPA4_like_NDB domain with these species. Homology analysis showed that the highest sequence similarity among OcHsp70 and other coleopteran Hsp70 proteins was 81.12% (Supplementary Figure S2). Meanwhile, phylogenetic analysis revealed that the Hsp70 clustered with strong bootstrapping support on the basis of the insect order of origin, whereas the amino acid sequences derived from insects of different orders were clustered in one clade, indicating that these Hsp70 are conserved within the same order of insects. The Ochsp70 sequence displayed the highest homology with that of Diabrotica virgifera (Supplementary Figure S1).
Ochsp70 is highly expressed in the female ovaries and male testes and is induced by mating
The relative expression of Ochsp70 in male testes was significantly higher in mature testes than in unmature testes (Figure 1A). We also observed that the expression level of OcHsp70 in BC (the female organ for storage of sperm and seminal fluid protein) increased significantly after mating (Figure 1B). Furthermore, the expression domain analysis of Ochsp70 revealed the highest expression in the testes in males and in the heads in females (Figure 1C,D).
[image: Figure 1]FIGURE 1 | A) Expression levels of Ochsp70 in male testicular tissues; the expression patterns validation validate of the Ochsp70 transcriptome data in the male reproductive system. (B) Expression level of Ochsp70 in mating-bursa copulatrix (mating-BC) than unmating-bursa copulatrix (unmatingm-BC). (C) Expression profiles of Ochsp70 in different tissues of males beetles O. communa. (D) Expression profiles of Ochsp70 in different tissues of females beetles O. communa. Values are represent means ± SD. The data were analyzed usingby one-way ANOVA followed by the least significant difference (LSD) test. ∗*p < 0.05, ∗∗**p < 0.01.
The knockdown of Ochsp70 reduces the fertility of O. communa males
The Ochsp70 expression was significantly reduced on the fifth day PI until 20th day PI in males (Figure 2A). In the meantime, we also tested the expression of Ochsp70 in the reproductive system of females that mated with males injected with dsOchsp70, and the results showed no significant changes (Figure 2B,C). However, the fecundity of these females was 26% lower than those administered dsgfp (Figure 2D). These results indicate that Ochsp70 is a putative male mating factor that plays an important role in reproduction.
[image: Figure 2]FIGURE 2 | Functional characterization of Ochsp70 and evaluation of RNA silencing efficiency in males. (A) Expression levels of Ochsp70 (5, 10, 15, and 20 d) after dsRNA was injected into the males. (B) Expression levels of Ochsp70 in the reproductive system of females copulated with dsRNA-injected males, 3 h post-mating (Pm-3h). (C) Expression levels of Ochsp70 in the reproductive system of females copulated with dsRNA-injected males, 3 d post-mating (Pm-3d). (D) Effect of Ochsp70 on O. communa fecundity. Bars with the same letter are not significantly different from each other at p < 0.05, as per the LSD test.
The knockdown of Ochsp70 reduces the fertility of O. communa females
To illustrate whether Ochsp70 was involved in regulating reproduction in females, dsOchsp70 was injected into freshly emerged females of O. communa. Similar to their male counterparts, the females displayed a significant reduction in Ochsp70 expression from the fifth to the 20th day PI (Figure 3A). Furthermore, the number of eggs laid by the dshsp70-treated females decreased by 56% compared to the control (Figure 3B). These results further suggest that Ochsp70 has a crucial role in the regulating the reproduction of O. communa females.
[image: Figure 3]FIGURE 3 | Functional characterization of Ochsp70 and evaluation of RNA silencing efficiency in females. (A) Expression levels of Ochsp70 (5, 10, 15, and 20 d) after dsRNA was injected dsRNA was injected into the females. (B) Effect of Ochsp70 on female fecundity. Bars with the same letter are not significantly different from each other at p < 0.05 level, as per the LSD test.
Ochsp70 knockdown impacts fertility-related pathways in O. communa
To elucidate the potential pathway of Ochsp70 mediated regulation of the reproduction in O. communa, total RNA was extracted from RNAi-treated mated female adults and was subjected to transcriptome sequencing (Supplementary Table S2). The raw data has been uploaded to NCBI (BioProject accession: PRJNA796368). Comparative transcriptomic analysis revealed significant alterations in the expression profiles of multiple genes associated with pathways involved in stress, reproductive development, and reproduction. Among the differentially expressed genes, we noticed that two fecundity-related genes, glucose dehydrogenase (evm.TU.chr5.700, GDH) and insulin-like growth factor binding protein (novel. 2003, IGF-BP) were downregulated 5.046 and 7.8136 times, respectively, after dsOchsp70 treatment. These results were subsequently validated by the relative expression levels quantified using qPCR (Figure 4).
[image: Figure 4]FIGURE 4 | Verification of differential gene expression between two RNA interference-treated groups by quantitative real-time polymerase chain reaction represented as heat maps. (A) dshsp70-ov vs. dsgfp-ov. (B) dshsp70-female vs. dsgfp-female.
DISCUSSION
Insects produce Hsps in response to stress such as heat, cold, crowding, and anoxia. In concert with cochaperones and accessory proteins, Hsps mediate essential activities such as folding, assembly, intracellular localization, secretion, regulation, and degradation of other proteins (Hendrick and Hartl 1993). Previous studies have reported that Hsp exhibits characteristic and distinctive expression patterns during various stages of development, including gametogenesis (Dix, 1997) and embryogenesis (Heikkila, 1993; Krone et al., 2003), However, the role and significance of the high Hsp levels in the absence of stress stimuli remain unclear. In this study, the Ochsp70 gene was successfully isolated and was found to display a constitutive and preferential expres sion profile in male testes. Interestingly, knocking down male Ochsp70 resulted in diminished fertility in their female mates. A similar observation was made in Tribolium castaneum, wherein Hsp70 was found to be involved in reproductive regulation when Tchsp70 knock-down males were examined (Xu et al., 2013). In addition, Ochsp70 expression is highest in the female heads, which is similar with Nilaparvata lugens (Lu et al., 2018) and Cydia pomonellao (Yang et al., 2016), and some small hsp genes are also abundant in head (Sun et al., 2014; Li et al., 2019). As a chaperone, hsp might play an important role in maintaining the normal function of the insect brain, either olfaction or neuro/developmental processing (Yang et al., 2016). More importantly, Ochsp70 expression is highly in the female ovaries, which is consistent with the ovary-specific expression of Tchsp70 and Dmhsp70 (Marin and Tanguay, 1996; Xie et al., 2019), and constitutive expression of Hsp70 has been confirmed in mammalian oocytes (Dix, 1997), and hsp expression in female reproduction tissue and spermatogenesis was showed to correlate with HSP reproduction function (Neuer et al., 2000). Our results also revealed that the knockdown of female Ochsp70 expression led to reduced reproduction both males and females. This finding supports the previous prediction that the shsp and hsp70 genes may regulate reproduction in T. castaneum (Xie et al., 2019) and Agasicles hygrophila (Jin et al., 2020). However, expression level of hsp70 gene might be a balancer of benefits and costs. During the response of D. melanogaster against heat shock, the hsp70 expression increases, whereas the fecundity decreases (Krebs and Loeschcke, 1994; Huang et al., 2007), and growth and cell division are impeded (Feder, 1997).
In general, males offer male mating factors (e.g., seminal fluid proteins or other synthesized secretions) to females to ensure successful mating or to signify paternal investment (Thornhill, 1983; Avila et al., 2011). In the Hsp family, hsp60 was present in the upregulated gene cluster obtained from the mated females of D. melanogaster (Mack et al., 2006), and Hsp70 was identified as a seminal fluid protein in T. castaneum (Xu et al., 2013). In this study, female Ochsp70 expression was also induced through mating, which combined with the high expression levels of male Ochsp70 in the mature testis, suggests that Ochsp70 may functions as a male mating factor in O. communa. Similarly, 32 HSPs constitute a group of most abundant proteins in the adult testis proteomics of Bombyx mori, a 94.4 kDa Hsp70was also included (Zhang et al., 2014), which were considered to be associated with spermatogenesis, reproduction, mitosis, and fertilization. This phenomenon is even more comprehensible in mammals (Boelens et al., 2004; Jha et al., 2013; Zhang et al., 2014), wherein several hsp70 genes are expressed specifically in male germ cells (Dix, 1997; Neuer et al., 2000; Carreira and Santos, 2020). Testicular sperms are the most diverse of all cell types, so it is not surprising that spermatogenesis is accompanied by the expression of hsp gene different expression.
However, the knockdown of female Ochsp70 led to a reduction in egg production, suggesting that Ochsp70 may also be related to protein transport and nutrient supply in females, as observed previously (Marin and Tanguay, 1996). Hsp70 does not function independently and is associated with a team of cochaperones. In addition, hsp expression results from the activation of various intracellular signaling pathways (Feder and Hofmann, 1999). Liu et al. (2013) has been predicted that hsp90 is involved in regulating 20E and JH-inducible gene expression in Helicoverpa armigera, which may be another possible pathway for Hsp family-mediated reproductive regulation. In the present study, several pathways were revealed via RNA-sequencing analysis as potential downstream targets of Ochsp70 involved in the regulating the reproduction in O. communa, such as Foxo signaling pathway, MAPK signaling pathway and insect hormone biosynthesis. Particularly, we noticed that both GDH and IGF-BP were maximally down-regulated with decreasing expression of hsp70. Previous studies showed that GDH and IGF-BP are involved in reproduction-related pathways and homeostasis (Smykal and Raikhel, 2015), while GDH is also associated with lifespan regulation (Von Wyschetzki et al., 2015). Unfortunately, in our study, after we silenced Gdh and Igf-bp, respectively or combined, the female fertility was non-different (Supplementary materials). Meanwhile, when the expression of hsp70, Gdh and Igf-bp in female of O. communa was interfered simultaneously, the female fecundity decreased obviously, compared with the control (Supplementary materials). Hence, GDH and IGF-BP may be not directly regulate reproduction, and are not directly related to Hsp70. The process of Hsp70 involved in reproduction is multimodulated in males and females of O. communa, next we will contribute to explore and find out this mechanism.
CONCLUSION
Our study provides evidence that hsp70 is a regulator of O. communa reproduction. Our findings also supports the notion that Ochsp70 is a potential male mating factor. A high-throughput approach was used to analyze the potential regulatory mechanism of the function of Hsp family in reproduction. However, further studies are required to elucidate the gene regulatory network involved in Hsp-mediated regulation of reproduction.
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Understanding the signaling pathway regulatory mechanisms in type II alveolar epithelial (ATII) cells, the progenitor cells responsible for proliferating and regenerating type I alveolar epithelial (ATI) and ATII cells, in Tibetan pigs is beneficial for exploring methods of preventing and repairing cellular damage during hypoxia. We simulated a hypoxic environment (2% O2) for culture ATII cells of Tibetan pigs and Landrace pigs, with cells cultured under normoxic conditions (21% O2) as a control group, and performed integrated analysis of circular RNA (circRNA)–microRNA (miRNA)–messenger RNA (mRNA) regulatory axes by whole-transcriptome sequencing. Functional enrichment analysis indicated that the source genes of the differential expressed circRNAs (DEcircRNAs) were primarily involved in cell proliferation, cellular processes, and cell killing. A series of DEcircRNAs were derived from inhibitors of apoptosis proteins and led to a key autonomous effect as modulators of cell repair in Tibetan pigs under hypoxia. The significant higher expression of COL5A1 in TL groups may inhibited apoptosis of ATII cells in Tibetan pigs under lower oxygen concentration, and may lead their better survive in the hypoxia environment. In addition, a competing endogenous RNA (ceRNA) network of functional interactions was constructed that included novel_circ_000898-ssc-miR-199a-5p-CAV1 and novel_circ_000898-ssc-miR-378-BMP2, based on the node genes ssc-miR-199a-5p and ssc-miR-378, which may regulate multiple miRNAs and mRNAs that mediate endoplasmic reticulum (ER) stress-induced apoptosis and inflammation and attenuate hypoxia-induced injury in ATII cells under hypoxic conditions. These results broaden our knowledge of circRNAs, miRNAs, and mRNAs associated with hypoxia and provide new insights into the hypoxic response of ATII cells in Tibetan pigs.
Keywords: noncoding RNA, ATII cells, ceRNA, Tibetan pigs, cellular processes
INTRODUCTION
The Tibetan pig is a unique domestic highland breed in China and has well adapted to the hypoxic environment than other pigs, as the native breed live at Qinghai-Tibet Plateau; indeed, the nucleotide diversity in most regions of the mitogenome is greater in wild Tibetan pigs than in domestic pigs (Li et al., 2013; Li et al., 2016; Wu et al., 2020). Specific characteristics of Tibetan pigs, including their well-developed hearts and lungs, denser pulmonary artery networks, and miRNA–mRNA coexpression regulatory networks in the lungs, facilitate more effective oxygen transport in hypoxic environments (Yang et al., 2021a; Yang et al., 2021b). The lung is the primary respiratory organ that exchanges oxygen and has a large and vascularized epithelial surface area, which is susceptible to hypoxia-induced injury as a “rate-limiting” organ under severely hypoxic conditions (Gallagher and Hackett, 2004; Herriges and Morrisey, 2014). ATI cells and ATII cells were covered the surface of alveolar, and gas exchange relies on the integrity of the epithelium and its dynamic interaction with other cells (Aspal and Zemans, 2020). The hypoxic response of cells depends on regulatory networks at the transcriptional and post-transcriptional levels that result in variations in gene expression (Jozefczuk et al., 2010; Richter et al., 2010). Therefore, cells must be able to sense, respond, and adapt rapidly to short- or long-term hypoxic conditions for optimum survival. Cell turnover is slower in the lungs than in other organs, such as the skin and intestine (Sender and Milo, 2021), and hypoxia (Greco et al., 2019) or hypoxia-induced (Qin et al., 2018) acute lung diseases or injury, including pulmonary fibrosis (Darby and Hewitson, 2016). ATII cells functioning as progenitor cells in the alveoli can regenerate and proliferate into ATII cells or undergo repair and differentiate into ATI cells after physiological insult under hypoxia. The existing literature shows that hepatocyte growth factor (Ito et al., 2014), keratinocyte growth factor (Schmeckebier et al., 2013), and the Wnt/β-catenin (Aspal and Zemans, 2020) signaling pathway can promote the proliferation of ATII cells. In addition, the levels of genes and proteins involved in HIF-related pathways and inflammation activation were found to be significantly increased in ATII cells under hypoxic conditions (Grek et al., 2011; Sherman et al., 2018). Oxidative stress may be the primary reason for ATII cell apoptosis, which could undergo cell death and replaced by myofibroblasts in hypoxia-induced IPF to prevent repair and renewal of the alveolar wall (Dias-Freitas et al., 2016; Alvarez-Palomo et al., 2020). To date, an approach utilizing integrated analysis of protein-coding messenger RNAs (mRNAs) and many noncoding RNAs, i.e., circular RNAs (circRNAs) and microRNAs (miRNAs), to yield phase-specific gene expression or regulation patterns has been effective. Previous studies have revealed that RNA regulation mediates diverse biological processes, such as vascular remodeling (Fujiwara et al., 2021), innate immunity (Colgan et al., 2020), brain activity (Butt et al., 2021), and inflammation (Colgan et al., 2016), in plateau animals. Hence, insight into the underlying RNA regulatory mechanism in ATII cells of Tibetan pigs is of great significance for understanding hypoxic adaptation mechanisms. Here, we assumed that the expressions and functions of hypoxia-related genes are partially or entirely regulated by miRNAs or circRNAs. To validate this hypothesis, we constructed a competing endogenous RNA (ceRNA) network for ATII cell under normoxic (21% O2) and hypoxic (2% O2) conditions, which will allow identification of the changes in RNA regulation that occur in response to hypoxia in Tibetan pigs and Landrace pigs.
METHODS
Sample collection
Lung tissue samples collected from healthy newborn male piglets (Tibetan pigs and Landrace pigs) at 7 days of age were soaked in PBS. Primary ATII cells were isolated as described previously (Wang et al., 2016) with minor modifications. Then, ATII cells were cultured in complete medium at 37°C in an environment containing either 21% O2, 5% CO2, and 79% N2 (normoxic conditions) or 2% O2, 5% CO2, and 98% N2 (hypoxic conditions).
We harvested ATII cells (n = 6 for each group) at 48 h under the 21% O2 (Tibetan–normoxic (TN) and Landrace–normoxic (LN)) or 2% O2 (Tibetan–low hypoxic (TL) and Landrace–hypoxic (LL)) conditions. Three of each group were flash-frozen in liquid nitrogen for RNA extraction, and the rest were used for analyze cell apoptosis by A BD FACSCanto II flow cytometer (BD Biosciences, San Jose, CA, USA).
RNA isolation, library preparation, and sequencing
Total RNA was extracted with a TRIzol reagent kit (Invitrogen, Carlsbad, CA, USA), and the RNA integrity number (RIN) was confirmed to be >7.5. mRNA and noncoding RNA (ncRNA) were retained by removing ribosomal RNA (rRNA), and short fragments were reverse transcribed into complementary DNA (cDNA) with random primers. Second-strand cDNA was synthesized and purified with a QiaQuick PCR Extraction Kit (Qiagen, Venlo, Netherlands). Twelve RNA-seq libraries were generated and sequenced on the Illumina HiSeq™ 4,000 sequencing platform (Illumina Inc., San Diego, CA, USA) by Gene Denovo Biotechnology Co. (Guangzhou, China).
Read mapping and transcript assembly
Clean reads were obtained by filtering adapter reads and poor-quality reads from the raw data using fastp (Chen et al., 2018). HISAT 2 was used to map the clean paired-end reads to the Sus scrofa RefSeq genome (Sus scrofa 11.1). StringTie (Pertea et al., 2015) was used to reconstruct transcripts and calculate expression abundances and variations as fragments per kilobase of transcript per million mapped reads (FPKM) values.
Identification of known and novel miRNAs and circRNAs
Clean reads were obtained and mapped to the miRBase 21.0 database (http://www.mirbase.org/) to identify known porcine miRNAs. Other known miRNAs in other species were identified and mapped to the remaining miRNA sequences. Novel miRNA candidates were predicted by aligning the reference genome with unannotated tags according to hairpin structures and genomic positions using miRDeep2.
Clean reads were obtained and mapped to the porcine reference genome by discarding low-quality reads, and the retained reads were analyzed with find_circ to identify circRNAs. Clean reads that could not be annotated were defined as novel circRNAs.
Quantification of RNA abundance and evaluation of differential expression
The expression of the identified circRNAs, miRNAs, and mRNAs was quantified by calculating the reads per million mapped reads (RPM), transcripts per million (TPM), and FPKM values, respectively. Differentially expressed miRNAs (DEmiRNAs) and differentially expressed circRNAs (DEcircRNAs) were identified as those with a fold change (FC) ≥2 and p value < 0.05 by edgeR, and differentially expressed mRNAs (DEmRNAs) were identified as those with a false discovery rate (FDR) of less than 0.05 and an absolute FC ≥ 2 by DESeq.
Functional annotation and enrichment analysis of RNAs
Source genes of DEcircRNAs, candidate target genes of DEmiRNAs, and DEmRNAs were subjected to Gene Ontology (GO) term enrichment analysis (http://www.geneontology.org/) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis (http://www.genome.jp/kegg/). FDR ≤0.05 was established as the threshold for determining significance.
Construction of the circRNA–miRNA–mRNA network
RNA pairs with Spearman rank correlation coefficients (SCCs) < −0.7 were selected as negatively coexpressed mRNA–miRNA or circRNA–miRNA pairs, and RNA pairs with Pearson correlation coefficients (PCCs) > 0.9 were selected as coexpressed circRNA–mRNA pairs. p values < 0.05 were computed to assess shared miRNA sponges between circRNAs and mRNAs as final ceRNA pairs. The circRNA–miRNA–mRNA ceRNA regulatory network was constructed and visualized using Cytoscape. We considered significant nodes at the cores of the regulated networks to be highly associated with hypoxic adaptation.
Quantitative real-time–PCR validation
To verify the RNA-seq results, we randomly selected mRNAs, miRNAs, and circRNAs to verify the data reliability. The primers used for qRT–PCR were synthesized by Qingke Biological Company (Xi’an, China) and are shown (Supplementary Table S1 in Supplementary Material S2). cDNA was synthesized from RNA samples identified by transcriptome sequencing and used as the template for gene expression analysis. qPCR was performed in a LightCycler 96 Real-Time System (Roche, Switzerland) using SYBR® Premix Ex Taq™ II (TaKaRa, China). Statistical analyses were performed with analysis of variance (ANOVA) using SPSS 20.0 (SPSS, IL, USA). p < 0.05 was considered to indicate a significant difference. Graphs were generated using GraphPad Prism 8.0 (GraphPad Software, CA, USA).
Dual-luciferase reporter assay
The putative miR-141 binding sites on the target gene HOOK3 were predicted using Target Scan (http://www.Targetscan.org), miRBase (http://www.mirbase.org), and miRDB (http://www.mirdb.org). The wild-type (WT) and mutant-type (MUT) HOOK3 containing the putative binding site of miR-141 were synthesized by GENEWIZ Biotechnology Co., Ltd. and purchased from GENEWIZ (Suzhou, China) andcloned into the pmirGLO Dual-Luciferase vector XhoI/SalI sites (Promega, United States). The mimic negative control (NC) were bought by Jima (Shanghai, China). HOOK3-MT or HOOK3-MUT and miR-141 mimic or mimic NC were co-transfected into 293 T cells using Lipofectamine 2000 transfection vehicle (Invitrogen, Carlsbad, CA, United States) for the luciferase reporter assay. After 48 h, luciferase activity were examined by the Dual-Luciferase Reporter Assay System (Promega). The ratios of firefly luciferase to renilla luciferase were identified as relative luciferase enzyme activity.
RESULTS
Correlation analysis of COL5A1 and cell apoptosis
Cell apoptosis was investigated by flow cytometric assays, and our results showed that cell apoptosis was higher in the hypoxic groups (TL, LL) than that in the normoxic groups (TN, LN), and the rate of normal viable cell rate were 84.63, 66.47, 72.95, and 60.68% in TN, TL, LN, LL groups, respectively (Table 1). Notably, the expression of COL5A1 in TL were significant higher than that of TN groups, and not significant different between LN and LL groups, as the source genes of numerous circRNAs, including novel_circ_001282, novel_circ_001569, and novel_circ_003568 (Figure 1A).
TABLE 1 | Apoptosis rate of ATⅡ cells under hypoxia.
[image: Table 1][image: Figure 1]FIGURE 1 | General features of circRNAs, miRNAs, and mRNAs. (A) Correlation analysis of COL5A1 and cell apoptosis. (B) Chromosome distribution map of circRNAs. (C) Chromosome distribution map of mRNAs. (D–F) Length distributions for the identified circRNAs, miRNAs, and mRNAs.
Identification of DEcircRNAs, DEmiRNAs, and DEmRNAs
Whole-transcriptome profiling of ncRNAs (i.e., circRNAs), mRNAs, and miRNAs was performed to assess the regulation of hypoxia-related genes in ATII cells (Supplementary Figure S1 in Supplementary Material S1, Supplementary Tables S2, S3 in Supplementary Material S2). Averages of 74.97 and 11.89 million clean reads obtained for circRNAs (mRNAs) and miRNAs, respectively, after removal of redundant and low-quality reads. mRNAs and circRNAs were identified on all chromosomes; most mRNAs were located on chromosomes NC_010448.4, NC_010444.4, and NC_010443.5, and most circRNAs were located on chromosomes NC_010443.5, NC_010455.5, and NC_010448.4 (Figures 1B,C). In total, 5,524 circRNAs were identified in this study, and these were named and numbered novel_circ_000001 to novel_circ_005524. Furthermore, the vast majority of these circRNAs were shown to have originated from exonic circRNAs, and intronic, intergenic, antisense overlapping and sense overlapping circRNAs were the mainly kind of circRNAs identified (Figure 2A). Most of the circRNAs, miRNAs, and mRNAs had lengths of 200–1,000 bp, 21–24 bp, and more than 1,000 bp, respectively; 400–600 bp, 22–23 bp, and more than 6,000 bp were the most abundant respective lengths and were consistent with the RNA features (Figures 1D–F).
[image: Figure 2]FIGURE 2 | Summary of differential expression analysis of the circRNAs and miRNAs. (A) Venn diagram indicating that circRNAs numbers originated from different genomic sites. (B) Venn diagram of circRNAs interactions based on the overlapping circRNAs among the four groups. (C) Heatmap showing the relative expression patterns of DEcircRNAs between TN and TL. (D) Heatmap showing the relative expression patterns of DEcircRNAs between LN and LL. (E) Volcano plot showing the relative expression patterns of DEcircRNAs between LN and LL. (F) Volcano plot showing the relative expression patterns of DEcircRNAs between TN and TL. (G) Histogram showing the number of DEmiRNAs identified among the four groups.
In total, 5,524 circRNAs, 1,332 miRNAs, and 20,720 mRNAs were obtained. A total of 92 (53 upregulated and 39 downregulated), 53 (28 upregulated and 25 downregulated), 83 (47 upregulated and 36 downregulated), and 84 (49 upregulated and 35 downregulated) DEcircRNAs were identified in ATII cells between the TN and TL, LN and LL, TN and LN, and TL and LL groups, respectively (Table 1; Figures 2B–F). Analysis identified 340 existing miRNAs, 675 known miRNAs, and 318 novel miRNAs (Supplementary Material S3). In addition, 5 DEcircRNAs, 37 DEmiRNAs, and 1,470 DEmRNAs were identified between cells cultured under different oxygen conditions (21% O2 and 2% O2) (Supplementary Material S4). The 3 DEcircRNAs, 3 DEmiRNAs, and 3 DEmRNAs randomly selected and detected by qPCR analysis and Sanger sequencing to validate the accuracy of the sequencing data. Result suggest that the sequencing data and expression of circRNAs, miRNAs, and mRNAs identified in this study are reliable (Figure 3, Supplementary Figure S2 in Supplementary Material S1).
[image: Figure 3]FIGURE 3 | Expression patterns of randomly selected 3 DEcircRNAs, 3 DEmiRNAs and 3 DEmRNAs.
Identification of miRNA–mRNA and circRNA–miRNA pairs
A total of 157 and 124 hypoxia-dependent DEmiRNAs were identified in the Tibetan pig (TN and TL) groups and Landrace pig (LN and LL) groups (Figure 2G), respectively. Furthermore, we predicted the target circRNAs and mRNAs of these DEmiRNAs and identified 109 (25) circRNA–miRNA and 25,434 (18,506) mRNA-miRNA pairs between the TN (LN) and TL (LL) groups (Supplementary Material S5).
GO and KEGG enrichment analyses of DEcircRNA source genes
We found that the majority of DEcircRNAs among the four groups were derived from source genes and that some were derived from intergenic regions. We also performed GO functional analysis and KEGG pathway enrichment analysis of the circRNA source genes to evaluate their biological roles. In total, 41, 38, 45, and 47 GO terms for the TN vs. TL, LN vs. LL, LN vs. TN, and LL vs. TL comparisons, respectively, were enriched in biological process, cellular component, and molecular function categories (Supplementary Figure S3A in Supplementary Material S1). Moreover, anion binding (GO:0043168), small molecule binding (GO:0036094), and ATP binding (GO:0005524) were the most significant terms between the TN and TL groups (Figure 4A). ncRNA polyadenylation (GO:0043629), snoRNA polyadenylation (GO:0071050), and TRAMP complex (GO:0031499) were the most significant terms between the LN and LL groups (Figure 4B).
[image: Figure 4]FIGURE 4 | Functional annotation analysis of the source genes of DEcircRNAs. (A) GO annotation of the source genes of DEcircRNAs between TN and TL groups. (B) GO annotation of the source genes of DEcircRNAs between LN and LL groups. (C) KEGG enrichment of the source genes of DEcircRNAs between TN and TL groups. (D) KEGG enrichment of the source genes of DEcircRNAs between LN and LL groups.
KEGG enrichment analysis revealed that several pivotal pathways, including protein processing in the endoplasmic reticulum (ER), focal adhesion, and adherens junction, were associated with the regulatory mechanisms of the circRNAs (Supplementary Figure S3B in Supplementary Material S1). The source genes of the DEcircRNAs in the TN group compared to the TL group were significantly enriched in the Fanconi anemia pathway, pantothenate and CoA biosynthesis, and hepatitis B pathways (Figure 4C). The source genes of the DEcircRNAs in the LN group compared to the LL group were significantly enriched in the mTOR signaling pathway and pantothenate and CoA biosynthesis pathways (Figure 4D).
Enrichment analysis of target genes of the DEmiRNAs in the network
We performed GO enrichment analysis to investigate the biological roles of target genes of DEmiRNAs and found that these genes were significantly enriched in the terms binding, intracellular, and intracellular part under hypoxic conditions. These terms were identified by comparison of the normoxia (21% O2) and hypoxia (2% O2) groups and represent the common effect of oxygen concentration changes on target genes of the DEmiRNAs (Supplementary Material S6). Most target genes of the DEmiRNAs between the TN and TL groups were significantly enriched in the cell term in the cellular component category, the binding term in the molecular function category, and the cellular component organization term in the biological process category (Figure 5A). Numerous target genes of the DEmiRNAs between the LN and LL groups were significantly enriched in the cellular component organization, nucleoside binding, and membrane-bounded organelle terms in the biological process, molecular function, and cellular component categories, respectively (Figure 5B).
[image: Figure 5]FIGURE 5 | Functional annotation analysis of the target genes of DEmiRNAs. (A) GO annotation of the target genes of DEmiRNAs between TN and TL groups. (B) GO annotation of the target genes of DEmiRNAs between LN and LL groups. (C) KEGG enrichment of the target genes of DEmiRNAs between TN and TL groups. (D) KEGG enrichment of the target genes of DEmiRNAs between LN and LL groups.
As demonstrated by the KEGG pathway enrichment analysis, target genes of the DEmiRNAs between Tibetan pigs and Landrace pigs at different oxygen concentrations (2% O2 and 21% O2) were significantly enriched in the following pathways: axon guidance, focal adhesion, and MAPK signaling pathway (Supplementary Material S6). DEmiRNAs in Tibetan pigs at different oxygen concentrations were significantly enriched in the following pathways: axon guidance, wnt signaling pathway, and phospholipase D signaling pathway (Figure 5C). DEmiRNAs in Landrace pigs at different oxygen concentrations were significantly enriched in the following pathways: axon guidance, hepatocellular carcinoma, and regulation of actin cytoskeleton (Figure 5D).
Establishment of the circRNA–miRNA–mRNA network
The intersection of circRNA–miRNA pairs and mRNA–miRNA pairs was filtered, and pairs based on the DEmiRNAs were identified in the TN vs. TL and LN vs. LL comparisons (Supplementary Material S7). To further reveal the potential regulatory networks and their biological processes in ATII cells at different oxygen concentrations, we combined the miRNA–mRNA and circRNA–miRNA pairs to construct two preliminary circRNA–miRNA–mRNA networks in Tibetan pigs and Landrace pigs. The network in Tibetan pigs presented an initial view of the associations among the 53 circRNA nodes, 44 miRNA nodes, 1,375 mRNA nodes, and 428 edges and included ssc-let-7g, ssc-miR-1, ssc-miR-10382, novel_circ_000083, novel_circ_000136, novel_circ_000480, ENPP1, EPAS1, ITGB8, etc. Ssc-miR-1, ssc-miR-490–3p, ssc-miR-490, and novel_circ_004392 were considered the most notable RNAs between the TN and TL groups (Figure 6A).
[image: Figure 6]FIGURE 6 | The circRNA-miRNA-mRNA interaction network. (A) The circRNA-miRNA-mRNA interaction network between TN and TL. (B) The circRNA-miRNA-mRNA interaction network between LN and LL. Green circles represent circRNAs, yellow circles represent miRNAs, and red circles represent mRNAs.
The network in Landrace pigs (LN vs. LL) was composed of 14 circRNA nodes (novel_circ_000256, novel_circ_000332, novel_circ_000880, etc.), 19 miRNA nodes (ssc-miR-1, ssc-miR-326, ssc-miR-335, etc.), 827 mRNA nodes (EPAS1, NREP, P4HA1, etc.) and 244 edges. Interestingly, ssc-miR-30c-3p, ssc-miR-20b, ssc-miR-671–5p, ssc-miR-29a-5p, and novel_circ_003405 were identified as the most important and central RNAs between the LN and LL groups (Figure 6B).
Core regulatory networks of the DEcircRNAs, DEmiRNAs, and DEmRNAs
We combined the circRNA–miRNA and miRNA–mRNA pairs among the four groups and constructed a preliminary circRNA–miRNA–mRNA network. The top 50 relationship pairs are shown in the network diagrams. The network was composed of 49 circRNA nodes (novel_circ_001145, novel_circ_001390, novel_circ_001681, etc.), 5 miRNA nodes (ssc-miR-145–5p, ssc-miR-1, ssc-miR-378, etc.), 6 mRNA nodes (MAPK1, IRS1, CAV1, etc.) and 170 edges. Several miRNAs, such as ssc-miR-199a-5p, ssc-miR-378, and ssc-miR-1, were identified as the most important nodes, and related circRNAs (novel_circ_000857, novel_circ_001835, and novel_circ_001145) and mRNAs (ncbi_404,693, ncbi_100153927, NewGene.10854.1, and ncbi_100157103) were identified by miRanda (Figure 7).
[image: Figure 7]FIGURE 7 | The circRNA-miRNA-mRNA interaction network. Green circles represent circRNAs, yellow circles represent miRNAs, and red circles represent mRNAs.
Validation of targeting relationships between miR-141 and HOOK3
Based on the inverse expression trends between miRNA and mRNAs in type II alveolar epithelial cells under different altitude. We randomly selected miR-141 to verify it targeting relationships with HOOK3. The dual luciferase reporter assay indicated that the luciferase activity was significantly decreased following co-transfection with the miR-141 mimic and HOOK3-WT (p < 0.01), while no effect on the mutant types of HOOK3-MUT (Supplementary Figure S4 in Supplementary Material S1). These results initially confirmed the direct interactions between miR-141 and HOOK3.
DISCUSSION
Tibetan pigs have historically lived in hypoxic environments and have undergone strong selection, and their molecular patterns may represent regulatory mechanisms of adaptation to high-altitude hypoxia (Li et al., 2013; Yang et al., 2021b). Accumulating research indicates that circRNAs, miRNAs, and mRNAs are involved in various types of physiological responses to hypoxia, including glycolysis (Fuller et al., 2020), aging (Haque et al., 2020), and cancer (Pan et al., 2021). The critical roles of mRNAs (Sahu et al., 2019), miRNAs (Hoefel et al., 2019) and circRNAs (Xu et al., 2020) are well known for lung development and disease prevention. Since 2013, an increasing number of researchers have focused on explaining the novel functions of circRNAs based on their tissue-specific expression and high stability as potential biomarkers (Shi et al., 2020; Khan et al., 2021). Occasionally, ATII cells can proliferate and differentiate into ATI cells after the death of them, which are responsible for gas exchange and serve as a barrier that participates in pathogen defense (Aspal and Zemans, 2020). Understanding the circRNA–miRNA–mRNA axis in ATII cells of Tibetan pigs and Landrace pigs could provide important insights into the protective mechanisms of the hypoxia response. The emerging hypoxia regulation function of circRNAs is particularly interesting, as they might thus be candidates for new therapeutic targets and biomarkers for disease. In this study, we identified and characterized the expression patterns of 5,524 circRNAs, 1,332 miRNAs, and 20,720 mRNAs in ATII cells of Tibetan pigs and Landrace pigs via high-throughput sequencing, further explored the circRNA–miRNA–mRNA regulatory axis and provided new insights into the regulatory roles of RNAs in hypoxia.
Hypoxia may activated DNA repair and damage pathways
To investigate the roles of circRNAs in the response of ATII cells to hypoxia, functional analysis of their source genes was performed. DNA repair and damage pathways may be activated during replication stress in cells under hypoxia. GO functional enrichment analysis revealed that the circRNA source genes participated mainly in biological processes, including cell proliferation, cellular processes, and cell killing. Most DEcircRNAs between the LN and LL groups (such as novel_circ_003062, novel_circ_004904, and novel_circ_003307) were generated from DNA damage-related genes, such as ZNF451, TLK1, and TET1, indicating the presence of DNA damage in ATII cells of Landrace pigs under hypoxic conditions, leading to the activation of numerous distinct repair mechanisms and signaling pathways. The small ubiquitin-related modifier (SUMO) ligase ZATT (ZNF451) can control cellular responses to topoisomerase 2-mediated damage as a multifunctional DNA repair factor (Schellenberg et al., 2017). Mammalian TLK1 was identified in 1999 and is involved in chromatin formation and newly replicated DNA processing as a serine/threonine kinase; in turn, it can be phosphorylated and deactivated by Chk1 in response to DNA damage under hypoxia (Silljé et al., 1999; Krause et al., 2003). Ten-eleven translocation-1 (TET1) mediates the influence of hypoxia on modifying adipocytokine DNA methylation, and its DNA demethylase activity is induced by HIF-1α (Ali et al., 2020). In addition, oncogenic TNKS2 can promote the migration and invasion of cervical cancer cells by directly upregulating miR-20a (Kang et al., 2012). KLF12 is a member of the Krüppel-like factor family, and its overexpression directly affects proangiogenic processes via transcriptional regulators participating in a multitude of cancer-relevant processes (Mao et al., 2020). Several DEcircRNAs between Landrace pigs in the LN and LL groups (such as novel_circ_001713, novel_circ_000707, and novel_circ_005275) were derived from cancer- and disease-related genes, such as TNKS2, KLF12, and BTAF1, which activate numerous signaling pathways involved in DNA damage, apoptosis promotion, and mitochondrial dysfunction caused by an insufficient oxygen supply (Adami et al., 2018; Vinchure et al., 2021).
ATII cell apoptosis may effect a modulator of cell repair in tibetan pigs under hypoxia
In the TN and TL groups, DEcircRNAs (such as novel_circ_000961, novel_circ_004860, and novel_circ_004404) were generated from inhibitors of apoptosis proteins (e.g., baculoviral IAP repeat containing 6 (BIRC6)), which may lead to a key autonomous effect as a modulator of cell repair in Tibetan pigs under hypoxia (Guo et al., 2019). Moreover, we suspect that BIRC6 could inhibit apoptosis by facilitating ubiquitination-mediated degradation of apoptotic proteins (Hao et al., 2020). In contrast, ATK17A and CASP2 exhibit apoptosis-inducing activity and can mediate cellular apoptosis (Okumu et al., 2017). DEcircRNAs between the TN and TL groups (such as novel_circ_005192, novel_circ_003369, and novel_circ_000923) were derived from PLOD2, which may modulate the migration and invasion of cells via PI3K/Akt signaling (Wan et al., 2020). DEcircRNAs between the TN and TL groups (such as novel_circ_001296, novel_circ_001418, novel_circ_000169) were derived from PARD3, which may be associated with asymmetrical cell division and direct polarized cell growth. PARD3 contains multiple postsynaptic densities and is localized to tight junctions; in addition, it is correlated with invasion in lung squamous cell carcinoma via impaired STAT3 signaling (Ohno, 2001; Ozdamar et al., 2005; Bonastre et al., 2015). As expected, we found that DEcircRNAs between the TN and TL groups (such as novel_circ_001282, novel_circ_001569, and novel_circ_003568) were derived from COL5A1, which encodes an alpha chain for one of the low-abundance fibrillar collagens and may regulated in a hypoxia- and SMC-NFATc3-dependent manner in Tibetan pigs during the response to hypoxia (Sheak et al., 2020). The significant higher expression of COL5A1 in TL groups may inhibited apoptosis of ATII cells in Tibetan pigs under lower oxygen concentration, may lead their better survive in the hypoxia environment than Landrace pigs (Liu et al., 2018).
CircRNA-associated ceRNA networks of ATII cells under hypoxia
Ssc-miR-136–5p, ssc-miR-490–3p, ssc-miR-1, ssc-miR-490, ssc-miR-335, ssc-miR-2320–3p, and ssc-miR-10390 were subsequently identified as the most affected miRNAs and were strongly correlated with numerous mRNAs and circRNAs in the ceRNA network based on DEmiRNAs between the TN and TL groups. CircTLK1 positively regulates CBX4 expression, promoting the proliferation and metastasis of renal cell carcinoma, by sponging miR-136–5p (Li et al., 2020). The novel_circ_002672–ssc-miR-136-5p–SOCS4 axis between the TN and TL groups may have a vital role in a series of pathological changes, including thyroid carcinoma, lung squamous cell cancer, pentose and glucuronate interconversion, and ascorbate, aldarate, and retinol metabolism; it may also regulate the IKKβ/NF-κB/A20 pathway as a modulator of the inflammatory response (Deng et al., 2018; Xie et al., 2018; Gao R. Z. et al., 2019). Among these miRNAs, altered expression of ssc-miR-136–5p, ssc-miR-490–3p, and miR-10390 target genes may occur in response to cellular stressors to facilitate the survival of ATII cells in Tibetan pigs (Jeffery and Harries, 2019).
Based on the ceRNA network between the LN and LL groups, ssc-miR-30c-3p, ssc-miR-20b, ssc-miR-671–5p, and ssc-miR-29a-5 could serve as central miRNAs to regulate the expression of numerous target circRNAs and mRNAs. The novel_circ_005449-ssc–miR-20b–ZDBF2 and novel_circ_000880–ssc-miR-671-5p–CDC14B axes are partial axes based on ssc-miR-20b and ssc-miR-671–5p, which are important regulators of 18 mRNAs, 1 circRNA and 21 mRNAs. Two DEcircRNAs were found in our network between the LN and LL groups, and these circRNAs may cause hypoxia injury-induced autophagy through autophagosomal degradation in Landrace pigs (Gao L. et al., 2019; Lu et al., 2020).
Multiple lines of evidence have demonstrated that circRNAs indirectly enhance gene expression by acting as miRNA sponges (Zhong et al., 2018). The overexpressed circRNA competitively binds to and inhibits the activity of a miRNA to prevent the degradation of the target mRNA. We further analyzed the circRNA–miRNA–mRNA network based on ceRNAs and identified ssc-miR-199a-5p, ssc-miR-378, ssc-miR-1, and ssc-miR-145–5p. Ssc-miR-199a-5p and ssc-miR-378 may regulate many miRNAs and mRNAs, including novel_circ_000898-ssc-miR-199a-5p-CAV1 and novel_circ_000898-ssc-miR-378-BMP2, which could mediate ER stress-induced apoptosis and inflammation and attenuate hypoxia-induced injury in ATII cells under hypoxic conditions (Wen et al., 2020). These findings may explain why ATII cells from Tibetan pigs can survive better than those from Landrace pigs under hypoxic conditions.
CONCLUSION
In conclusion, we present comprehensive documentation elucidating the changes in and regulation of circRNA–miRNA–mRNA axes in ATII cells of Tibetan pigs and Landrace pigs under hypoxia induction. We identified several hypoxia-related genes and pathways showing adaptive changes in ATII cells, including cell proliferation, cellular processes, and cell killing. Our results also provide new insights into the response of ATII cells in Tibetan pigs to hypoxia, and the numerous identified circRNA miRNAs and mRNAs will serve as references for further investigation of their functions.
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Fragile X-Syndrome (FXS) represents the most common inherited form of intellectual disability and the leading monogenic cause of Autism Spectrum Disorders. In most cases, this disease results from the absence of expression of the protein FMRP encoded by the FMR1 gene (Fragile X messenger ribonucleoprotein 1). FMRP is mainly defined as a cytoplasmic RNA-binding protein regulating the local translation of thousands of target mRNAs. Interestingly, FMRP is also able to shuttle between the nucleus and the cytoplasm. However, to date, its roles in the nucleus of mammalian neurons are just emerging. To broaden our insight into the contribution of nuclear FMRP in mammalian neuronal physiology, we identified here a nuclear interactome of the protein by combining subcellular fractionation of rat forebrains with pull‐ down affinity purification and mass spectrometry analysis. By this approach, we listed 55 candidate nuclear partners. This interactome includes known nuclear FMRP-binding proteins as Adar or Rbm14 as well as several novel candidates, notably Ddx41, Poldip3, or Hnrnpa3 that we further validated by target‐specific approaches. Through our approach, we identified factors involved in different steps of mRNA biogenesis, as transcription, splicing, editing or nuclear export, revealing a potential central regulatory function of FMRP in the biogenesis of its target mRNAs. Therefore, our work considerably enlarges the nuclear proteins interaction network of FMRP in mammalian neurons and lays the basis for exciting future mechanistic studies deepening the roles of nuclear FMRP in neuronal physiology and the etiology of the FXS.
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INTRODUCTION
The Fragile X-Syndrome (FXS) represents the most common inherited form of intellectual disability and the first monogenic cause of Autism Spectrum Disorders, affecting 1/4,000 males and 1/7,000 females (Dahlhaus 2018; Maurin and Bardoni 2018; Richter and Zhao 2021). This neurodevelopmental disorder is characterized by a broad range of neurologic/psychiatric phenotypes including mental impairment, autism, attention deficit, hyperactivity, social anxiety, and epilepsy. In the majority of cases, FXS is due to the silencing of the FMR1 gene, recently renamed as Fragile X messenger ribonucleoprotein 1, encoding FMRP (or FXP, Fragile X Protein) (Herring et al., 2022).
FMRP is an RNA binding protein, mostly cytoplasmic, able to interact with thousands of messenger RNAs (mRNAs) (Darnell et al., 2011; Ascano et al., 2012; Maurin et al., 2015; Maurin et al., 2018; Sawicka et al., 2019; Tran et al., 2019; Hale et al., 2021). These lists comprise mRNAs encoding proteins with large array of roles in cell processes, including proteins essential for the development and the function of synapses. Canonically, FMRP is defined as a translational suppressor through interactions with the translational machinery and the miRNA pathway. However, evidence exist about its capacity to enhance translation (Bechara et al., 2009; Tabet et al., 2016; Richter and Zhao 2021). It may also participate in the transport of its target mRNAs along the dendrites, within ribonucleoprotein complexes called “transport granules”, and represses their translation until they arrive at the synapses (Maurin et al., 2014; Richter and Zhao 2021). Thus, the cognitive deficiencies observed in patients with FXS are thought to result, at least in part, from the deregulation in protein translation of mRNAs bound by FMRP. In addition, FMRP may be involved in the storage and the stability of some of its mRNA targets (Davis and Broadie 2017; Richter and Zhao 2021). Lastly, FMRP directly binds different ion channels to regulate their gating, thus impacting neuronal excitability (Davis and Broadie 2017).
To accomplish its functions, FMRP interacts with numerous proteins in addition to its target mRNAs. In this context, the N-terminal domain of FMRP plays a central role (Ramos et al., 2006). Indeed, it presents a combination of Tudor and pseudo-KH patterns that promotes many of the known protein interactions of FMRP, including its homomerisation (Ramos, et al., 2006; Hu et al., 2015; Myrick et al., 2015). Intriguingly, the N-terminal domain of FMRP also contains a nuclear localization signal while its central region bears a nuclear export signal and its C-terminus two nucleolar localization sequences (Eberhart et al., 1996; Sittler et al., 1996; Bardoni et al., 1997; Taha et al., 2014), allowing the protein to enter in and exit from the nucleus and the nucleolus. Very recently, mutations within the nuclear export signal of FMRP have been found in some FXS patients, suggesting that the nucleocytoplasmic shuttling of FMRP may be important to neuronal physiology (Zeidler et al., 2021; Mangano et al., 2022). Consistently, a growing number of studies associates FMRP with nuclear functions, such as DNA damage response (Alpatov et al., 2014; Zhang et al., 2014; Chakraborty et al., 2020), certain steps in mRNA biogenesis (Didiot et al., 2009; Bhogal et al., 2011; Shamay-Ramot et al., 2015; Filippini et al., 2017; Zhou et al., 2017; Tran, et al., 2019) or their export (Kim et al., 2009; Edens et al., 2019; Hsu et al., 2019; Westmark et al., 2020; Kim et al., 2021), ribosomal RNA methylation (D'Souza et al., 2018) or nuclear pore assembly (Agote-Aran et al., 2020). However, the roles of FMRP in the nucleus of mammalian neurons remain insufficiently documented and their relevance a physiological context are still poorly understood. Notably, few information is available about the molecular mechanisms by which FMRP is involved in these different nuclear processes and whether the protein may play additional roles in this compartment. To acquire a more comprehensive representation of the functions of FMRP in the nucleus of mammalian neurons, we identified the nuclear protein partners of the N-terminal protein/protein interaction domain of FMRP in rat forebrain, using affinity pull down on nuclear fraction isolated from rat forebrain coupled to quantitative mass spectrometry analysis.
MATERIALS AND METHODS
Rat strain
Wistar rats were purchased exclusively from a commercial source (Janvier, St Berthevin, France). All animals were handled and treated in accordance with the ARRIVE Guidelines. Animals had free access to water and food. Lightning was controlled as a 12 h light and dark cycle and the temperature maintained at 23°C ± 1°C. The protocols for PND 14 pups euthanasia by decapitation and the preparation of primary neuronal cultures from rat embryos at E17 were approved by the Animal Care and Ethics Committee (APAFIS #18647-2019011110552947v3). For biochemical analyses, forebrains were immediately excised, frozen in liquid nitrogen and stored at −80°C until use.
Nuclear preparation
Forebrains of PND 14 rats were homogenized in ice-cold hypotonic buffer at 1.5 mM MgCl2 (see composition of all buffers in Supplementary Material) using a glass-Teflon homogenizer. Igepal (MP) was added at a final concentration of 0.3% and the homogenate was filtrated on nylon Cell Stainer 70 μm (Falcon) (Total fraction). The filtrate was centrifuged at 800 g for 5 min at 4°C. The supernatant was removed (Cytoplasmic fraction). After resuspension of the pellet in hypotonic buffer at 0.5 mM MgCl2 and filtration, 1.1 volume of Optiprep (StemCell) was added. After a gentle homogenization, the mix was subjected to centrifugation at 5,000 g for 15 min at 4°C. The pellet, corresponding to the purified nuclei, was resuspended in native lysis buffer, sonicated 7 times at 15% of the power (Sonic ruptor 400, Omni International) and centrifuge at 4,000 g for 15 min at 4°C (Nuclear fraction). Protein concentration was determined using standard Bradford assay. Buffer compositions are available in the Supplementary Material.
Glutathione S-transferase-pull down
pGEX-4T1 plasmids encoding the Glutathione S-transferase (GST) or the N-terminal fragment (amino acids 1–213) of human FMRP fused to the GST (GST-FNT) were transfected to in E. coli BL21 (DE3) bacteria (Invitrogen) and recombinant GST or GST-FNT were produced and purified as previously described (Khayachi et al., 2018). 50 μg of GST or 100 μg of GST-FNT purified recombinant proteins were incubated 1 h at 4°C under soft rotation with 25 μl of Glutathione Sepharose 4B beads (GE HealthCare). Beads were washed twice with PBS and bound recombinant proteins were cross-linked to the beads using 30 mM dimethyl pimelimidate (Sigma) according to the previously published protocol (Pronot et al., 2021). 6 mg of proteins from nuclear lysates were incubated with 25 μl of GST-FNT or GST cross-linked beads overnight at 4°C under soft rotation. Beads were washed three times for 5 min at 4°C in wash buffer. To decrease unspecific or indirect bindings, the beads were further washed in high stringency wash buffer containing 500 mM NaCl. Proteins bound to the beads were then eluted in 30 μl of Laemmli buffer for 10 min at 95°C. Buffer compositions are available in the Supplementary Material.
Mass spectrometry analysis
After separation by short SDS-PAGE, gel slicing in two bands per lane and in gel Trypsin digestion, proteins from PND14 rat forebrain nuclear extract or isolated from GST and GST-FNT pull down were identified by liquid nano-chromatography coupled to tandem mass spectrometry as described in the Supplementary Material and Methods.
Bioinformatics
Uniprot protein identifiers were converted into Entrez Gene identifiers using the Uniprot or the db2db conversion tools. When rat datasets were compared to human datasets, homologs of our dataset were identified using DIOPT or Blast. Enrichment analysis for Gene Ontology terms or REACTOME pathways against the Rattus Norvegicus Proteome and annotations for Uniprot Keywords were performed using DAVID. Network analysis were conducted using STRING (v11.5) with physical subnetwork mode (excluding Text mining sources) and a medium confidence score. Clusters prediction and annotation were performed using Cytoscape (v3.8.0) implemented by the StringApp.
Proximity ligation assay on primary neuronal culture
Hippocampal neurons were prepared as previously described (Schorova et al., 2019). The Duo-link® using PLA Technology kit (Sigma-Aldrich) was used for the proximity ligation assay, accordingly to the manufacturer instructions. The primary antibodies incubation was performed overnight at 4°C as indicated in the Supplementary Material. Neuronal cells in the cultures were identified upon their MAP2 labelling. Confocal images were acquired with a ×63 oil immersion lens (numerical aperture NA 1.4) on an inverted TCS-SP5 confocal microscope (Leica Microsystems, Nanterre, France).
RESULTS
At the steady state, FMRP is mainly cytoplasmic and barely detectable in the nucleus. Indeed, nuclear accumulation of FMRP was essentially detected in cell lines exogenously over-expressing full length, mutated or truncated proteins (Eberhart, et al., 1996; Fridell et al., 1996; Sittler, et al., 1996; Willemsen et al., 1996; Bardoni, et al., 1997; Feng et al., 1997; Tamanini et al., 1999a; Taha, et al., 2014). It has been estimated from subcellular fractionation of human lymphoblastoid cells that approximatively 2%–4% of the endogenous FMRP are present in the nuclear compartment (Feng, et al., 1997). In mammalian neurons, only immuno-electron microscopy or PLA approaches provided sufficient sensitivity to detect endogenous FMRP-labeled particles in the nucleus (Feng, et al., 1997; Bakker et al., 2000; Filippini, et al., 2017), suggesting that only a small proportion of the protein goes to the nucleus and/or that its passage is very transient. In this context, the identification of the nuclear protein interactome of FMRP appears particularly challenging. To overcome this limitation, we chose to use a GST pull-down co-purification approach on an enriched nuclear fraction from rat forebrain followed by mass spectrometry analysis.
Preparation of an enriched nuclear fraction from developing rat brain
In both human and rodent, FMRP, essential for proper neuronal development, is highly expressed in neonatal brain and declines to reach low levels of expression in adults (Bonaccorso et al., 2015; Prieto et al., 2021). In this context, postnatal day (PND) 14 represents an interesting period to identify the nuclear interactome of FMRP in rat as it combines intense synaptogenesis (Semple et al., 2013) and high levels of the protein (Bonaccorso, et al., 2015). To prepare the nuclear protein fraction, whole nuclei were isolated from the forebrain of PND14 rats via a series of differential centrifugations (Figure 1). The quality of the fractionation was verified by phase contrast microscopy (Figure 1A) as well as by western blotting (Figure 1B; Supplementary Figure S1). As observed by light microscopy, each step of the workflow increased the purity of the preparation, until a fraction highly enriched in pure and intact nuclei is obtained (Figure 1A). To address the relative purity of the nuclear extract, protein samples from the total (Tot), cytoplasmic (Cyt), and nuclear (Nuc) lysates were analyzed by western blotting for specific markers of various sub-cellular compartments (Figure 1B; Supplementary Figure S1). The nuclear fraction results to be highly enriched in the nuclear markers Histone H4, Fibrillarin, and Nopp140 compared to the other fractions and devoid of markers for synapses (Synaptotagmin), mitochondrion (CoxIV), endoplasmic reticulum (Calnexin), and Golgi apparatus (GM130). Interestingly, FMRP is also found in the nuclear fraction (Figure 1B). We estimated that around 2% of the endogenous protein is localized in the nucleus, comparable to what has been previously described for human lymphoiblastoid cells (Feng, et al., 1997).
[image: Figure 1]FIGURE 1 | Nuclei isolation from PND14 rat forebrains. (A). Representation of the protocol used to purify nuclei from postnatal day 14 (PND) rat forebrains. Briefly, forebrains were dounced in hypotonic buffer and then supplemented with 0.3% of Igepal detergent. After filtration, the total forebrain lysate (Tot) was subjected to low-speed centrifugation to separate the nuclei in the pellet from the cytoplasmic material in the supernatant (Cyt). After resuspension of the pellet in hypotonic buffer, 1.1 volume of Optiprep was added. After gentle homogenization, the mix was subjected to high-speed centrifugation and the purified nuclei (Nuc) were recovered in the pellet. To extract nuclear proteins, purified nuclei were resuspended in a native lysis buffer, sonicated, and clarified by high-speed centrifugation. To follow the purity fraction, images are acquired by phase contrast and superposition with DAPI staining at the indicated steps. (B). Immunoblot analysis of 10 µg of proteins from the indicated fractions (Tot, Cyt, Nuc) per lane and detected by western blotting using antibodies against different subcellular markers or FMRP.
Lastly, to evaluate the quality of the purified fraction, two independent nuclear lysates from PND14 rat forebrains were subjected to proteomics analysis after protein separation by short SDS-PAGE, gel slicing in two bands per lane and in gel Trypsin digestion. A total of 1,196 distinct proteins was identified and 945 of them (79%) were present in both sets of nuclear preparation (Figure 2A; Supplementary Table S1). Gene Ontology (GO) enrichment analysis showed that the top 10 for enriched GO Cellular Components terms is clearly associated to the nuclear compartment whereas the top 10 for enriched GO Molecular Function terms refers essentially to RNA binding activities. Consistently, the top 10 for enriched GO Biological Processes or REACTOME pathways revealed the involvement of the identified proteins in different steps of RNA metabolic processes (Figure 2B; Supplementary Table S2). Altogether, these data confirm the enrichment of the samples in nuclear components thus highlighting the quality of the nuclei preparation.
[image: Figure 2]FIGURE 2 | Characterization of the PND14 rat forebrain nuclear proteome. (A). Venn diagram showing the overlap between the two protein sets identified by mass spectrometry analysis of two independent preparations of nuclear extracts from PND14 rat forebrains. Details are available in Supplementary Table S1. (B). The nuclear proteome dataset was subjected to enrichment analysis for GO Cellular Components, GO Molecular Functions and Reactome pathways against the rat proteome. Categories were classified according to the–Log10(FDR). Details are available in Supplementary Table S2.
Identification of a nuclear interactome of FMRP by pull-down purification and mass spectrometry analysis
The nuclear lysates from PND14 rat forebrains were used to investigate the nuclear interactors of FMRP by stringent GST pull-down assays using the recombinant N-terminal protein/protein interaction domain of FMRP fused to the GST (GST-FNT) as a bait (Supplementary Figure S2), or the GST alone as negative control, as detailed in the Material and Methods section. Three independent GST-FNT co-purifications with their respective GST controls were analyzed by liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS). MS data were processed as described in the Material and Methods section and the differential statistical analysis for each identified prey was performed using SAINTexpress, the upgraded implementation of the Significance Analysis of INTeractome Tool (Mellacheruvu et al., 2013; Teo et al., 2014). As previously reported (Guard et al., 2019), proteins presenting a fold-change enrichment (FC) cutoff of >3.00 and a score probability (SP) cutoff >0.7 were classified as “high-confidence” interactor whereas we referred to all other proteins with a FC cutoff of >2.00 and a SP cutoff >0.5 as “medium-confidence” interactors. This workflow led to a list of 55 FMRP-interacting nuclear candidates, with 20 proteins satisfying the “high-confidence” requirements and 35 passing the “medium-confidence” standards (Figure 3A; Supplementary Table S3). Noteworthy, our dataset presents five reported FMRP partners previously identified by different approaches: FMRP itself (Ramos, et al., 2006; Hu, et al., 2015; Myrick, et al., 2015), FXR1P (Fragile X Related Protein 1) (Zhang et al., 1995), the zinc finger RNA-binding protein ZFR (Worringer et al., 2009), the splicing factor Rbm14 (Zhou, et al., 2017), and the mRNA editing enzyme Adar (Shamay-Ramot, et al., 2015; Filippini, et al., 2017). Besides, two proteomic screenings by affinity pull-down with the N-terminal domain of FMRP as bait were previously conducted using total cell extracts from HEK293 cells as source of preys (He and Ge 2017; Taha et al., 2021). The comparison of our list with these dataset brought out five proteins in common: FMRP, FXR1P, the chromatin-remodeling factor CHD4 and the transcriptional factors TCF20 and ZNF638.
[image: Figure 3]FIGURE 3 | Identification of rat forebrain nuclear FMRP-interacting proteins. (A). Volcano plot highlighting proteins differentially co-purified in triplicate pull-down experiments using the GST-FNT recombinant protein versus the GST alone. Statistically significant differences were assessed using the Saint-Express tool. Unenriched proteins are displayed in gray, while enriched proteins presenting a FC > 3.00 and SP > 0.7 are displayed in orange, and were classified as “high-confidence” interactor. Yellow dots corresponding to all other significant proteins with FC > 2.0 and SP > 0.5, and were referred as “medium-confidence” interactor. Know and novel (*) FMRP interacting proteins are noted in the scatter plot. (B). Immunoblot analysis of identified FMRP-interacting proteins. Pull down experiments were conducted with GST-FNT and GST (negative control) immobilized on Glutathione Sepharose with nuclear fractions. Protein retained on the beads were resolved by SDS-PAGE and processed for western blotting using antibodies against FXR1P, Poldip3 or Ddx41. (C). Representative confocal images of the interaction between endogenous FXR1P, Ddx41, Poldip3 or Hnrnpa3, and FMRP detected by Proximity Ligation Assay (PLA) in rat primary hippocampal neuron cultures. Neuronal cells were identified upon their MAP2 labelling (not shown). (D). Percentage of neurons presenting no PLA dots (No staining), PLA dots exclusively in the cytoplasm (Cytoplasmic staining), exclusively in the nucleus (Nuclear staining) or in both the cytoplasm, and the nucleus (Cytoplasmic and nuclear staining) for the indicated interactions. The percentages with the 95% Confidence Interval were calculated from 107 (FMRP/FXR1P), 103 (FMRP/Ddx41), 93 (FMRP/Poldip3), and 103 (FMRP/Hnrnpa3) neurons in culture processed from three independent experiments.
Validation of novel nuclear FMRP interacting proteins
To go further with the validation of the proteomic screen, we then verified the interaction between FMRP and FXR1P or three novel candidates, Ddx41, Poldip3, and Hnrnpa3 by target specific approaches.
As FMRP, FXR1P is a predominantly cytoplasmic RNA binding protein, playing a role in the local translation or the stability of certain mRNAs (Khlghatyan and Beaulieu 2018; George et al., 2021). Interestingly, FXR1P forms heterodimers with FMRP and these proteins have common mRNA targets (Tamanini et al., 1999b; Darnell et al., 2009). FXR1P is also able to shuttle between the nucleus and the cytoplasm (Tamanini et al., 1999a; Bakker, et al., 2000). Tran et al. recently showed that both FMRP and FXR1P interacts with ADAR1 in HeLa cells to positively and negatively regulate A to I RNA editing, respectively. They proposed that the proteins may contribute to the alterations of RNA editing that they observed in the post-mortem brain of ASD patients (Tran, et al., 2019). In cancer cells, FXR1P was involved in the recruitment of transcription factors to gene promotors (Fan et al., 2017). We first performed GST-FNT pull down experiments on nuclear fraction from PND14 rat forebrain followed by FXR1P detection by western blotting and found a specific binding of the protein with GST-FNT while it was barely detected in the GST control lane (Figure 3B). Next, to assess the interaction of FXR1P with endogenous FMRP in the nucleus of neurons, we conducted Proximity Ligation Assays (PLA) in cultured hippocampal rat neurons at 21 days in vitro (DIV). Consistent with the known interaction between both proteins in the cytoplasm, the PLA for FMRP and FXR1P showed many cytoplasmic dots in neurons (Figures 3C,D). No PLA dots were detected as background in the absence of primary antibodies (Supplementary Figure S3). Besides, some dots were also detected in the nucleus, thus confirming the association of the two proteins in the nuclear compartment of neurons. It is very interesting to underline that the profile of the PLA labelling is heterogeneous, with almost 44% of the neurons presenting dots in both the nucleus and the cytoplasm, 4% in the nucleus only and about 48% in the cytoplasm only (Figure 3D). This diversity suggests that the interaction between FMRP and FXR1P in the nucleus may depend on the neuronal cell types or their levels of activity for example.
Ddx41 is a multi-functional DEAD box helicase both nuclear and cytoplasmic. It is involved in pre-mRNA splicing and counteracts the accumulation of R-loops in promoter regions of active genes thus participating in genome stability. The protein also plays a role as a cytosolic DNA-sensor in DNA-mediated innate immunity (Andreou 2021; Mosler et al., 2021). GST-FNT pull down on nuclear fractions from rat forebrain followed by western blotting showed a specific binding between the N-terminal domain of FMRP and Ddx41 (Figure 3B) whereas PLA reveals an interaction between the endogenous proteins in the nucleus and the cytoplasm of neurons (Figures 3C,D). Nonetheless, as in the case for the FMRP-FXR1P interaction, the profile of the labelling is heterogeneous (Figure 3D) suggesting that the association Ddx41-FMRP may depends on the neuronal status.
Poldip3 (Polymerase δ-interacting protein 3), also called PDIP46 (46 kDa Polymerase δ -interacting protein) or SKAR (S6K1 Aly/REF-like target) is distributed in both the nucleus and the cytoplasm. Poldip3 is involved in cellular DNA replication and genome stability (Wang et al., 2016; Bjorkman et al., 2020). In addition, the protein is a member of the exon-exon junction complex and recruits the SK6 kinase on newly synthesized mRNA, which will later enhance the pioneer round of translation of spliced mRNA (Ma et al., 2008). Lastly, by interacting with the TREX complex, Poldip3 would participate in the nuclear export of mRNA (Folco et al., 2012). As illustrated Figures 3B,C, an interaction between FMRP and Poldip3 is detected by pull down assay and PLA. Images from PLA show an association of the endogenous proteins either in the nucleus or in both the nucleus and the cytoplasm of neurons (Figures 3C,D), with pattern consisting in 2–4 dots in the nucleus and also few spots in the cytoplasm (Figure 3C).
Lastly, we analyzed by PLA the interaction of FMRP with a third novel interactor, Hnrnpa3 (Heterogeneous nuclear ribonucleoprotein A3). In the nucleus, Hnrnpa3 recognizes single-stranded telomeric DNA and is involved in telomere maintenance (Huang et al., 2010). Besides, this protein is also implicated in the splicing, the stability and the cytoplasmic trafficking of mRNAs (Ma et al., 2002; Papadopoulou et al., 2012; Kwon et al., 2021). We showed here that consistent with the pull down screen, endogenous FMRP and Hnrnpa3 interact in neurons, mainly in the nucleus only or in both the nucleus and the cytoplasm (Figures 3C,D).
Altogether, these target specific analyses further validated the pull down approach on nuclear-enriched fractions from PND14 rat forebrains to identify a nuclear interactome of FMRP.
Functional categorization of the nuclear interactome of FMRP
We identified 55 FMRP-interacting protein candidates. To assess the biological meaning of this nuclear interactome, we performed annotation analyses for UniProt Key Words (UP-KW) on the reviewed human homologues of our rat dataset (Figure 4A; Supplementary Table S4). Consistent with our strategy based on affinity purification on nuclear enriched extracts, 47 proteins are associated with the UP-KW for Cellular Component “nucleus”, i.e., 85% of the list, with 17 proteins (30%) presenting both a nuclear and a cytoplasmic localization (Supplementary Table S4). Moreover, “RNA-binding”, “DNA-binding,” and “Chromatin regulator” appeared among the highest UP-KW for Molecular Functions. The annotation for UP-KW linked to Biological Processes highlighted among the most representative terms the involvement of the FMRP partners in several steps of mRNA biogenesis as “transcription”, “mRNA splicing” or “transport”, besides to “DNA damage”. Consistently, a network analysis based on protein association to physical complexes revealed clusters associated to histone acetylation, transcriptional regulation, mRNA metabolism, mRNA export, translational regulation as well as protein de-phosphorylation and ribosome biogenesis (Figure 4B). Lastly, UP-KW annotation for Diseases respectively associated 10 and 3 proteins to the “Mental retardation” and “Epilepsy” categories, which fully correlates with phenotypes associated with the FXS (Figure 4A).
[image: Figure 4]FIGURE 4 | Bio-informatics analysis of the nuclear interactome of FMRP. (A). The list of the nuclear FMRP-interacting proteins was subjected to Uniprot Keywords (UP-KW) annotation analysis using the reviewed human homologues as data source: UP-KW for Cellular Components, UP-KW for Molecular functions, UP-KW for Biological process, and UP-KW for Diseases. Terms were ranked according to the number of proteins in the category. Details are available in Supplementary Table S4. (B) A network was built on physical interaction to complexes predicted by STRING using all identified FMRP-interacting proteins candidates as source, with an interaction confidence of 0.4 or greater and based on databases and experiments sources. The STRING network was imported into the Cytoscape application and clusters were created and annotated through the StringApp plug-in.
DISCUSSION
While, in the past, the nuclear presence of FMRP was mainly associated with the its role in RNA export from nucleus to cytoplasm, now increasing evidence strongly suggest the implication of FMRP in nuclear processes. However, the molecular mechanisms underlying these nuclear functions notably in neurons are currently missing. In the present study, we identified 55 protein candidates interacting with of the N-terminal domain of FMRP from nuclear PND14 rat forebrain extracts. A bibliographic analysis revealed that five proteins identified in this dataset, FMRP itself (Ramos, et al., 2006; Hu, et al., 2015; Myrick, et al., 2015), FXR1P (Fragile X Related Protein 1) (Zhang, et al., 1995), the zinc finger RNA-binding protein ZFR (Worringer, et al., 2009), the splicing factor Rbm14 (Zhou, et al., 2017), and the mRNA editing enzyme Adar (Shamay-Ramot, et al., 2015; Filippini, et al., 2017), were previously reported to associate with FMRP in target specific studies. Besides, comparing our dataset with two published proteomic screenings using affinity pull-down with the N-terminal domain of FMRP revealed five proteins in common: FMRP, FXR1P, the chromatin-remodeling factor CHD4 and the transcriptional factors TCF20 and ZNF638. This narrow overlap may largely be explained by distinct experimental conditions, notably the use of HEK 293 cell line extracts and/or the absence of a nuclear enrichment in the earlier proteomic approaches (He and Ge 2017; Taha, et al., 2021). Besides, we could not find the Nuclear FMRP Interacting Protein 1 (NuFIP1), known to interact with N-terminal domain of FMRP (Bardoni et al., 1999), neither in the list of candidate nuclear partners, nor in the nuclear proteome. Yet, NuFIP1 is a nucleocytoplasmic shuttling protein (Bardoni et al., 2003) and its expression in time and space in the brain is not known. Its absence in our datasets may be explain by a low level of expression and/or a predominantly cytoplasmic localization in the PND14 rat forebrain. In the future, it will be very informative to complement the present results with pull-down experiments performed on nuclear extracts prepared from the forebrain or brain sub-structures of rats of different ages, in order to access the variation of the FMRP nuclear interactome across brain regions and over the life span.
In the present study, we found that FXR1P, known to interact with FMRP in the cytoplasm, also binds the protein in the nucleus. In addition, we experimentally validated three novel interactors, Ddx41, Poldip3, and Hnrnpa3. It should be noted here the identification of protein–protein interactions by pull down affinity purification may, as co-immunoprecipitation, result from direct physical interactions but also from indirect interactions. Besides, in the case of GST-pull down experiments, unspecific binding may result from the association of some proteins to the beads or with the GST tag. To identify and discard these background proteins, we used a pull down condition with GST alone cross-linked to the glutathione beads as negative control. In addition, to minimize indirect binding, we introduced a washing step with 500 mM NaCl prior to elution. However, some of the interactions we detected may still arise from indirect protein/protein or protein/nucleic acid binding with direct and specific preys. Nonetheless, whether FMRP interacts directly with the identified candidates or in the context of ribonucleoprotein complexes, our dataset clearly reflects an association of FMRP with nuclear machineries, notably with those involved in pre-mRNAs biogenesis. Moreover, our data indicate that the profile of the endogenous interaction between FMRP and its nuclear partners in neurons may vary, likely reflecting differences in cell characteristics such as neuronal cell type or activity.
The identification of the biological pathways associated with our dataset as well as the network analysis match with the nuclear functions reported to be modulated by FMRP, including mRNA editing (Bhogal, et al., 2011; Shamay-Ramot, et al., 2015; Filippini, et al., 2017; Tran, et al., 2019), mRNA nuclear export (Kim, et al., 2009; Edens, et al., 2019; Hsu, et al., 2019; Westmark, et al., 2020; Kim, et al., 2021) or DNA damage response (Alpatov, et al., 2014; Zhang, et al., 2014; Chakraborty, et al., 2020). Our work thus provides valuable insights and a foundation for future mechanistic investigations of the overlooked nuclear functions of FMRP in neurons. Interestingly, we detected an interaction in the nucleus of neurons between FMRP and FXR1P, which positively and negatively regulate ADAR-mediated RNA editing, respectively. Whether and how this interaction may modulate the modification of their respective or common RNA targets will need to be further explored.
Transcription and splicing recently emerged as a key nuclear process regulated by FMRP. Indeed, large-scale screens identified splice site variations between mouse or drosophila models of FXS and their wild-type controls (Brooks et al., 2015; Shah et al., 2020). It has been proposed that these alterations result from the dysregulated translation of FMRP target mRNAs encoding chromatin modifying enzymes (Shah, et al., 2020; Hale, et al., 2021) that would alter the profile of histones post-translational modifications and in turn, mRNA splicing (Shah, et al., 2020). Similarly, other epigenetic changes would affect transcriptional activation (Korb et al., 2017). Interestingly, the current dataset presents several factors involved in chromatin remodeling, transcriptional regulation or mRNA splicing. Consistent with these results, Kim, et al. (2009) detected an association between FMRP and nascent transcripts on lampbrush chromosomes in amphibian oocytes. In another context, Alpatov and colleagues showed in mouse embryonic fibroblasts an association of FMRP with chromatin fraction, enhanced by stress replication (Alpatov, et al., 2014). Our list includes the reported FMRP-interacting protein Rbm14 (Zhou, et al., 2017), the helicase Ddx41 (Figure 3) and Hnrnpa3 (Figure 3), all connected to mRNA splicing. These results are in agreement with studies describing a direct role of FMRP in the splicing of some mRNAs including its own mRNA (Didiot et al., 2008; Zhou, et al., 2017) and complement to the indirect effects outlined above. In the same way, FMRP could directly participate in gene transcription and/or mRNA export, for example through interaction with Poldip3 (Figure 3).
Many studies have shown that the processes involved in mRNA metabolism, from transcription to nuclear export and cytoplasmic trafficking, are tightly coupled (Vitaliano-Prunier et al., 2012; Bjork and Wieslander 2017; Woodward et al., 2017; Garland and Jensen 2020). This functional coordination results from physical interactions between members the different mRNA biogenesis machineries, which synchronize or cross-stimulate the connected processes. In this line of view, FMRP may act as a hub protein that could follow, partially or completely, the fate of its target mRNAs. Interestingly, some studies indicate that other neuronal mRNA-binding protein such as ELAV or SMN proteins, involved in mRNA dendritic transport in neurons, transit through the nucleus and participate in early post-transcriptional regulatory events such as pre-mRNA splicing or poly-adenylation (Colombrita et al., 2013; Raimer et al., 2017; Ravanidis et al., 2018; Jung and Lee 2021; Wei and Lai 2022). We propose here that the workflow we set up, combining an efficient nuclear fractionation from rat forebrain coupled to affinity pull down followed by identification using tandem mass spectrometry, could be adapted to assess the nuclear interactome of these dual-distributed but predominantly cytoplasmic neuronal factors.
Lastly, annotation analysis indicates that twenty-one of the FMRP-interacting proteins identified in this work present one or more genetic variants involved in a disease and/or are connected to “mental retardation” or “epilepsy”. As an example, identification of de novo mutations in patients linked the FMRP partner candidates Tbl1xr1 and Chd4 to autism spectrum disorders (Coe et al., 2019; O'Roak et al., 2012; Quan et al., 2020). Strikingly, about 50% of the FXS males and 20% of the FXS females meet the criteria for ASD (Kaufmann et al., 2017). More generally, several studies have highlighted links between RNA metabolism and neurodevelopmental and neurological diseases (Chatterjee et al., 2021), with shared molecular pathways between various disorders. We believe that our proteomic screen, clearly associating FMRP with mRNA biogenesis, may provide leads to further explore these molecular links.
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Supplementary Figure S1 | Detection of Nopp140, Fibrillarin, and Histone H4 in the total lysate from PND14 rat forebrain. To appreciate the levels of the nuclear markers Nopp140, Fibrillarin, and Histone H4 in the total lysate of PND14 rat forebrain compared to the nuclear fraction, 10, 20, and 50 µg of proteins from the total lysate (Tot) or 10 µg of proteins from the nuclear fraction (Nuc) were subjected to immunoblotting using the indicated antibodies and then the appropriate horseradish peroxidase (HRP)-conjugated secondary antibodies. Proteins were visualized using the Enhanced chemiluminescence western blot kit from Millipore (ECL) or the SuperSignal West Femto Maximum Sensitivity substrate from Thermo Scientific (Ultra sensitive ECL) at the indicated time of acquisition. Our results indicate that the visualization of the nuclear markers in the total fraction compared to their detection in the nuclear lysate requires higher amount of proteins, associated with longer time of exposure and/or ultra sensitive ECL substrate, thus reflecting a clear enrichment of the nuclear fraction in nuclear proteins.
Supplementary Figure S2 | Description of the GST-FNT bait. High panel: Schematic diagram of the human N-terminal fragment (1-213aa) fused to the GST tag used in this study (GST-FNT). Major domains (Ag1, Ag2, KH0) and the nuclear localization signal (NLS) of FMRP are highlighted. Low panel: Coomassie stained gel of the purified GST and GST-FNT recombinant proteins. Black arrow indicates GST and red arrow indicates GST-FNT.
Supplementary Figure S3 | Negative control for Proximity Ligation Assays (PLA). Representative confocal images of primary hippocampal neurons in culture processed with the PLA Duo-link® kit (Sigma-Aldrich) without primary antibodies (Scale bar = 50 μm). Enlargement of delimited area is also shown (Scale bar = 10 μm). No PLA dots could be detected as background signal.
Supplementary Table 1 | PND14 rat forebrain nuclear proteome. 10 μg of proteins from two independent nuclear preparations were separated on short gradient SDS-PAGE. Gels were then sliced into two bands per lane, subjected to in gel Trypsin digestion and analyzed by LC-MS/MS. Protein identification from raw data was performed using Max Quant v1.5.5.1 with 1% FDR for both peptides and proteins. Proteins detected in the two replicates were selected to establish the reference PND14 rat forebrain nuclear proteome.
Supplementary Table 2 | Enrichment analysis of the PND14 rat forebrain nuclear proteome. Details for enrichment analysis of the nuclear protein dataset against Rattus norvegicus proteome. for GO Cellular Component, GO Molecular Function terms or GO Biological Process terms and REACTOME pathways using the DAVID webtool.
Supplementary Table 3 | Nuclear FMRP interactome. Proteins eluted from three independent pull down assays using as GST‐FNT recombinant protein as the bait or GST as the negative control, were separated on gradient SDS‐PAGE, subjected to in gel Trypsin digestion and analyzed by LC‐MS/MS. Protein identification from raw data was performed using MaxQuant v1.5.5.1 with 1% FDR for both peptides and proteins. Proteins with no missing value (MS/MS≠0) in GST‐FNT were selected and used for differential statistical analysis using the SAINTexpress tool. Proteins with a cut off of FC >2 and SP>0.5 were significant and protein with a cut off of FC>3 and SP>0.7 were considered as high confidence interactor.
Supplementary Table 4 | Annotation analysis of the nuclear FMRP interacting protein dataset. Details for UniProt Keyword (UP‐KW) annotation analysis of the human homologs of the nuclear FMRP interacting protein dataset using the DAVID webtool for UP‐KW Cellular Component, UP KW Molecular Function, UP‐KW Biological Process terms or UP‐KW Disease.
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Are there roles for heterogeneous ribosomes during sleep in the rodent brain?
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The regulation of mRNA translation plays an essential role in neurons, contributing to important brain functions, such as brain plasticity and memory formation. Translation is conducted by ribosomes, which at their core consist of ribosomal proteins (RPs) and ribosomal RNAs. While translation can be regulated at diverse levels through global or mRNA-specific means, recent evidence suggests that ribosomes with distinct configurations are involved in the translation of different subsets of mRNAs. However, whether and how such proclaimed ribosome heterogeneity could be connected to neuronal functions remains largely unresolved. Here, we postulate that the existence of heterologous ribosomes within neurons, especially at discrete synapses, subserve brain plasticity. This hypothesis is supported by recent studies in rodents showing that heterogeneous RP expression occurs in dendrites, the compartment of neurons where synapses are made. We further propose that sleep, which is fundamental for brain plasticity and memory formation, has a particular role in the formation of heterologous ribosomes, specialised in the translation of mRNAs specific for synaptic plasticity. This aspect of our hypothesis is supported by recent studies showing increased translation and changes in RP expression during sleep after learning. Thus, certain RPs are regulated by sleep, and could support different sleep functions, in particular brain plasticity. Future experiments investigating cell-specific heterogeneity in RPs across the sleep-wake cycle and in response to different behaviour would help address this question.
Keywords: ribosomal protein, ribosome heterogeneity, neuron, neurites, sleep, brain plasticity, synapse
LOCAL TRANSLATION IN NEURONS: EVIDENCE AND FUNCTIONS
Neurons are the primary cell type in the nervous system (the other being glia, which provide structural and metabolic support), responsible for transmission of electrochemical signals in the form of action potentials (APs). On average, the volume of a neuron is more than 10,000 times greater than most mammalian cells. Neurons have a complex and polarised morphology with processes (i.e., neurites) which are divided into different compartments called dendrites and axons, that can extend millimetres to meters away from the cell body containing the nucleus. Axons transmit APs to other neurons and dendrites receive APs and release neurotransmitters onto little protrusions called spines (Donato et al., 2019) (Figure 1A). The site of connection between axon termini and dendritic spines is called the synapse (Figure 1A). One neuron can host up to hundred thousand spines on its dendrites and thus receive thousands of contacts from different axons, maximising the number of possible synapses between neurons (Chidambaram et al., 2019; Nishiyama, 2019; Megías et al., 2001; Spruston, 2008).
[image: Figure 1]FIGURE 1 | Sources and effect of ribosomal heterogeneity in neurons. (A) Morphology of a neuron. i) Schematic of a neuron showing the cell body, dendrites and axon. ii) Close-up schematic of dendrites with ribosomes shown as green dots located both in and adjacent to synapses. iii) Close-up schematic of the synapse with ribosomes shown as green dots in the cytoplasm in both the post-synaptic neuron (i.e., spine in purple) and pre-synaptic neuron (i.e., axon terminal in blue). (B) Structure of the ribosome with the large subunit (green), small subunit (blue), ribosomal RNA (rRNA in orange), and messenger RNA (mRNA in black). For the large and small subunit, the different colours indicate different ribosomal proteins. (C) Schematic showing six sources of ribosomal variation, with illustrative examples of how these changes manifest: i) RP paralogs, ii) RP stoichiometry, iii) Ribosomal associated factors, iv) RP modification, v) rRNA variation, and vi) rRNA modification (adapted from (Norris et al., 2021)). Created with BioRender.com.
In neurons, timely production of proteins in individual neurites and synapses is critical for spatial control of cellular function (Perez et al., 2021b). Indeed, using high resolution imaging of neurons in vivo and in vitro, it has been shown that most pre-synaptic axon termini and post-synaptic spines contain ribosomes, translation factors, and mRNAs (Cajigas et al., 2012; Kitamura et al., 2015; Holt et al., 2019; Sun et al., 2021) (Figure 1A). Local protein synthesis in neurons is required for growth and remodelling of synapses (i.e., synaptic plasticity) (Sutton and Schuman, 2006), which enables critical processes such as brain development, brain plasticity, learning and memory (Banko and Klann, 2008) and recovery from brain injury by promoting synapse-specific production of functionally distinct groups of proteins.
For example, strengthening and weakening of individual synaptic contacts relies on the synthesis of different pools of proteins which ultimately increase or decrease efficiency of communication (Zukin et al., 2009). Local translation of proteins critical for long-term increases in synaptic transmission includes α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA) receptors which increases the sensitivity of dendrites to incoming stimuli and strengthens individual synapses (Perez et al., 2021b). Similarly, local translation of proteins with key roles in synaptic structure, such as Arc, actin, PSD95 and α/βCaMKII, participates in the structural modification of dendritic spines during plasticity processes (Nakahata and Yasuda, 2018; Newpher et al., 2018).
As modulation of synaptic communication is naturally linked to memory formation, translation regulation is also important for memory (Sutton and Schuman, 2006; Banko and Klann, 2008), as shown in Drosophila (Ashraf et al., 2006) and rodents. Inhibition of translation initiation (i.e., mTOR signalling) in the rodent hippocampus, a brain structure important for memory formation, impairs performance in a widely used single trial inhibitory avoidance memory task in rodents (Bekinschtein et al., 2007). While in vivo manipulation of local translation at specific synapses remains challenging, experimental and computational studies support the specific involvement of molecular changes in dendrites (Kastellakis and Poirazi, 2019) and spines (Hayashi-Takagi et al., 2015) for memory formation. Altogether, localised mRNA translation within neurons plays a critical role in many brain functions involving the growth and remodelling of synapses. However, a complete picture of the forms and functions of various translation regulatory mechanisms contributing to brain function in neurons remains largely unexplored.
TRANSLATION REGULATION THROUGH HETEROGENEOUS RIBOSOMES
The eukaryotic ribosome is a large ribonucleoprotein complex that consists of a large (60S) and a small (40S) subunit that assemble during the initiation step of translation to form complete 80S ribosomes (Figure 1B). The two subunits share four ribosomal RNAs (rRNAs) (Ford, 2020) and 80 ribosomal proteins RPs, 33 of them allocated to the small (RPS) and 47 to the large (RPL) subunit (De La Cruz et al., 2015). Translation can be regulated at diverse levels (e.g., initiation, elongation, or termination) but major impact is given at the initiation step. Thereby, translation can be controlled at a global level or for specific mRNAs, for example through modification of translation initiation factors and specific RNA binding proteins (RBPs) or microRNAs, respectively (Sonenberg and Hinnebusch, 2009; King and Gerber, 2016).
Beside the regulation of translation mediated through those accessory factors, the view that ribosomes are all identical prevailed for decades. However, increasing evidence over the last decade suggests that cell-specific heterogeneous populations of ribosomes could exist and may result in different preferences of individual ribosomes (or “specialised ribosomes”) for the translation of diverse subsets of mRNAs or in the modulation of translation elongation rates (Genuth and Barna, 2018; Gay et al., 2022). Such heterogenous populations of ribosomes can be formed by (Figure 1C, (Norris et al., 2021)) 1) the exchange or substitution of RP paralogues (e.g., RPL39 and RPL39L) (Komili et al., 2007), 2) altered RP stoichiometry based on differences in RP expression (Emmott et al., 2019); 3) different ribosome-associated proteins (Simsek et al., 2017), 4) post-translational modifications of RPs (Carroll et al., 2008); 5) rRNA composition through variation of rRNA gene sequences (Locati et al., 2017); and 6) rRNA modifications, such as ribose-methylation or pseudouridylation (ψ) (Natchiar et al., 2017). Consequently, these factors could lead to a cell-specific array of ribosome variants, some of them having specialised functions in translation (Li and Wang, 2020; Gay et al., 2022).
A well-described example of ribosome specialisation concerns RPL38 (Xue et al., 2015). Ribosomes containing RPL38 are required for translation of certain Homeobox (Hox) mRNAs that code for proteins defining the body axis and structures (Kondrashov et al., 2011). In developing mice embryos, Rpl38 transcripts were enriched in certain regions including the face, eye, neural tube (brain and spinal cord precursor) and importantly somites, which are precursors of the axial skeleton. These locations tended to overlap with regions where tissue patterning defects were observed in mice with the “Tail short” (Ts) mutation (which display a short and curled tail, an anteroposterior skeletal patterning defect and several other skeletal abnormalities), a phenotype thought to be caused by Rpl38 gene mutation (Kondrashov et al., 2011). RPL38 has been reported to control cap-independent translation of Hox mRNAs via specific internal ribosome entry sites (IRES) (Xue et al., 2015), although results from a recent study suggest that transcriptional promoters or splice sites may instead be responsible for the putative IRES activity in Hox genes (Akirtava et al., 2022). However, selective translation through IRES specificity is likely replicated with other RPs (Hertz et al., 2013; Shi et al., 2017; Kampen et al., 2019). Selective capture of ribosomes containing two specific RPs, RPS25, and RPL10A, combined with ribosome profiling, showed that those RPs preferentially translated unique sets of transcripts (Shi et al., 2017). Specifically, RPS25-containing ribosomes were preferentially associated with transcripts coding for proteins involved in the cell cycle and vitamin B12 pathway, while RPL10A-enriched transcripts were associated with extracellular matrix organisation, system development and steroid metabolism (Shi et al., 2017). In the same way that RPL38 is thought to be required for IRES-dependent translation of Hox mRNAs (Xue et al., 2015), Shi et al. (2017) found that RPL10A is required for the translation of three mRNAs known to contain IRES elements (Igf2, App, and Chmp2a). IRES-dependent translation of these transcripts was significantly reduced upon knockdown of Rpl10a, but not the control Rpl29, indicating that translation of Igf2, App and Chmp2a is attributed to RPL10A.
Further support for the model of ribosome specialisation is provided by examples of human diseases such as ribosomopathies and fragile-X syndrome. Ribosomopathies are pathologies which result from mutations in certain RP genes (Orgebin et al., 2020), with as many as 20 RP genes, including RPS19, involved in Diamond-Blackfan anaemia (DBA) (Leger-Silvestre et al., 2005; Da Costa et al., 2020). Besides a deficiency of erythroblasts, about 50% of DBA patients experience other congenital anomalies such as growth retardation, cardiac and urogenital abnormalities, increased risk of cancer, cephalic malformations and learning difficulties (Da Costa et al., 2020; Panda et al., 2020). Fragile-X syndrome is another well-characterised neurodevelopmental disorder associated with intellectual disability and learning difficulties. Excessive translation due to the loss of the RBP fragile-X mental retardation protein (FMRP) caused by CGG triplet repeat expansions in the FMR1 gene is a key mechanism in the disease (Richter et al., 2015). In this regard, a recent study suggests that excessive translation of RPs in neurons reduces the translation of longer-length transcripts coding for proteins contributing to synaptic stability (Seo et al., 2022), supporting the established link between the loss of FMRP and aberrant synaptic plasticity (Sidorov et al., 2013).
While research is needed to determine the biological functions of ribosome heterogeneity, some studies have highlighted its importance in specific cellular processes, in particular during development (Li and Wang, 2020; Norris et al., 2021). Whether ribosome heterogeneity exists and has functions in the brain remains under-investigated.
RIBOSOME HETEROGENEITY IN NEURONS
Although specific RPs (e.g., RPL38, RPS25, and RPL10A) have functional roles in different cell types (see above) (Li and Wang, 2020), still very little is known about whether RPs are differentially regulated or expressed in different areas of the brain or in specific brain cells. For example, RP heterogeneity between brain regions has been reported in normal and brain cancer samples (Panda et al., 2020). Conversely, ageing does apparently not drastically influence RP stoichiometry in the cortex, cerebellum and hippocampus when assessed in a mixed cell preparation (Amirbeigarab et al., 2019); this does not, however, exclude the possibility for heterogeneity associated with specific cell types forming those tissues, including neurons and glial cells. In the following sections, we further focus our considerations on ribosome heterogeneity and functions in neurons, which are the brain cells responsible for activity in the brain and are central for information processing supporting cognitive functions.
The recent implementation of various transcriptomics and proteomics approaches applied in vitro and in vivo (Figure 2C) revealed that neurons show differential expression of RPs within the dendritic and axonal sub-compartment compared to a mixed cell population (Poulopoulos et al., 2019; Biever et al., 2020; Perez et al., 2021a) (Figure 2A) and suggest a compartment-specific heterogeneity in RP expression within neurons (Figure 2B). Additionally, an influential study into ribosome specialisation was recently carried out in Xenopus laevis showing that remodelling of ribosomes occurred in axons by exchange of locally synthesised RPs (Shigeoka et al., 2019). While ribosome biogenesis typically occurs in the nucleus, this study provides further evidence that ribosomes are dynamic structures.
[image: Figure 2]FIGURE 2 | Contribution of RPs to ribosome heterogeneity in neurons and functional significance. (A) Table indicating the presence (green check mark) or absence of select RP (top line) mRNAs in whole neurons vs. dendrites or axons, according to previous studies (Poulopoulos et al., 2019; Biever et al., 2020; Perez et al., 2021a). RP location (non-surface: grey boxes; surface: blue boxes) was determined using human ribosome structure (PDB: 4V6X). (B) Heatmap (Morpheus, https://software.broadinstitute.org/morpheus) representing heterogeneous expression of selected RPs in neurons from in vivo studies in rodents or in vitro studies. The colour bar depicts log (2) fold changes (FC) of the particular conditions (indicated on the left) against control condition values (see D and (Rozenbaum et al., 2018; Lyons et al., 2020; Delorme et al., 2021; Fusco et al., 2021) for experimental details). From top to bottom: 1) 13 RP transcripts on membrane-bound ribosomes in activated (pS6+) neurons in the hippocampus following contextual fear conditioning and subsequent sleep in mice (Delorme et al., 2021). 2) 7 RP mRNAs affected by acute (5 h) sleep deprivation in excitatory neurons (CamKIIα+) in the mouse hippocampus (Lyons et al., 2020). 3) The five largest changes for small and large ribosomal subunits (10 RPs) in dorsal root ganglion (DRG) neurons following sciatic nerve injury, 4 h after injury (Rozenbaum et al., 2018). 4) 5 RPs that are significantly upregulated after 0.1 mM H2O2 treatment of primary neuronal culture; values are average of three biological replicates (Fusco et al., 2021). Additionally, log (2)FC values for RPs previously mentioned in the text and associated with ribosome specialisation (RPS19, RPS25, RPL10A and RPL38) were included for each study if they were present in the original data. (C,D) Schematic experimental approaches of the studies performed in neuronal compartments (C) relates to (A) and functional assays (D) relates to (B). The blue boxes specify the type of analysis performed for each study for data visualisation. Created with BioRender.com.
Several studies have been using the translating ribosome affinity purification (TRAP) method to study neuron-specific changes in the translatome (i.e., pool of translated mRNA). Those studies have provided evidence for differential expression of ribosomal components and RPs in neurons, in particular upon changing conditions/neuronal activation (Figures 2B,D). For instance, more than 1,600 differentially expressed transcripts were identified in dorsal root ganglion (DRG) neurons following sciatic nerve injury (Rozenbaum et al., 2018). Importantly, in lumbar DRG neurons, mRNAs for several RPs were significantly decreased 4 h after injury, with the greatest decrease in expression seen for RPS12 and RPL32 (Figure 2B), and recovery of RP expression after 12 h. Another study in rats utilised single-molecule fluorescence in situ hybridisation to show variable expression of 29 different RP mRNAs in dendrites in both hippocampal slices and primary neuronal culture (Fusco et al., 2021). Using an elegant approach combining heavy amino acid labelling (dynamic SILAC) followed by mass spectrometry to label and identify newly synthesised RPs in translating ribosomes, the authors revealed that a subset of 12 RPs showed a dynamic profile of association/dissociation with ribosomes in dendrites, including RPL38 described above. The majority of those 12 RPs are located at the surface of the ribosome, making those proteins susceptible to exchange or post-translational modifications (PTMs) that could—in principle—modulate the function/activity of ribosomes. In fact, many of the RPs showing compartment-specific differences and functional changes are located on the surface of the ribosome (Figure 2). An example of such PTMs of RPs is the phosphorylation of RPS6 in response to a variety of neuronal stimuli, adding the possibility for introduction of compartment specific and activity specific PTM of RPs, propagating functional impact for translation of mRNA subsets (Knight et al., 2012). Finally, changes in the environment (i.e., oxidative stress induced by hydrogen peroxide exposure) elicit five of those 12 RPs to increase their association with the ribosome (Fusco et al., 2021) (Figure 2B), suggesting that physiological stress modifies ribosome composition and function, which could directly affect translation of specific mRNAs. Therefore, other changes in physiological states could also have a significant impact on RP ribosomal protein heterogeneity in neurons.
Altogether, we propose that the existence of heterologous ribosomes within neurons, especially at discrete synapses, may contribute to specific functions, including synaptic plasticity. Dynamic incorporation of RPs to alter ribosome stoichiometry could facilitate rapid formation of specialised ribosomes and enable the translation of subsets of mRNAs involved in the remodelling of synapses. We further postulate that sleep, which is accompanied by major physiological changes in the brain and is an important regulator of the synaptic proteome (Noya et al., 2019), translation and brain plasticity (Seibt and Frank, 2019), could use changes in ribosome heterogeneity and specialised ribosomes to regulate the translation of mRNAs important for synaptic remodelling.
SLEEP, PLASTICITY, AND RIBOSOMAL PROTEINS
The role of sleep in brain plasticity and memory is well established; mounting evidence shows that sleep enhances the physiological and behavioural changes associated with new experiences (Abel et al., 2013; Rasch and Born, 2013; Raven et al., 2018; Puentes-Mestril et al., 2019). For example, performance in various types of memory tasks in humans and animals is significantly increased when sleep occurs right after learning (Alger et al., 2015; Schmid et al., 2020). Similarly, new sensory experience changes perception in a sleep-dependent manner during development (Frank et al., 2001) and adulthood (Durkin and Aton, 2019). Furthermore, work in the last decade, using high-resolution imaging techniques, has provided strong evidence that sleep influences changes in dendritic spine structure, linked to brain plasticity and memory (Yang et al., 2014; Li et al., 2017; Seibt et al., 2017; Zhou et al., 2020; Aime et al., 2022). Finally, the establishment of our basic sensorimotor system in the central nervous system is thought to largely depend on sleep during early development (Blumberg, 2015). Since long-term changes associated with synaptic plasticity and memory require protein synthesis to persist over time (Davis and Squire, 1984; Costa-Mattioli et al., 2009), sleep may support brain plasticity via translation regulation, including specialised ribosomes, for translation of particular subsets of mRNAs.
The current view suggests that experience-dependent transcription (e.g., immediate early genes) (Yap and Greenberg, 2018) occurs preferentially during wakefulness in the nucleus, while mRNA translation occurs mostly during sleep in a distributed manner across neurites (Seibt and Frank, 2019). This is supported by evidence showing that translation rates are increased during sleep in the brain in various species (Ramm and Smith, 1990; Nakanishi et al., 1997) and the expression of regulators of translation initiation and elongation occurs preferentially during sleep (Cirelli et al., 2004; Mackiewicz et al., 2007; Seibt et al., 2012). Moreover, sleep deprivation leads to a decrease in translation initiation with associated memory deficits (Tudor et al., 2016) and pharmacological disruption of translation initiation during sleep impairs experience-dependent synaptic plasticity in vivo (Seibt et al., 2012), further suggesting the importance of translation during sleep for brain plasticity and memory consolidation. The underlying pathways for translational control during sleep are still not well-characterised, but global control of translation initiation, via the mTORC-1 signalling pathway, seems to be specifically activated during sleep (Seibt et al., 2012; Tudor et al., 2016). (Gingras et al., 1999; Seibt et al., 2012; Tudor et al., 2016) Other factors such as RBPs, microRNAs or non-coding RNAs (ncRNAs) are all potential mechanisms involved in translational control of specific mRNAs during sleep. There is some evidence that sleep deprivation differentially impacts the expression of groups of microRNAs in different parts of the brain, with a trend toward decreased expression in the cortex and increased expression in the hippocampus (Davis et al., 2007). Although this supports a region-specific regulation of translation by the sleep-wake cycle via microRNAs, the data on this remain isolated.
Besides global and specific control through signalling pathways and RBPs/ncRNAs, respectively, whether the formation of specialised ribosomes could also contribute to selected translation during sleep remains unclear. However, sleep-dependent translational changes were examined within neurons in the hippocampus after learning in mice (Delorme et al., 2021) (Figure 2C). Using TRAP, ribosome-associated transcripts were identified from different subcellular fractions of neurons (i.e., cytosolic vs. membrane-associated ribosomes). Sleep deprivation primarily affected mRNA translated in the cytosol, while learning mainly altered transcripts on membrane-bound ribosomes, suggesting a first level of translational specificity within neurons. Importantly, sleep after learning showed increased translation of membrane-bound transcripts, including mRNAs of 13 RPs, such as Rps27 and Rps28, with ∼50% of the RPs located at the ribosome surface (Figure 2B) (Delorme et al., 2021). These changes were specifically allocated to sleep as RP mRNA expression did not increase if sleep was prevented after learning. Differential RP translation during sleep may thus support compartmentalised heterogenous populations of ribosomes occurring through exchange and incorporation of RPs at the surface of ribosomes. Another, indirect, evidence supporting a role for sleep in increased translation of RPs was provided by a study investigating the impact of sleep deprivation (SD) on hippocampal neurons using TRAP in mice (Lyons et al., 2020). Following 5 h of SD, 198 mRNAs showed differential association with ribosomes compared to sleep control mice (Lyons et al., 2020). Certain RPs showed a trend toward decreased expression; transcripts for RPs previously associated with ribosome specialisation such as Rps25, Rpl10a and Rpl38 displayed little to no change, but other RP mRNAs like Rpl34 and Rpl35a were more affected (Figure 2B). Although none of these changes were found to be significant, the data nevertheless suggests that sleep may promote the expression of particular RPs as short sleep deprivation tends to reduce their translation (Lyons et al., 2020).
Although the data are still sparse, they do support a specific effect of sleep on differential RP expression in brain regions important for memory. The variability of changes observed in the various physiological and behavioural paradigms align with the idea that different neuronal functions are accompanied by expression of different ribosomes, which may favour formation of specialised ribosomes.
DISCUSSION AND CONCLUSIONS
Several studies revealed differences in RP expression in neurons, some of them specifically during sleep. Furthermore, many RPs are located on the ribosomal surface, adding the possibility for alternative integration or exchange with other RPs. Changes in RP expression and stoichiometry could contribute to the remodelling of neuronal networks and other processes that benefit from sleep, such as general metabolism and membrane repair (Mackiewicz et al., 2007; Anafi et al., 2019), energy conservation (Roth et al., 2010), mood and stress restoration (Goldstein and Walker, 2014), or the clearance of toxins (Xie et al., 2013; van Alphen et al., 2021). While the incorporation and presence of specialised ribosomes in neurons needs to be shown, it may allow for translation of different subsets of mRNAs across individual neuronal compartments and sleep stages.
Experience-dependent plasticity, including memory, leads to the formation or strengthening of certain synapses, whereas others are weakened or even removed. (Yang et al., 2009; Sanders et al., 2012; El-Boustani et al., 2018). Consequently, within the same dendrites, some spines grow while others retract. These dynamic processes involve different mechanisms and proteins, which are - at least in part - instructed by the synthesis of process-relevant proteins. Furthermore, sleep is composed of two different stages, rapid-eye movement (REM) and non-REM sleep, which alternate within minutes in rodents (i.e., one NREM-REM cycle ∼5–10 min) (Trachsel et al., 1991). Interestingly, those phases are coupled with the formation and removal of synapses (Bellesi and De Vivo, 2020; Sun et al., 2020), occurring preferentially during NREM and REM sleep phases, respectively (Yang et al., 2014; Zhou et al., 2020). Hence, assembly of specialised ribosomes during NREM and/or REM sleep could be well-suited to quickly adjust mRNA translation, thereby promoting and/or consolidating the bi-directional plasticity at synapses. How specialised ribosomes are established, controlled, and could become selectively activated during particular sleep phases remains to be uncovered and may be linked to specific brain waves during NREM and REM sleep, known to reactivate selected circuits and enhance memory (Poe, 2017; Ngo et al., 2020; Zhou et al., 2020; Skelin et al., 2021).
The currently available data relate mostly to differential mRNA expression of RPs (Figure 2). However, the data does not necessarily show that the RPs are also synthesised and incorporated into active ribosomes, possibly contributing to ribosome heterogeneity. Thus, besides establishing and monitoring specific RP synthesis in neurons, several questions need to be addressed in the future: 1) Does RP heterogeneity take place in neuronal sub-compartments? 2) How does RP heterogeneity in specific neuronal compartments impact the translation of subsets of mRNAs? 3) How do brain states modulate ribosome heterogeneity to generate specialised ribosomes? Finally, besides neurons there are other important brain cells, such as glia (e.g., astrocytes, microglia) and the vasculature, where ribosome heterogeneity may apply and entail specialised functions (Knight et al., 2012; Bellesi et al., 2015).
In the future, we expect that fundamental questions will be addressed in vitro using either brain slices or primary neuronal cultures. For instance, the application of proximity-based labelling techniques could allow the isolation of proteins/RNAs in the vicinity of a target molecule (e.g., RPs and mRNAs) (Padron et al., 2019; Ramanathan et al., 2019), which should identify the spatial partners present under different physiological conditions to help understand function. Furthermore, we have shown evidence of translating RPs in different physiological states (Figure 2). Combining puromycylation (Tom Dieck et al., 2015), to tag newly synthesised proteins, with specific antibodies (i.e. RPs) could help understand the spatial location of these newly translated RPs, to further understand RNA/protein interactions (Weissinger et al., 2021) in different brain cells and neuronal compartments in vitro. Obtaining functional in vivo data remains the gold standard for understanding molecular mechanisms linked to behaviour, including sleep. However, due to technical challenges of in vivo pharmacology (e.g., diffusion, dilution, biochemical reactions), the application of the above-mentioned methods remains difficult (Uezu et al., 2016) and further advances for the relevant techniques are required. For example, in vivo imaging of small RPs and RNA (Tatavarty et al., 2012; Tutucci et al., 2018; Cawte et al., 2020) is currently difficult, but not impossible (Grimm et al., 2017; Wegner et al., 2017; Hrabetova et al., 2018). Technical improvements such as brighter and more photostable fluorophores, higher resolution imaging, and better access to the tissue of interest (Tutucci et al., 2018; Das et al., 2021) may be key developments to advance the field, allowing better monitoring of RP localisation in cells. Furthermore, improved methods for genetic manipulations (Raguram et al., 2022), to target RPs with fewer off-target side effects, may allow tagging of different ribosomal components at the same time, facilitating isolation of different ribosome complexes from the same cell with TRAP. At the end, those approaches could be combined with behavioural and sleep manipulations, opening the paths towards fundamental understanding of the functional impact of ribosome heterogeneity in complex physiological processes.
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Understanding how RNAs interact with proteins, RNAs, or other molecules remains a challenge of main interest in biology, given the importance of these complexes in both normal and pathological cellular processes. Since experimental datasets are starting to be available for hundreds of functional interactions between RNAs and other biomolecules, several machine learning and deep learning algorithms have been proposed for predicting RNA-RNA or RNA-protein interactions. However, most of these approaches were evaluated on a single dataset, making performance comparisons difficult. With this review, we aim to summarize recent computational methods, developed in this broad research area, highlighting feature encoding and machine learning strategies adopted. Given the magnitude of the effect that dataset size and quality have on performance, we explored the characteristics of these datasets. Additionally, we discuss multiple approaches to generate datasets of negative examples for training. Finally, we describe the best-performing methods to predict interactions between proteins and specific classes of RNA molecules, such as circular RNAs (circRNAs) and long non-coding RNAs (lncRNAs), and methods to predict RNA-RNA or RNA-RBP interactions independently of the RNA type.
Keywords: RNA, RNA interaction predictors, natural language processing, deep learning, machine learning, embedding, RNA sequence, RNA secondary structure
INTRODUCTION
The involvement of RNAs in a wide range of biological processes, such as transcription, translation, neurogenesis, and the biogenesis and function of non-coding RNAs (ncRNAs) has been discussed in multiple studies (Newman et al., 2015; Turner and Díaz-Muñoz, 2018; Peng et al., 2022). Basic cellular physiology is critically dependant on RNA-Protein interactions (RPIs), as exemplified by their role in RNA splicing, transcription efficiency, stabilization and termination (Kelaini et al., 2021), in triggering RNA release from the transcription complex (Van Assche et al., 2015), and in regulating RNA degradation (Gilbertson et al., 2018). RNAs interact with RNA-Binding Proteins (RBPs) through sequence and structural motifs (Dominguez et al., 2018). Adinolfi et al. (Adinolfi et al., 2019) identified several RNA binding motifs by analyzing PAR-CLIP, eCLIP and HITS-CLIP experiments. Starting from these motifs, Guarracino et al. developed a web server for the identification of enriched structure or sequence motifs in a pool of RNAs which returns putative interacting RBPs (Guarracino et al., 2021). Altered functionality of RBPs and subsequent disruption of RNA-RBPs regulatory networks are commonly observed in human genetic diseases, neurodegenerative diseases and multiple cancer types (Pereira et al., 2017; Gebauer et al., 2021; Schieweck et al., 2021). Besides interacting with proteins, RNAs can also interact with each other, giving rise to complex regulatory networks that control cellular physiology in health and disease (e.g. mRNA regulation exerted by miRNA) (Chen et al., 2019; Pepe et al., 2022b; Wang et al., 2022). Moreover, RNAs influence each others’ expression level by competing for a limited pool of microRNAs (miRNAs) (Seitz, 2009; Poliseno et al., 2010), as postulated by the “competitive endogenous RNA” (ceRNA) theory (Salmena et al., 2011). The interaction between viral DNA or RNA genomes and host miRNAs is involved in immune system evasion and viral replication (Qiao et al., 2019). Accordingly, the role of exogenous DNA or RNA in viral infection has been extensively studied, highlighting how viral genomes can act as “sponges” for specific host miRNAs. This mechanism has been described for Hepatitis C Virus (Luna et al., 2015) and Epstein-Barr Virus (Riley et al., 2012) and it has also been suggested for SARS-CoV-2 (Pepe et al., 2022a).
Given the importance that RNA interactions play in fundamental cellular processes, cancer, and other diseases, several methods for studying the physical interactions between RNA and proteins have been developed (Ferrè et al., 2015). These in vitro or in vivo methods can be classified into two main categories: i) RNA-centric methods used to study proteins associated with a specific RNA; ii) protein-centric methods used to identify RNAs interacting with a specific protein (Ramanathan et al., 2019). Despite the large number of RNA interactions identified thanks to these methods, experimental validation is still expensive and time-consuming and computational approaches remain an active area of research.
In this review, we aim to elucidate recent advances in RNA interaction predictions, focusing on state-of-the-art methods currently used for the prediction of RNA-RNA or RNA-RBP interactions. The development of these methods is critically dependent on the quality and characteristics of datasets of known interactions. Accordingly, we will also review publicly available sources of RNA interaction data.
OVERVIEW OF DATABASES
A crucial element in the development of RNA-protein interaction prediction models is the retrieval of datasets containing known interacting pairs to be used for ML models’ training. The present section will therefore survey two fundamental aspects in this respect. Firstly, we describe the main features of the most widely employed datasets for RNA-protein interaction prediction. Indeed, during the last decade, various datasets have been constructed and released to pursue this task. Such datasets, typically, rely on information maintained in databases or obtained through literature-mining operations and they involve interactions supported by experimental evidence. Subsequently in this section, a second crucial aspect is pointed out. Since machine learning methods for binary classification need to be trained on datasets containing a balanced number of samples from both classes to be predicted, in the case of RPI prediction this translates into disposing of datasets containing RNA-protein pairs that are known to interact (which will henceforth be referred to as “positive dataset”) as well as non-interacting RNA-protein pairs (which will henceforth be referred to as “negative dataset”). We reported an overview of the major methods employed for the construction of RPI negative sets as well as a summary table reporting assumptions and outlines of such strategies.
Publicly available datasets of RNA interactions
Datasets currently considered as benchmarks for training, cross-validating or testing RPI prediction models include RPI369 and RPI2241 (Muppirala et al., 2011), RPI488 (Pan et al., 2016), and RPI1807 (Suresh et al., 2015). These are structure-based datasets which incorporate interaction pairs obtained from RNA-protein complexes whose structures have been deposited in the PDB (Velankar et al., 2021). Another commonly used dataset is NPInter2.0 (Yuan et al., 2014), which contains interactions derived from literature-mining and other databases.
The RPI2241 and RPI369 datasets were obtained from PRIDB (Lewis et al., 2011), a database of protein-RNA interfaces derived from PDB complexes (Burley et al., 2021). A total of 943 complexes from PRIDB (9,689 protein chains and 2,074 RNA chains) were initially selected. A final dataset consisting of 2241 experimentally validated RNA-protein interacting pairs (952 protein chains and 443 RNA chains) was derived, by redundancy reduction (discarding similar interaction on the basis of sequence identity) and sequence length filtering. When the RPI2241 dataset was constructed, a sizable fraction of all the RNA-protein complexes in the PDB corresponded to ribosomal structures, leading to a strong bias towards ribosomal RPIs. Accordingly, a second dataset, RPI369, was generated from RPI2241 by removing all RPIs that contained ribosomal proteins or ribosomal RNAs. Moreover, to generate a balanced dataset of non-interacting RNA-protein pairs, the RNAs and proteins from the original 943 complexes were randomly paired and pairs similar to known interactions were further discarded.
The RPI488 dataset is a structure-based dataset, derived from PDB complexes and specifically incorporating lncRNA-protein interactions. In order to generate the dataset, 18 ncRNA-protein complexes were downloaded from the PDB and 726 lncRNA-protein pairs were collected from them. In order to derive both a positive and a negative dataset, a distance cutoff of 5Å was used. Also, redundant sequences (sequence identity greater than 90% for both protein and lncRNA sequences) were excluded by using CD-HIT (Fu et al., 2012). Following redundancy reduction, the final RPI488 dataset contains 488 protein-lncRNA pairs (243 interacting pairs and 245 non-interacting ones).
The RPI1807 dataset was derived by integrating the Nucleic Acid Database (NDB) (Coimbatore Narayanan et al., 2014) and the PRIDB. A total of 1560 RPI complexes available in NDB were selected and, for 1336 of them, atomic interactions were extracted from PRIDB, thus obtaining 13,163 protein and 2715 RNA chains. The procedure for constructing the dataset included sequence length filtering and redundancy removal according to sequence similarity. In order to obtain both positive and negative sets, the selected non-redundant pairs were further analyzed for atomic interactions with a distance threshold (3.40 Å). This threshold was used to distinguish strongly interacting protein-RNA pairs (positive set) from weakly interacting protein-RNA pairs (negative set). The final RPI1807 dataset consists of 1807 positive pairs and 1436 negative pairs.
The overlap between RPI datasets is reported in Figure 1. This overlap could be greater than that obtained by simply intersecting the RNA-protein pairs since a redundancy reduction was applied to each one of the RPI datasets. In each of the RPI datasets, RNA-protein pairs were clustered and only one pair was chosen as representative; this could influence the overlap between the four datasets.
[image: Figure 1]FIGURE 1 | Overlap between the four RPI datasets generated from PDB RNA-protein complexes.
NPInter2.0 is a database that integrates experimentally-validated functional interactions between ncRNAs and other biomolecules (RNAs, proteins and DNAs), collected both from literature mining and from multiple databases. Although newer releases of the database exist (up to NPInter v4.0), NPInter v2.0 is the most widely used dataset for the development of prediction models. The dataset contains a total of 201,107 ncRNA interactions from 18 organisms, excluding interactions involving tRNAs and rRNAs.
Interactions were derived from manual annotation of articles published between 2008 and 2013 and include both experimentally-validated interactions as well as binding sites identified by genome-wide techniques (Yuan et al., 2014). The authors also integrated data from other resources, mainly the LncRNADisease database (Chen et al., 2013), and finally performed a redundancy reduction procedure within the dataset.
Several datasets have been derived from NPInter2.0 by selecting subsets of interactions with characteristics of interest. More specifically, the most widely used non-structure-based dataset for the development and testing of RPI prediction models is a subset of this database (namely NPInter10412) first assembled by Suresh et al, (2015), and subsequently used in numerous other works (Li et al., 2021; Wang et al., 2021; Zhao et al., 2021). NPInter10412 contains 10,412 ncRNA-protein interactions, distributed among the different species as illustrated in Table 1.
TABLE 1 | Number of RNA-protein interactions by species in the NPInter10412 dataset.
[image: Table 1]A fourth release of NPInter was published in 2019 that increases the amount of high-throughput interactomes available data. NPInter4.0 (Teng et al., 2019) includes 600,000 new ncRNA interactions, particularly ncRNA–DNA interactions obtained via the ChIRP-seq technique, as well as interactions involving circular RNAs. Additionally, disease associations were added to the database.
Lastly, RNAInter4.0 is a recent resource that integrates experimentally validated and computationally predicted RNA interactions from literature-mining and databases (Kang et al., 2022). It provides information about different types of interactions in different taxa. Tables 2 and 3 summarize RNAInter’s content.
TABLE 2 | Number of interactions of each type in the RNAInter database.
[image: Table 2]TABLE 3 | Number of interactions in the 8 taxa in the RNAInter database. An overview of the main publicly available datasets for RNA-protein interaction prediction is given in Table 4.
[image: Table 3]TABLE 4 | Publicly available datasets for RNA-protein interaction prediction.
[image: Table 4]Ultimately, despite remarkable advances in experimental techniques, the development of large and reliable RPI datasets is still the main bottleneck for training ML models. Hence, we would also like to stress the importance of redundancy control within data, since its presence may cause a leakage of information between training and test set during model training, resulting in untruthful prediction performance.
Strategies for the construction of a negative dataset
The lack of reliable datasets of non-interacting RNA-protein pairs is a major concern in the development of computational methods for RPI prediction. Indeed, it is not trivial to conclusively state that a given protein does not interact with a given RNA molecule (absence of evidence does not constitute evidence of absence). Indeed, various papers have demonstrated the critical effect of negative dataset composition on the performance of Machine Learning and Deep Learning models (Muppirala et al., 2011; Pan et al., 2016; Peng et al., 2019). Additionally, having balanced positive and negative sets is crucial to avoid overfitting on one class.
The most often used (Muppirala et al., 2011; Pan et al., 2016; Yi et al., 2020) method to construct a dataset of non-interacting pairs is to randomly pair RNAs and proteins in the positive set, followed by discarding the thus obtained pairs that showed high sequence similarity to the interacting ones, while retaining the others.
An interesting, albeit not widely used, technique to construct negative samples is the FIRE (FInding Reliable nEgative samples) method (Cheng et al., 2017). The core idea of this method relies on the following observation: given an experimentally-validated interaction between protein p1 and RNA r, and given another protein p2, the more similar p2 is to p1, the higher the likelihood that r interacts with p2. Thus, for each positive RPI (p1, r) the p2 protein that is most dissimilar to p1 is selected; if (p2, r) is not an experimentally-validated RPI, then it is selected as a negative RPI. The innovation introduced in this work lies in the way the similarity between each pair of proteins was computed, by taking into account functional annotations and protein domains information in addition to sequence similarity.
An additional approach that circumvents the requirement to create a negative dataset is PU learning, a binary classification method that can be applied when only positive (P) and unlabeled (U) data are available. For example, PRIPU trains a biased SVM on only positive and unlabelled examples (Cheng et al., 2015, 2017).
Some of the most often employed strategies for the construction of a negative dataset are listed in Table 5.
TABLE 5 | Strategies for the construction of a negative dataset for RNA-protein interaction prediction.
[image: Table 5]COMPUTATIONAL METHODS FOR RNA-PROTEIN INTERACTION DISCOVERY
If on the one hand, the choice of the right training dataset is critical, on the other hand the choice of the right algorithm for RNA-RBP interaction prediction is also important, considering that some predictors were developed for a specific class of RNAs, such as lncRNA or circRNA. We will therefore review the latest methods for RNA-RBP interaction prediction. Some methods predict interactions between proteins and a specific class of RNA molecules, such as circRNAs (Yang et al., 2021; Niu et al., 2022) and lncRNAs (Ge et al., 2016; Zhao et al., 2018; Xie et al., 2019; Zhou et al., 2021). Others were developed to predict RNA-RBP interactions independently from the RNA type (Akbaripour-Elahabad et al., 2016; Yi et al., 2018; Zhan et al., 2018; Wang et al., 2019, 2021; Zhang et al., 2020).
LPI-deepGBDT: An artificial intelligence algorithm for the prediction of long non-coding RNA-protein interactions
Long non-coding RNAs (lncRNAs) are a class of RNA molecules that have attracted strong interest in recent years due to their abundance and their role in many physiological and pathological processes (Kornienko et al., 2016). Since many of the functions performed by lncRNAs require their interaction with proteins (LPIs), and most of lncRNAs are of unknown function, identifying new LPIs is a very important task. Most of the methods developed for this task are based on hand-crafted features, which is a process that requires time, domain knowledge and is based on strong assumptions. We describe the LPI-deepGBDT algorithm (Table 6), which uses a feed-forward deep architecture based on gradient boosting decision trees (Zhou et al., 2021). In this work three human and two plant LPI datasets, derived from the NPInter database, were used as training for the classifier. These datasets were processed using several filters, similar to previous works (Li et al., 2015; Zheng et al., 2017; Zheng et al., 2017; Zhang et al., 2018; Bai et al., 2019). Multiple features of lncRNAs and proteins were calculated from their sequences using Pyfeat (Muhammod et al., 2019) and BioProt (Márquez and Castro Amaya, 2019). The dimensionality of the feature space was then reduced using PCA, and protein and RNA features were concatenated to obtain a matrix of features representing the interaction pairs. This matrix was used as input to the classifier, which consisted of a multi-layered deep framework based on a gradient boosting model. The authors compared their model with five state-of-the-art LPI prediction methods, namely LPI-BLS, LPI-CatBoost, PLIPCOM, LPI-SKF and LPI-HNM (Yang et al., 2016; Deng et al., 2018; Fan and Zhang, 2019; Wekesa et al., 2020; Zhou et al., 2020), using six measurements: precision, recall, accuracy, F1-score, AUC and AUPR, and obtaining better average performances. Furthermore, the LPI-deepGBDT algorithm was successfully applied to the identification of potential protein partners for a specific lncRNA and, given a specific protein, to infer its potential interacting lncRNAs. The authors highlight that one of the main drivers of performance improvement for this method is the integration of biological features.
TABLE 6 | Description of the train/test datasets, feature encoding and machine learning strategy for each of the described methods.
[image: Table 6]LncPNet: A human long non-coding RNA-protein interactions predictor
Most models are developed to predict lncRNA-protein interactions irrespective of the species, which can result in the introduction of noise and negatively affect performance.
To address this and other limitations, Zhao et al, (2021) introduced a new predictor model called LncPNet (Table 6). This method is designed to exclusively predict human lncRNA-protein interactions. Moreover, protein and lncRNA features are automatically generated using a network embedding. For this study, human lncRNA-protein interactions were selected from NPInter v2.0 resulting in 7523 experimentally validated pairs, including 3052 lncRNAs and 212 proteins. LncRNAs and proteins lacking sequence information were removed, thus obtaining a dataset of 4578 interactions between 2009 lncRNAs and 78 proteins. The negative dataset was built using the subcellular localization method (see Table 5). This method is based on a heterogeneous network of lncRNA-protein which is constructed using: i) lncRNA-lncRNA and protein-protein similarity; ii) known lncRNA-protein association. The similarity between lncRNAs and proteins is both calculated by Jaccard similarity and BLAST similarity. Subsequently the metapath2vec (Dong et al., 2017) method is used for network embedding and dimensionality reduction. LncRNA-protein interactions are represented as vectors of dimensionality 1 x 256 and those vectors are used to train a Support Vector Machine in order to predict whether an lncRNA interacts with a protein. Comparison with other state-of-the-art methods shows that LncPNet achieves better performances in terms of accuracy, F1-score and MCC.
CRBPDL: A deep learning approach for the prediction of circular RNA-RBP interactions
Circular RNAs or circRNAs are non-coding RNA molecules which can bind RBPs and are involved in multiple regulatory processes (Zang et al., 2020). CRBPDL (Table 6) (Niu et al., 2022) is a recently developed method that uses a deep learning approach (also used in other studies, e.g. Pan and Shen, 2018; Zhang et al., 2019; Yang et al., 2021) to predict interactions between circRNAs and proteins. The main improvement of CRBPDL is in the feature encoding step, which is critical for prediction performance. CRBPDL uses five different coding schemes (k-nucleotide frequency, Doc2vec, electron-ion interaction pseudopotential, nucleotide chemical properties, and cumulative nucleotide frequency) for the construction of a feature matrix. The method then uses a deep neural network architecture in order to extract local and global context information and subsequently train the model with a self-attention mechanism checking the robustness of the method. The deep neural network architecture is composed by a ResNet (a deep multi-scale residual network) and a BiGRUs (bidirectional gated recurrent unit) with the final integration of AdaBoost algorithm in order to improve the prediction performances. The authors trained and benchmarked CRBPDL using a circRNAs-RBPs interaction dataset derived from the CircInteractome database (Dudekula et al., 2016), consisting of interactions from 37 CLIP-seq experiments, consistently obtaining better performances when compared with existing methods. CRBPDL encodes different types of information about the sequence of circRNA: the dinucleotide and trinucleotide composition frequency (KNF), the free electron energy (EEIP), and also chemical informations about the nucleotides that compose circRNA sequences. For long-term context dependencies Doc2vec, used as encoding scheme, demonstrated to give a great contribution to the feature representation. CRBPDL was also tested on 31 datasets of linear RNA-RBP interactions, obtaining an average AUC of 0.91, which is significantly higher than the AUCs of other methods (ICIRCRBP-DHN (Yang et al., 2021), CRIP (Zhang et al., 2019), iDeepS (Pan et al., 2018), and CIRCSLNN (Ju et al., 2019)). CRBPDL is available on Github (https://github.com/nmt315320/CRBPDL).
EDLMFC: An ensemble deep learning framework for the prediction of non-coding RNA-RBP interactions
In this section, we discuss a class of ncRNA-RBP interaction predictors not designed for a specific RNA type. A recent computational method developed in this field, called EDLMFC, uses an Ensemble Deep Learning framework with Multi-scale Features Combination (Table 6) (Wang et al., 2021). EDLMFC was trained on ncRNA-RBP interaction pairs derived from the RPI1807, NPInter v2.0, and RPI488 datasets and uses different types of features as input such as the primary sequence and the secondary and tertiary structure of ncRNAs and proteins. Using a greater number of features was shown to increase prediction performance compared with single features. This method combines two different techniques: i) a convolutional neural network (CNN); ii) a bi-directional long short-term memory network (BLSTM). The first one is a deep learning-based method which is used to extract high-level information from the features and the second one is a recurrent neural network method which learns long-range dependencies between features, mainly on sequential data. Finally, a three-layer, fully connected, layer is able to predict ncRNA-protein interactions. In a five-fold cross-validation experiment, EDLMFC obtained better performance than RPITER (Peng et al., 2019), IPMiner (Pan et al., 2016), and CFRP (Dai et al., 2019). Moreover, independent tests demonstrated that EDLMFC can be effectively used to predict potential ncRNA-protein interactions in different organisms.
PRNA: Binding site features enable improvement RNA-protein interaction prediction
For the prediction of RNA-RBP interactions, several methods have been developed in order to find the potential binding sites in RNA or in RBP sequences. One of them is from Liu et al, (2010) (Table 6). In this work the authors highlighted the importance of both sequence and structure features in RNA-binding proteins, that simultaneously contribute towards the recognition of a specific RNA sequence site. In order to determine in a more comprehensive way the interacting sites in protein sequences, the authors suggested a parameter to consider interaction propensity of an amino acid. This variable represents a measure of mutual dependence of a triplet of amino acids in proteins where the central amino acid binds a nucleotide on the RNA sequence. Then this feature is encoded in a vector of other hybrid features to describe exhaustively the amino acids in the protein sequence. The method was trained using a dataset of protein-RNA complexes obtained from RsiteDB and used to predict RNA binding residues in proteins given the previous set of features, using Random Forest (RF), that with a sliding window of 5 amino acids on the protein sequence predicts the possible site of a binding event. The result in terms of AUC is of 0.905 with a ACC of 81.4% indicating a good performance if compared to other methods (RNABindR (Terribilini et al., 2007), BindN (Wang and Brown, 2006), RNAProB (Cheng et al., 2008), PPRint (Kumar et al., 2008)). In this paper the idea emerges that by integrating the information carried by the neighborhood of an amino acid with other features of the protein sequence and structure analyzed, we can substantially improve the prediction of RNA-RBP interactions by finding the binding sites. A concept well developed also in a recent work of Niu et al. in which instead of focusing on the binding protein sequence, the RNA sequence is fundamental.
PrismNet: A deep learning algorithm to predict RPIs that uses in vivo RNA structures
One of the most important factors determining the interaction between RNAs and proteins is the RNA secondary structure (Taliaferro et al., 2016). Therefore, leveraging this feature in prediction models can significantly increase their performance. Although there are different methods for the prediction of RNA secondary structure (Seetin and Mathews, 2012), computational methods based exclusively on the primary sequence do not take into account the dynamic nature of these structures. Indeed, RNA secondary structures are extremely dynamic and can change depending on various factors such as the interaction with chaperones and other RBPs. All these factors, ultimately, vary depending on the cellular conditions in vivo (Lewis et al., 2017). PrismNet is an RNA-protein prediction method that leverages experimental data on RNA secondary structures, being capable, in this way, to take into account their dynamism (Table 6). This method is based on secondary structure information obtained via in vivo click selective 2′-hydroxyl acylation and profiling experiments (icSHAPE) (Flynn et al., 2016) that were carried out in 7 cell types (i.e. K562, HepG2, HEK293, HEK 293T, HeLa, H9, and mES) in which RNA structures were profiled transcriptome-wide. This data was integrated with RBPs binding sites data from CLIP experiments in the same cell types. To construct the model input, the structure scores derived from the icSHAPE experiments were encoded as a one-dimensional vector and the sequence was represented as a four-dimensional one-hot-encoded vector. The deep learning model consists of a series of convolutional layers, while squeeze-and-excitation networks were used to recalibrate the convolutional channels and residual blocks to capture the joint sequence and structural determinants of RBP binding. The authors compared their model with other computational methods including RCK (Orenstein et al., 2016), GraphProt (Maticzka et al., 2014; Orenstein et al., 2016) and DeepBind (Alipanahi et al., 2015), using the binding sites obtained from the CLIP-seq datasets for each RBP, and obtaining better performance in terms of AUC and AUPRC. Furthermore, by training their model using different combinations of inputs, they observed that the model trained using both the sequence and the experimentally determined RNA secondary structures outperformed other models, demonstrating that experimental information on the RNA secondary structure in vivo is critical to the performance improvement.
COMPUTATIONAL METHODS FOR RNA-RNA INTERACTIONS PREDICTION
RNAs can also interact with other RNAs and several studies have shown these interactions to be crucially involved in the regulation of gene transcription, cell metabolism, and other key cellular functions (Deogharia and Gurha, 2021; Singh et al., 2022; Wang et al., 2022). Despite the fact that a large number of RNA-RNA interactions have been experimentally validated, many more have yet to be identified. Therefore, several computational methods have been developed for the prediction of RNA-RNA interaction, many of which are based on sequence complementarity (Kang et al., 2020, 2021; Yang et al., 2020). In the last 5 years, these methods have been gradually revolutionized by the introduction of deep learning approaches borrowed from the field of natural language processing. PreMLI is one of the latest methods in this field, it was published in early 2022 by Yu and collaborators (Table 6) (Yu et al., 2022), and, currently, it achieves better overall performance compared with other existing methods. This method was specifically built to predict miRNA-lncRNA interactions and relies exclusively on RNA sequence information. PreMLI was trained using a plant lncRNA-miRNA interaction dataset, constructed using RNAHybrid 2.1.2. The approach consists of three steps: i) in the pre-training phase the RNA sequences are used as input for rna2vec training in order to obtain a weight matrix that better describes the RNA sequence and can be used as the input to the next step; ii) deep feature mining approaches, based on Convolutional Neural Network, Bidirectional Gated Recurrent Unit, and attention layers are used to obtain additional potential features; iii) in the last step the two feature vectors are connected as input to the prediction layer. The authors demonstrate how the pre-training and the deep feature mining phases improve prediction performance and, furthermore, they show how this method performs better than already existing advanced RNA-RNA interaction predictors in terms of sensitivity, specificity, and AUC. Although the pre-training step improves the model performance, it also increases the computational time required for the entire prediction process. Moreover, this method is optimized for the prediction of miRNA-lncRNA interactions in plants. In order to extend its use to other types of RNA-RNA interactions or other organisms the model needs to be trained on an appropriate specific dataset and the hyperparameters need to be adjusted.
CONCLUSION
In the last few years several studies have explored the RNA interactions landscape, given the crucial role that RNA-RBPs and RNA-RNA networks play in cell biology. Despite the advances made so far, novel experimental methods for the identification of binding sites (such as HITS-CLIP and PAR-CLIP) are still time-consuming and cost-intensive. That is why computational approaches represent a complementary strategy to guide experimental work. In this review, we provide an overview of the most recent prediction methods. We summarize recent advances in the algorithms developed to solve specific tasks, such as circRNA- or lncRNA-RBPs interaction predictions or, more generally RNA-RBPs interactions. Besides, we highlight how the development of a larger dataset of interactions is crucial to increase performance. Lastly, despite the fact that many methods rely only on sequence information, among the ones analyzed, those that obtain the best performances tend to include a variety of different biological features. Performance comparison of the described methods shows how the inclusion of structure information contributes to improving the accuracy and efficiency of the models. Only one of the described methods uses both RNAs and proteins structural information as input features for the predictive model because if, on the one hand, a large number of reliable protein structures is available, on the other hand, RNA structures are mainly obtained through computational prediction. RNA structure uncertainty could add noise to the model, resulting in untruthful prediction performances. The prediction of protein structure has reached satisfactory levels of performance thanks to the development of AlphaFold (Jumper et al., 2021). Conversely, RNA structure prediction still lags far behind. One of the main limitations is the paucity of known RNA structures that can be used for model training. To address this issue a new deep learning model called Atomic Rotationally Equivariant Scorer (ARES) has been developed (Townshend et al., 2021). ARES achieves good performances in the prediction of RNA structures, based on a training dataset of only 18 experimentally determined RNA structures. While this is a useful development, further work is needed in this area. Ultimately, as demonstrated by the methods described in this review, the availability of high-quality RNA structure predictions could greatly improve the inference of RNA-RBP and RNA-RNA interactions. Moreover, the advances in RNA secondary structure determination methods, that takes into account the information from biochemical assay like icSHAPE-seq (Flynn et al., 2016), could improve the confidence of such information as a feature for prediction models, likely leading to an improvement of their performance.
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Increasingly studies have shown that the formation mechanism of many human diseases is very complex, which is determined by environmental factors and genetic factors rather than fully following Mendel’s genetic law of inheritance. Long non-coding RNA (lncRNA) is a class of endogenous non-protein coding RNA with a length greater than 200 nt, which has attracted much attention in recent years. Studies have shown that lncRNAs have a wide range of biological functions, such as roles in gene imprinting, cell cycle progression, apoptosis, senescence, cell differentiation, and stress responses, and that they regulate the life processes of mammals at various levels, such as epigenetic transcription, processing, modification, transport, translation and degradation. Analyzing the characteristics of lncRNAs and revealing their internal roles can not only deepen our understanding of human physiological and pathological processes, but also provide new ideas and solutions for the diagnosis, prevention and treatment of some diseases. This article mainly reviews the biological characteristics of lncRNAs and their relationship with some diseases, so as to provide references for the related research of lncRNAs.
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INTRODUCTION
Ribose nucleic acid (RNA) is a single strand formed by transcribing a deoxyribonucleic acid (DNA) strand as a template according to the principle of complementary base pairing. In recent years, with the rapid development and improvement of next-generation high-throughput sequencing technologies, our understanding of the field of transcription has been expanded. An important finding is that although nearly 80% of the genome can be transcribed, only approximately 2% of mammalian genomes consist of protein-coding genes, most of the rest of the genome sequence only produces a large amount of noncoding RNA (ncRNA). These RNAs can only be successfully transcribed and lack the ability to directly encode proteins, only a few lncRNAs can encode small molecular peptides. Previously, researchers believed that non-coding RNA, as a kind of gene “garbage”, had no special biological effect (Wang and Chang, 2011). These non-coding RNAs are roughly divided into two classes, depending on the length of the transcript. That is, small noncoding RNA (snRNA) with a length less than 200 nt and long non-coding RNA (lncRNA) with a length greater than 200 nt. Interesting, lncRNAs are the largest component of non-coding transcripts in mammals, accounting for about 80% (Vennin and Adriaenssens, 2018).
With further research, scholars found that lncRNAs can play the role of “regulatory factors” to participate in various levels of transcription, post-transcription and translation, and also participate in various biological processes, such as embryo development invasion, apoptosis, metastasis and angiogenesis (Renoux and Todd, 2012; Mazar et al., 2014). In cancer, metabolic diseases and nervous system diseases, lncRNA expression profile is also changed, and dysregulation of lncRNA expression is closely related to the occurrence and development of diseases. Moreover, studies have revealed that the expression of lncRNAs is more cell-specific than that of protein-coding genes. A considerable number of lncRNAs showed 3′ polyadenylation and 5′ caprization, with multiple exons, and showed transcriptional activation activity similar to mRNA (Cabili et al., 2011). The biological characteristics, functions, and their relationship with diseases of lncRNAs have become a research hotspot.
BIOLOGICAL CHARACTERISTICS OF LONG NON-CODING RNAS
Classification of long non-coding RNAs
In order to carry out more in-depth research on lncRNAs and understand their functions and mechanisms, researchers divided lncRNAs into intronic lncRNAs, intergenic lncRNAs, sense lncRNAs and antisense lncRNAs four categories according to their location and background in the genome (Ma et al., 2013). Intergenic lncRNAs may be located more than 10 kb from any nearby protein-coding locus. But, intronic lncRNAs originate from long introns that are transcribed from the same strand as the associated protein-coding genes. Studies suggest that intergenic lncRNAs and intronic lncRNAs may play regulatory roles through different transcriptional activation mechanisms, and may have different poly (A) modification and expression activities at different locations of cells (Cheng et al., 2005; Prensner et al., 2011). Antisense lncRNAs are lncRNAs that are transcribed from the antisense strand of a gene locus and overlap with the RNA transcribed from the sense strand. In contrast, sense lncRNAs are lncRNAs that contain a protein coding gene and are transcribed in the same direction as that gene (Figure 1).
[image: Figure 1]FIGURE 1 | Classification of lncRNAs. Panel (A): Intergenic lncRNA was transcribed intergenically from both strands. Panel (B): intronic lncRNA, transcribed entirely from introns of protein-coding genes. Panel (C): antisense lncRNA, transcribed from the antisense strand of protein-coding genes, overlapping with exonic or intronic regions or covering the entire protein-coding sequence through an intron. Panel (D): Sense lncRNA was transcribed from the sense strand of protein-coding genes and contain exons from protein-coding genes, overlapping with part of protein-coding genes or covering the entire sequence of a protein-coding gene through an intron.
The mode of action of long non-coding RNAs
As another new field in molecular biology, with the in-depth study of lncRNAs, researchers have found that the main function of lncRNA may be to combine with DNA, RNA and protein to play a regulatory role (Zhu et al., 2013). As a regulatory molecule of gene expression, the mode of action of lncRNAs can be roughly divided into three aspects. One approach is that lncRNAs affect gene expression by regulating chromatin epigenetic modifications (Figure 2B). In 2013, Di ruscio et al. (2013) showed that the lncRNA derived from the CCAAT-enhancer binding protein-alpha (CEBPA) gene can interact with the DNA methyltransferase DNMT1 to regulate the methylation level at the CEBPA gene locus, thereby promoting gene expression.
[image: Figure 2]FIGURE 2 | The mode of action of lncRNAs. LncRNAs can regulate gene expression levels at various levels, including epigenetic regulation, transcriptional regulation, and post-transcriptional regulation.
As a molecular scaffold or bridge, regulating the related chromatin modifying enzymes in the transcription process, thereby changing the level of gene expression is another mode of action of lncRNAs (Figures 2A,D,E). The non-coding RNA snRNA7SK, the guardian of transcriptional termination and bidirectional transcription in embryonic stem cells, acts as a scaffold for the protein complex formed by HEXIM1, HEXIM2, LARP7 and P-TEFb. The formation of this complex causes the loss of P-TEFb kinase activity and affects the transcriptional activity of related genes (Castelo-branco et al., 2013).
The regulation of gene expression by lncRNA in the post-transcription process is mainly achieved by the level regulation of mRNA and miRNA (Figures 2C,F–H). Cesana et al. (2011) found in their study that LINCMD1 could bind to corresponding miRNA, thus blocking the binding of target gene and miRNA, so as to lose its transcriptional inhibition of target gene.
RELATIONSHIP BETWEEN LONG NON-CODING RNA AND DISEASE
Tumors
At present, the most in-depth research on the function of lncRNAs was their role in tumor diseases. A large number of studies have shown that lncRNAs play an extremely important role in the occurrence and development of tumors (Harries, 2012; Kitagawa et al., 2012). Interestingly, lncRNAs not only promote tumor formation as a proto-oncogene, but also inhibit tumor cell proliferation and migration as a tumor suppressor gene. The occurrence and development of many cancers are accompanied by abnormal expression of lncRNAs. Zhu et al. analyzed the bladder cancer pathological tissues by microarray showed that 3324 lncRNAs were abnormally express, including 22 lncRNAs were significantly up-regulated and 88 lncRNAs were significantly down-regulated (≥8-fold change) in the tumor group compared with the controls. Further verification experiments found that the expression changes of lncRNA TNXA, CTA-134P22.2, CTC-276P9.1 and KRT19P3 were highly consistent with microarray data. They also observed that down-regulated lncRNAs were more common than up-regulated lncRNAs (Zhu et al., 2014a). In addition, studies have confirmed that lncRNA H19 is highly expressed in bladder cancer patients, and the expression level was 3 times higher than that in normal patients. Then in vivo and in vitro experiments have further confirmed that up-regulation of lncRNA H19 can accelerate the metastasis of bladder cancer cells. The researchers believe that lncRNA H19 can first bind to enhancer of zeste homolog 2 (EZH2), then activate Wnt/β-catenin, and down-regulate E-cadherin (E-cad). Therefore, lncRNA H19 may promote bladder cancer metastasis by combining with EZH2 and inhibiting the expression of E-cad (Luo et al., 2013).
It is worth noting that, in addition to bladder cancer, the researchers found that lncRNA H19 also plays a regulatory function in prostate cancer. LncRNA H19-mir675 axis may inhibit the metastasis of prostate cancer by transforming growth factor beta induced protein (TGFBI) (Zhu et al., 2014b). Among them, TGFBI is closely associated with cancer metastasis, and miR675 can directly bind to the 3′UTR of TGFBI-mRNA to inhibit the normal translation of TGFBI. HOTAIRM1, as lincRNA (long intergenic noncoding RNA), was found to be highly specifically expressed in mature myeloid cells. The barretts esophagus (BE) is considered the precancerous lesion of the esophageal adenocarcinoma (EAC), which results in 80 percent of esophageal adenocarcinoma. Previous studies have reported that lncRNA AFAP1-AS1 is highly expressed in esophageal adenocarcinoma and Barrett esophageal tissues. Targeted silencing of lncRNA AFAP1-AS1 can inhibit the differentiation of EAC, promote its apoptosis, and inhibit the invasion and metastasis of tumor cells without affecting the expression of AFAP1 protein (Wu et al., 2013).
Studies related to urological tumors have shown that lncRNA urothelialcarcinorna associated 1 (UCA1) can promote the proliferation of bladder cancer cells BLS-211 by regulating genes, and can enhance its drug resistance (Wang et al., 2008). A study conducted by Silva et al. (2011) shown long stress induced non-coding transcripts 5 (LSINCT5), is highly expressed in breast and ovarian cancer. LSINCT5 has greater than ten-fold increased expression in all cancer cell lines tested as compared to normal cell lines from the same tissues. Several breast cancer cell lines had 30-fold higher expression of LSINCT5 than in HMEC, including MDA468, T47D and BT474 cells. Targeted knockout of lncRNA LSINCT5 significantly inhibited the proliferation of cancer cells. Other studies have found that in breast cancer, the expression level of growth rest gene transcript 5 (Gas5) tends to reduce to 34% of those of adjacent normal tissue, while the Gas5 can induce cell apoptosis by regulating the target gene and play the function of tumor suppressor gene (Mourtada-maarabouni et al., 2009). In addition, Askarian-amiri et al. (2011) confirmed zinc finger antisense 1 (ZFAS1) was also significantly down-regulated in breast cancer. The result shows ZFAS1 expression is decreased (2.0-fold) in ductal carcinoma relative to normal epithelial cells. Taken together with the effects of ZFAS1 knockdown on mammary epithelial cell proliferation and differentiation, their results suggest ZFAS1 as a novel human tumor suppressor gene in breast cancer and that its dysregulation may be useful as a marker for breast cancer.
Neurodegenerative and psychiatric diseases
With the deepening of research, it has been gradually recognized that there are a large number of specifically expressed lncRNAs in the mammalian brain, and the occurrence and development of many neurological diseases are often accompanied by abnormal expression of some lncRNAs (Knauss and Sun, 2013). Alzheimer’s disease (AD) is one of the most common neurological diseases. Studies demonstrate that AD is caused by the abnormally high expression of amyloid-β (Aβ) in the brain, and then form senile plaque (SP), while Aβ is the product after the splicing processing of amyloidprecursor protein (APP) by secretase. Β-secretase1 (BACE1) is one of the secretase enzymes that splicing APP, which plays a key role not only in the production of Aβ and but also in the aggregation of Aβ.
It has been reported that the antisense lncRNA BACE1AS of BACE1 plays a very important role in the occurrence and development of AD. Under stress conditions, BACE1AS can form complex with BACE1-mRNA to increase the stability of the latter and prevent its degradation, thus promoting the aggregation of β -amyloid protein. Subsequent experimental studies also found that BACE1AS was highly expressed in AD patients and BACE1 transgenic mice. In addition, studies have found that amyloid beta protein 142 (Aβ142) can inhibit the differentiation of SH-SY5Y cell, induce the expression of APP-related factors and the formation of senile plaques. In AD model group, the expression of Aβ142 and Aβ140 protein and mRNA were up-regulated, accompanied by the down-regulation of Ki67 expression. It was also confirmed that exogenous Aβ142 not only promoted the expression of BACE1, but also promoted the expression of lncRNA BACE1AS. LncRNA BACE1AS can increase the stability of BACE1mRNA. In the subsequent reverse validation test, targeted down-regulation of lncRNA BACE1AS expression in SH-SY5Y cells attenuated the ability of BACE1 to cleave APP and slowed the formation of senile plaques in SP AD SH-SY5Y model (Faghihi and Wahlestedt, 2009; Liu et al., 2014). Recent studies have reported that the occurrence and development of AD is also related to the variable expression and abnormal location of BC200 RNA. Mus et al. (2007) found that BC200 was significantly up-regulated in AD brains, and this up-regulation in AD was specific to brain areas that are involved, BC200 levels are specifically elevated in area 9, which is involved in the AD, but not in area 17, which is generally not. Not only that, the researchers found relative BC200 levels in those areas increased in parallel with the progression of AD.
LncRNAs are also involved in the regulation of psychiatric diseases. The occurrence and development of related diseases such as major depression, autism spectrum disorder, schizophrenia, affective schizophrenia and bipolar disorder are closely related to the abnormal expression of disorder in schizophrenia-1 (DISC1) (Chubb et al., 2008). LncRNA DISC2 regulates DISC1, and lncRNA DISC2 may be a potential target for the treatment of psychiatric disorders. In addition, Tamura et al. (2007) have reported the possibility that epigenetic aberration from the normal DNA methylation status of RELN may confer susceptibility to psychiatric disorders.
Endocrine disease
Diabetes is a metabolic disease caused by a variety of factors. Its main clinical features are chronic hyperglycemia and metabolic disorders of sugar, fat and protein caused by impaired insulin secretion or defective insulin action. The World Health Organization classifies diabetes into four broad categories: I-diabetes, II-diabetes, gestational diabetes and other types of diabetes.
The pathogenesis of different types of diabetes is different, but most of them are pancreatic islet β-cell dysfunction, unable to secrete enough insulin, resulting in hyperglycemia. At present, it has been confirmed that miRNA plays an important role in the occurrence and development of diabetes. However, only a few studies have reported the role of lncRNAs in the occurrence and development of diabetes. For example, the antisense transcript IGF2AS of Insulin likegrowth factor 2 (IGF2) and the antisense transcript lncRNA PINK1 of PTENinduced putative kinase 1 (PINK1) lost on chromosome X. High concentration of glucose can stimulate up-regulation of IGF2AS expression in pancreatic islet β-cell, suggesting that IGF2AS expression may be correlated with blood glucose concentration (Mutskov and FELSENFELD, 2009). PINK1 can be activated by PTEN, which is an important inhibitor of insulin signaling pathway. In addition, array analysis performed by Scheele et al. (2007a); Scheele et al. (2007b) demonstrated a reduction in muscle PINK1 expression due to reduced activity of participants in the experiment; then their qRT-PCR data confirmed that PINK1 was 40% reduced following 5 weeks of inactivity in healthy volunteers. In contrast, natural antisense PINK1 (naPINK1) tended to be up-regulated (50%). In general, lncRNA-related studies are still in the initial stage, and there are fewer reports on the relationship between lncRNA and diabetes, which requires a lot of research work by various research teams in the later stage.
Substance use disorder
Substance use disorder is an uncontrollable, chronic and recurrent brain disease characterized by compulsive drug seeking and continuous craving, which causes serious physical and psychological harm to users. In addition, drug use disorder will lead to an increase in social crime rate and the spread of HIV, hepatitis and other related infectious diseases, which has become a global public health problem (Merz, 2018; Heikkilä et al., 2021). The formation mechanism of substance use disorder is very complex. In the process of continuous exploration and research, the epigenetic mechanism has attracted more and more attention from experts in different fields. Epigenetics refers to changes in gene expression through DNA methylation, histone modification, chromatin remodeling, and non-coding RNA regulation without changes in genetic information and DNA sequence (Goldman et al., 2005; Godino et al., 2015). Previous studies have shown that lncRNAs can regulate gene expression through epigenetic mechanisms, play an important role in the formation of synaptic plasticity, and then promote the formation of drug use disorder. In addition, researchers believe that addictive drugs can alter gene expression in brain tissues. In the hippocampus of cocaine-induced conditioned place preference (CPP), 214 transcripts were altered, and 151 genes were increased significantly. These genes belong to several functional classes including transcription, translation and protein synthesis, signal transduction, protein kinases/phosphatases, metabolic enzymes and cytoskeleton organization. Subsequently, 39 genes were found to be significantly altered in the prefrontal cortex (PFC), of which 22 genes were transcriptionally increased and 17 genes were transcriptionally decreased. Their data support the possibility that genes changes in the hippocampus and cortex might participate in the formation and of memory patterns induced by cocaine. In addition, CM156, as α -receptor antagonist, can reduce cocaine-induced CPP formation. Meanwhile, CM156 can also reverse the expression trend of some cocaine-induced transcripts in rat brain, including MATAL1, suggesting that MATAL1 may play a certain role in regulating gene expression under cocaine exposure and act through α-receptor (Kalivas and Brien, 2008; Krasnova et al., 2008; Xu et al., 2012).
Nucleus accumbens were extracted from victims of cocaine and methamphetamine use disorders. Transcriptome study found that the two addictive drugs had effects on the transcription of related genes, and the affected genes rarely overlapped. Even about half of the overlapping genes are regulated in opposite trend (Albertson et al., 2006), which suggests the possibility that cocaine and methamphetamine have different mechanisms of action in the brain. In subsequent studies, it was found that this sequence transcribed lncRNA MIAT (myocardial infarction associated transcript) (Ishii et al., 2006). At present, MIAT has been confirmed to be involved in oligodendrocyte formation and nuclear matrix formation (Mercer et al., 2010). Subsequently, Michelhaugh et al. (2011) used affymetrix microarray to study the expression changes of lncRNA in heroin abusers’ brain tissues, and found that the expressions of MIAT, MEG3 and NEAT1/2 were up-regulated in nucleus accumbens. A genome-wide scan study in Caucasians also showed that MEG3 may be associated with heroin addiction (Nielsen et al., 2008). Moreover, MEG3 is expressed in the nucleus as a maternal imprint and exists in different subsets of neuronal cells, which is related to early neurogenesis. Knockout of MEG3 in the mouse brain resulted in altered expression of angiogenic genes and increased microvascular formation. The expression changes and functions of these lncRNAs indicate that relevant lncRNAs may play an important role in post-transcriptional regulation and neural adaptation after drug use disorder.
Recently, the effects of alcohol on lncRNA expression in the nervous system have also attracted attention. MALAT1 transcription level was significantly up-regulated in the cerebellum of patients with chronic alcohol use disorder, as well as in the hippocampus (1.8-fold) and brain stem (1.5-fold), but not in the frontal lobe and motor cortex (Kryger et al., 2012). In later animal experiments, the researchers found that the expression of lncRNAs in the brain did not change significantly during acute exposure to alcohol in rats. However, MALAT1 was significantly up-regulated in rat cortex during alcohol withdrawal. MALAT1 can bind to SR splicing proteins to regulate alternative splicing of precursor mRNA (Tripathi et al., 2010). These results suggest that alcohol-mediated up-regulation of MALAT1 may play an important role in the expression of different isoforms or variants of neurotransmitter receptors and ion channel-related proteins.
SUMMARY AND PROSPECT
LncRNAs are a very important part of eukaryotic transcripts. As the main body of ncRNAs, lncRNAs can regulate more than 70% of gene expression and play a very important role in physiological and pathological processes of the body. At present, the study of lncRNAs has become a new direction in the field of RNA, but it is still in the primary phase. The natures, structures and functions of many lncRNAs have not been clarified. Although existing researches suggest that lncRNAs play an important role in a variety of systemic diseases, there are still many basic and application problems to be solved, and their characteristics and regulation mechanisms need to be further clarified.
Human life activities depend on complex regulatory networks among DNA, RNA and proteins in the body. Therefore, future research will tend to study the human life process from a holistic and systemic perspective. Studying the expression of proteins, DNA and RNA in specific cells in different time and space and their interrelationships is delicate. Accurately studying the regulatory network of proteins, DNA and RNA in specific tissues or even in specific space-time is one of the core issues to clearly reveal human life activities. In current review, we summarize the research progress of lncRNAs in tumors, neurodegenerative and psychiatric diseases, endocrine disease and substance use disorder. Among them, some lncRNAs may well serve as biomarkers for diagnosing disease, but their accuracy and stability need to be carefully evaluated in preclinical research stage. In addition, the potential role of lncRNA in other diseases also needs to be explored and summarized. It is believed that with the in-depth study of lncRNAs by scholars, it will not only deepen human’s further understanding of the regulatory network of disease occurrence and development, but also provide a basis for disease diagnosis and new therapeutic targets and approaches.
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Proximity ligation technologies are extremely powerful tools for unveiling RNA-protein interactions occurring at different stages in living cells. These approaches mainly rely on the inducible activity of enzymes (biotin ligases or peroxidases) that promiscuously biotinylate macromolecules within a 20 nm range. These enzymes can be either fused to an RNA binding protein or tethered to any RNA of interest and expressed in living cells to biotinylate the amino acids and nucleic acids of binding partners in proximity. The biotinylated molecules can then be easily affinity purified under denaturing conditions and analyzed by mass spectrometry or next generation sequencing. These approaches have been widely used in recent years, providing a potent instrument to map the molecular interactions of specific RNA-binding proteins as well as RNA transcripts occurring in mammalian cells. In addition, they permit the identification of transient interactions as well as interactions among low expressed molecules that are often missed by standard affinity purification strategies. This review will provide a brief overview of the currently available proximity ligation methods, highlighting both their strengths and shortcomings. Furthermore, it will bring further insights to the way these technologies could be further used to characterize post-transcriptional modifications that are known to regulate RNA-protein interactions.
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INTRODUCTION
RNA and proteins are constantly interacting in living cells at multiple stages and their interaction is fundamental for their biological functions (Yeo, 2014; Hentze et al., 2018). RNA molecules can transiently interact with RNA binding proteins (RBPs) or lying in complexes with proteins, forming ribonucleoprotein complexes. For RNAs, the interaction with proteins is required for their biogenesis and functions, regulating several aspects of cell biology including transcription, splicing and translation. For proteins, interaction with RNAs is necessary to maintain the folding or the integrity of a multi-subunit complex, to direct the catalytic moiety to specific targets or compartments, and to modulate the protein biological activity. Physical interaction is mediated by RNA-binding domains and intrinsically disordered regions of RBPs, which can recognize specific RNA structures (hairpins, stems, or loops), RNA sequence motifs or simply have a high affinity to bind RNA molecules. Importantly, RNA-protein interactions are not usually stable and are frequently regulated by post-transcriptional and post-translational events that modulate the binding affinity (Lewis et al., 2017; Spadotto et al., 2020). Since RNA-protein interactions play a key role in molecular, cellular and developmental biology it is not surprising that alterations can affect cellular homeostasis and have been linked to many human diseases, including neurodegenerative disorders and cancer (Gebauer et al., 2021; Kelaini et al., 2021).
Several methods have been developed to characterize RNA-protein interactions at global level, distinguished into RNA-centric or protein-centric approaches. Usually, the RNA or protein of interest is isolated by affinity purification from cells and binding partners are identified by high-throughput mass spectrometry and RNA sequencing approaches, respectively (McHugh et al., 2014; Giambruno et al., 2018; Gerber, 2021). Despite being powerful, these methodologies often miss interactions that are transient or involve low abundant molecules. The use of crosslinking agents can sensibly increase the number of detected interactions, although introducing biases towards pyrimidine-reach RNA regions as well as increasing the risk of false positives and non-direct interactions (Ramanathan et al., 2019). An alternative strategy is provided by Proximity Dependent Biotinylation (PDB) approaches, in which bacterial enzymes are used to biotinylate functional groups in proximity of the protein of interest (<20 nm) and used to detect protein-protein and protein-nucleic acid interactions (Ramanathan et al., 2018; Fazal et al., 2019; Padrón et al., 2019). The biotinylated molecules are isolated through biotin-streptavidin interaction, which is efficient and specific even under denaturing conditions, a condition which allows the enrichment of true interactors and removal of non-specific binders. The main advantages are: 1) the biotinylation occurs in living cells, preserving the biological cellular environment and avoiding any artificial interactions that might occur during cell lysis; 2) it tracks stable as well transient interactions, even at picomolar scale, without the need of any crosslinking step; 3) it is compatible with OMICS technologies allowing the global identification of the interactions occurring between the RNA or protein of interest in cells.
The use of PDB approaches to assess protein-protein interactions, protein cellular localization and compartmentalization, including the regulation mediated by post-translational modifications have been recently reviewed (Dionne and Gingras, 2022). The focus of this mini review is exclusively related to the application of these approaches to unveil RNA-protein interactions and their dynamics in living cells, avoiding the use of crosslinking agents to stabilize molecular interactions.
PDB ENZYMES
Biotin ligases are enzymes able to convert, in the presence of ATP, biotin into an active biotin-5-AMP intermediate that is covalently linked to primary amines (epsilon group of lysine residues and protein N-termini) of proximal proteins. The first used biotin ligase is the E. Coli Bifunctional ligase/repressor enzyme carrying the R118G mutation (BirA*) that promiscuously biotinylates any proximal protein (Roux et al., 2012). Several enzymes have been purified from different bacteria and engineered to enhance their catalytic activity towards protein substrates. Among them, the BASU protein derived from Bacillus subtilis that biotinylates protein within 30 min (Ramanathan et al., 2018); and the TurboID protein which is a mutated form of BirA* able to biotinylate proteins in less than 10 min (Branon et al., 2018).
Alternatively, the activity of the mutated form of the heme ascorbate peroxidase enzyme APEX2 (Apurinic/Apyrimidinic Endodeoxyribonuclease 2), has been exploited for PDB approaches. APEX2 is the more active variant of the initial APEX enzyme derived from soybean (Lam et al., 2015). Upon hydrogen peroxide (H2O2) treatment, APEX2 converts phenol substrates into short-lived phenoxyl radicals with a half-life of less than one millisecond that covalently attach electron-rich amino acids and nucleotides with a special preference for tyrosine and guanine, respectively (Qin et al., 2021a).
The biotinylation process mediated by PDB enzymes is strongly dependent on the abundance, length, composition and structure of the targeted molecules. Moreover, substrate regions have to be exposed and freely available to the labeling of the PDB enzyme. Hence, the labeling intensity is not directly correlated with the strength of the interaction (Mair and Bergmann, 2022). A detailed summary of the various PDB enzymes currently used in molecular biology and their mechanism of actions can be found elsewhere (Samavarchi-Tehrani et al., 2020; Qin et al., 2021b).
RNA CENTRIC METHODS
RNA centric PDB methods assess which proteins are interacting with a selected RNA transcript, in living cells. The PDB enzyme is recruited to the RNA of interest and, once activated, it starts biotinylating any protein present in proximity over time. Even proteins that transiently interact with the targeted RNA transcript can be covalently labeled with one or multiple biotin molecules. The resulting biotinylated proteins are then affinity purified under denaturing conditions and identified by MS-based proteomics through either label free quantification or stable isotope labeling methods, as previously summarized (Lindemann et al., 2017; Giambruno et al., 2018). Differently from standard RNA centric methods, RNA centric PDB strategies are highly sensitive especially for the detection of transient interactions and do not require any step to preserve RNA-protein interactions prior cell harvesting. Thus, these methods maximize the sensitivity without increasing false positive interactions (Ramanathan et al., 2019). However, they cannot provide information about: 1) whether the protein is a direct RNA-binder and to which portion of the RNA is bound; 2) if the identified proteins simultaneously bind the RNA or at different stages; 3) whether the identified interactors belong to multiprotein complexes; 4) if the detected RNA-protein interaction is mediated by RNA post-transcriptional modifications.
Currently, the main approaches are based on 1) Aptamer; 2) Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR). They are represented in Figure 1.
[image: Figure 1]FIGURE 1 | Schematic representation of RNA-centric and protein centric PDB created with BioRender.com.
Aptamer-based PDB exploits the tagging of the RNA of interest with the MS2 or BoxB aptamers that are specifically recognized and bound by the MS2 coat protein (MCP) and λN peptide fused in frame with the labeling enzyme, respectively (Weissinger et al., 2021). An example is represented by the RNA-protein interaction detection—mass spectrometry (RaPID-MS) strategy (Ramanathan et al., 2018), where the RNA of interest is expressed in living cells tagged with three BoxB aptamers located both at the 5′ and 3′ ends. The aptamers are bound by the co-expressed enzyme BASU carrying at its N-terminus the λN-peptide that allows the tethering of the PDB enzyme to the BoxB-tagged RNA. BASU activity is then promoted by the administration of exogenous biotin in the cell culture medium. Biotinylated proteins are affinity purified under denaturing conditions and analyzed by liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS). In this approach the RNA transcripts are overexpressed, therefore it is better suitable for the identification of proteins bound to specific RNA motifs or to compare the interactome of a wild-type versus mutated RNA sequences (Ramanathan et al., 2018). It can be also exploited to identify the host-protein interactions of exogenous transcripts, such as viral RNA transcripts, which are usually expressed at high levels in infected cells, as reported for the Zika and SARS-CoV-2 viruses (Ramanathan et al., 2018; Giambruno et al., 2022).
An alternative strategy is RNA-BioID (Mukherjee et al., 2019) that has been used to analyze the protein interactome of the endogenous β-Actin RNA through the insertion of 24 repeats of the MS2 aptamer at the 3′UTR of the gene. The MS2-tagged RNA is bound by a stably expressed MCP-BirA*, which biotinylates proteins associated with the RNA. The labeled proteins are then purified and identified by LC-MS/MS. However, the BirA* proximity labeling time was conducted for 24 h, a relatively long time during which multiple RBPs can enter in proximity with the targeted RNA, therefore being biotinylated. Thus, strongly reducing the signal-to-noise ratio of the true interactors identified by this strategy.
The time for the biotinylation has been sensibly minimized through the development of the MS2-based APEX method (Han et al., 2020). The authors co-expressed in living cells the MCP-APEX2 enzyme and the human telomerase RNA (hTR) carrying a tag of 4x MS2 repeats fused to its 5′ RNA. The main advantage is represented by the fact that APEX2 has an extremely fast kinetic promoting proximal protein biotinylation in less than a minute. Thus, APEX2 allows the detection of transient and dynamic RNA-protein interactions to the same extent of those interactions that are more stable and, hence, can be detected more easily by standard biochemical approaches. In addition, the shorter number of aptamer repeats as compared to the one used in RNA-BioID better preserves the biological properties of the tagged RNA (i.e., MS2-tagged hTR) (Laprade et al., 2020). However, this strategy works well only for overexpressed RNAs (Han et al., 2020).
CRISPR PDB approach exploits the activity of the dCas13 enzyme, which specifically binds RNA sequences under the guidance of single guide RNAs (sgRNAs), without cleaving the RNA or targeting DNA sequences (Abudayyeh et al., 2017). The PDB enzyme is fused in frame to the dCas13 and therefore recruited to the endogenous RNA target.
Four similar CRISPR PDB tools have been developed: 1) CARPID (CRISPR assisted RNA-protein interaction detection method) (Yi et al., 2020), 2) Cas13-based APEX method (Han et al., 2020), 3) CBRPP (CRISPR-based RNA proximity proteomics) (Li et al., 2021), and 4) RPL (RNA proximity labeling) (Lin et al., 2021). They have in common the use of a fusion protein composed of catalytically inactive Cas13 variants (dCas13 or dRfxCas13d) and a PDB enzyme (APEX2, BASU and BioID2) (Han et al., 2020; Yi et al., 2020; Lin et al., 2021). Differently from aptamer-based strategies, CRISPR PDB approaches directly target endogenous RNA transcripts in living cells, without the need of a pre-labelling step. The fusion protein dCas13-PDB enzyme is tethered to the RNA of interest by a single or multiple sgRNAs. The number of sgRNAs is chosen according to the length of the targeted RNA. In the case of lncRNA, such as XIST and MALAT1, a set of different sgRNAs has been used to probe the different regions of the RNA (Yi et al., 2020). As the secondary structures of the targeted RNA can influence sgRNA pairing, multiple sgRNAs should be tested to select those that are effective (Han et al., 2020). The recruitment of the dCas13-APEX2 to the RNA target can be improved by different strategies, such as: 1) the insertion of a double strand RNA binding domain (dsRBD) at the C-terminus of the fusion protein, which stabilize the protein-RNA complex (Han et al., 2020); 2) the adoption of inducible expression systems that regulate the expression of the dCas13-APEX2 in cells and enhance the signal-to-noise labeling ratio (Han et al., 2020; Li et al., 2021); 3) the addition of a nuclear export sequence (NES) or nuclear localization signal (NLS) to concentrate the fusion protein in the same cellular compartment of the targeted RNA (Lin et al., 2021).
RNA centric PDB methods require the use of appropriate experimental controls. It is advisable to include in the analysis an unrelated RNA, with length and GC-content similar to the RNA of interest, whose results can be used to measure the experimental background. Moreover, an RNA with known interacting partners can be used as a positive control, assessing the efficacy of the strategy and the sensitivity of the assay and the related instrumentation (Table 1).
TABLE 1 | Summary of strengths, limitations and available tools of the current PDB strategies.
[image: Table 1]PROTEIN CENTRIC METHODS
Protein centric PDB methods allow the characterization of the RNA transcripts that are bound to or in proximity of a protein of interest through next generation sequencing (NGS) approaches. Differently from standard protein centric methods, this strategy does not require the use of an antibody for the protein target and, hence, can be applied to any protein or protein isoform (Qin et al., 2021b). The protein bait is expressed in living cells as a fusion protein having either at its N- or C-terminus a spacer containing a tag used for detection (i.e. FLAG/HA epitope) and followed by a PDB enzyme. So far, researchers have preferred the use of APEX enzymes, which guarantee a faster labeling time compared to biotin ligase enzymes (Bosch et al., 2021). Once expressed and activated by the administration of phenol-biotin into the cell culture medium followed by H2O2 treatment, the APEX enzyme starts biotinylating any macromolecule present in its proximity. The cells are then harvested and biotinylated proteins, together with their associated RNA transcripts, pulled down through streptavidin beads. The RNA is extracted from the beads, purified and analyzed by standard NGS. This strategy has been extremely helpful for the characterization of the RNA transcripts associated with subcellular compartments, such as stress granules (SGs) and the nuclear lamina, using protein markers such G3BP1 and LAMIN B1, as baits (Somasekharan et al., 2020; Tran et al., 2021).
In the APEX-Seq approach, APEX2 is used to directly biotinylate nucleic acids (Figure 1). Thus, biotinylated RNA transcripts are affinity purified through streptavidin beads and analyzed by NGS (Fazal et al., 2019; Padrón et al., 2019; Zhou et al., 2019). APEX-Seq can be used to efficiently map both the proteins and RNAs interacting with a protein of interest, used as bait. This approach has proven extremely useful for the definition of protein-RNA and protein-protein interactions occurring within cellular structures or membrane-less organelles without the need of isolation approaches (Fazal et al., 2019; Padrón et al., 2019). APEX-Seq was applied for the characterization of the RNA-protein interaction patterns of different subcellular organelles and compartments including the inner (Mito-APEX2) (Fazal et al., 2019; Zhou et al., 2019) and outer mitochondrial membrane (APEX2-OMM) (Fazal et al., 2019), the endoplasmic reticulum membrane [ERM-APEX2 or C1(1-29)-APEX2] (Fazal et al., 2019; Padrón et al., 2019) and the nuclear pore (APEX2-SENP) (Fazal et al., 2019). Furthermore, APEX-Seq was employed to studying RNA-protein interactions in macromolecular complexes, such as SGs (APEX2-eIF4A1) or the translation initiation complex (APEX2-eIF4A1 and APEX2-eIF4E1) (Padrón et al., 2019). This approach has been exploited also to analyze the dynamics of RNA-protein interactions upon perturbations, as shown by the analysis of the pattern of RNAs recruited by eIF4A1 to SGs in response to different types of stress (Padrón et al., 2019) and the analysis of RNA interaction patterns of the outer mitochondrial membrane in response to drug perturbations (Fazal et al., 2019).
Recently, APEX-Seq has been used to investigate even membraneless domains, using as bait their specific markers. Relevant examples are APEX2-FBL for the nucleolus; APEX2-SRSF7, APEX2-SRSF1, and APEX2-RNPS1 for nuclear speckles; APEX2-SMN2 for Cajal bodies; APEX2-SAM68 for the SAM68 bodies; APEX2-PML and APEX2-SP100 for the PML bodies; APEX2-NPAT for the histone locus bodies; and APEX2-LMNA for the nuclear lamina (Barutcu et al., 2022).
The labeling of RNA transcripts can be improved by using biotin-aniline as peroxidase substrate. Conversely to proteins, APEX2 biotinylates RNA transcripts approximately 3-fold times more in the presence of biotin-aniline compared to biotin-phenol (Zhou et al., 2019). Nevertheless, APEX2 can also biotinylate DNA hence, it is necessary to remove any traces of DNA before analyzing biotinylated RNA transcripts (Matěju and Chao, 2022).
To correctly define the RNA interactome of a given bait, it is preferable to conduct the same purification strategy on multiple baits that preferably localize to different cellular compartments. This can help to properly assess the experimental background and identify those frequently recurring RNA-protein interactions.
DISCUSSION
The characterization of RNA-protein interactions in living cells has to take into consideration four aspects: 1) the bait has to be soluble to be affinity purified; 2) the preys must interact with the bait for a sufficient time and amount to be detected; 3) RNA-protein interactions have to be preserved during the whole affinity purification procedure; 4) the signal to noise ratio must be high to permit the correct identification of true interactors and minimize number of false positives. To this extent, PDB approaches have sensibly favored the biochemical workflow applied to assess the interactome of an RNA or a protein of interest. The biotinylation process occurs in living cells where the cellular environment is preserved. This eliminates the formation of false positive RNA-protein interactions that can occur during cell lysis, when the cellular membranes are disrupted. At the same time, any bait can be purified thanks to the possibility of adopting even denaturing cell lysis buffers.
The strong affinity between streptavidin and biotin (Kd 10−14 M) (Michael Green, 1990) allows purification of biotinylated molecules under denaturing conditions, including the presence of high salt and detergents in the purification buffer. Thus, only biotinylated molecules are purified for the subsequent identification. However, PDB methods cannot discriminate between direct and proximally located interactors of a given bait. In addition, many RBPs have a promiscuous association with RNA transcripts, especially when they are abundantly expressed (Nielsen et al., 2016; Protter et al., 2018; Corley et al., 2020). Therefore, if a protein is directly and specifically interacting with an RNA, it should be verified by orthogonal techniques.
PDB technologies rely on the activity of a bacterial enzyme fused or tethered to the molecule of interest and, hence, poses important limitations. The enzyme may alter the biological properties of the targeted molecules. For instance, the paraspeckle proteins NONO, PSPC1, and EWSR1 tagged with APEX2 at their N-terminus showed a non-physiological localization compared to the respective endogenous proteins (Barutcu et al., 2022). Thus, it is necessary to assess that the tagged molecule maintains its proper localization and, if possible, biological function. In addition, the bacterial enzyme can interfere with the binding of protein or cellular RNAs to one or multiple portions of the tagged bait. The dCas13 protein, for instance, is a 130 KDa protein that once tethered to the targeted RNA can sterically outcompete RBPs that transiently bind to the RNA regions where the dCas13 is present (Han et al., 2020). The same issue may occur when fusing a PDB enzyme to a protein of interest, thus impacting its interactions (Qin et al., 2021a).
One of the current limits for the characterization of RNA-protein interactions is the difficulties in performing an unbiased identification and characterization of the post-transcriptional modifications present in the RNA transcripts that are interacting with cellular proteins. RNA post-transcriptional events have been recognized with important regulatory functions and are known to regulate RNA folding into secondary structures and the propensity of the RNA to interact with partners (Li and Mason, 2014). Protein centric PDB technologies may potentially be exploited to detect post-transcriptional modifications that decorate RNA transcripts while interacting with proteins. However, the current NGS protocols require the conversion of RNA into cDNA prior to sequencing. Thus, eliminating any information related to the presence of post-transcriptionally modified nucleotides. Nanopore direct RNA-Sequencing (DRS) has emerged as a new technology that offers for the first time the possibility to sequence full-length native RNA molecules, allowing the study of RNA modifications in an unbiased way and at single nucleotide resolution. In the next future, the coupling of nanopore DRS protocols downstream of protein centric PDB technologies will allow for a protein of interest the identification of the associated RNAs and their post-transcriptional modifications.
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Mediate the regulation of UCAI to HK2, exert promotion effects on
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Enhance the transcription of HK2, facilitate tumorigenesis in breast cancer

induce GLUTI expression, promote hepatocellular carcinoma cell
proliferation

Down-regulate GLUT-1 expression and the EMT process, suppress tumor
progression in osteosarcoma cell

Negatively regulate GLUT1 expression, decrease the proliferation and
metastasis of hepatocellular carcinoma cells

Enhance GLUTI expression and promote oral squamous cell carcinoma
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Inhibit the expression of GLUT, inhibit proliferation, invasion and glycolytic
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complexes
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tagged RNA tagged RNA tagged RNA protein
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direct interactors  direct interactors  direct interactors  interactors cannot be addresstoa  interactors
single RBP but rather
to the whole protein
complex
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profile of the bait  of the bait of the bait alter the interaction profile  the bait bait
of the bait
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Dataset # Of positive # Of negative Description Negative set  References
interactions interactions strategy

RPI2241 2241 2241 Structure-based dataset, containing RNA-protein Random Pairing ~ Muppirala et al.
interactions enriched in ribosomal RPIs (2011)

RPI369 369 369 Structure-based dataset, obtained from RPI2241 after Random Pairing  Muppirala et al.
removal of interactions derived from ribosomal complexes (2011)

RPI488 243 245 Structure-based dataset, comprising interactions between  Least atom Pan et al. (2016)
proteins and different classes of RNAs distance

RPI1807 1807 1436 Structure-based dataset, comprising interactions between  Least atom Suresh et al.
proteins and different classes of RNAs distance (2015)

NPInterl0412 10,412 - Non structure-based dataset, comprising RNA-protein - Yuan etal. (2014);

interactions integrated from literature mining and other
databases

Suresh et al
(2015)
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Strategy

Random pairing

FIRE method

Subcellular
localization method

Least atom distance
criterion

Assumption

The likelihood of interaction occurring between randomly paired RNAs
and proteins is low

Given a known RNA-protein interacting pair (p1, r), and given a second
protein p2, the smaller the sequence similarity between pl and p2, the
lower the likelihood that r interacts with p2

RNAs and proteins that are not in the same subcellular compartment do
not interact with each other

Only applicable to interactions derived from known-structure complexes

Description

By using known interacting pairs as starting point, the same number of
non-interacting pairs are generated by randomly pairing RNASs and
proteins from the positive set, followed by discarding pairs that are
similar to interactions already present in the positive set

For each positive RNA-protein interaction (p, 1) the p2 protein that is
‘most dissimilar to p1 is selected, similarity between each pair of proteins
was computed by taking into account functional annotations and protein
domain information in addition to sequence similarity

tion data

This method requires subcellular locali

Given a multimolecular RNA-protein complex, for each pairwise
combination of its constituent RNA and protein molecules, if there is at
least one atom of the RNA located closer than a threshold to at least one
protein atom, the pair is considered to be interacting otherwise it is
included in the negative dataset
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Interacting
molecules

IncRNA-RBP

IncRNA-RBP

circRNA-RBP

ncRNA-RBP

miRNA-mRNA

RNA-RBP

RNA-RBP

Train/test dataset

Derived from NPInter

Derived from NPInter v2.0

CLIP-seq experiments

RPI1807 NPInter v2.0 RPI488

Plants IncRNA-miRNA
interaction dataset constructed
using RNAHybrid 2.1.2

CLIP-seq experiments

RsiteDB

Feature encoding

Sequence features extracted using Pyfeat
(Muhammod et al., 2019) and BioProt
(Marquez and Castro Amaya, 2019)

Heterogeneous network embedding of
IncRNAs and proteins similarity
networks and of the known IncRNA-
protein interaction network

k-nucleotide frequency (KNE), Doc2vec,
electron-ion interaction pseudopotential
(EIIP), chemical characteristics of
nucleotides (CON) and accumulated
nucleotide frequency (ANF)

kemer frequencies of the sequence and
structure representations

word2vec based sequence embedding

One-hot-encoded sequence vectors and
icSHAPE structure scores

Number of atoms, electrostatic charge,
potential hydrogen bonds,
hydrophobicity and relative accessible
surface area were used as sequence
features. Secondary structure of amino
acid residues, conservation score (PSI-
BLAST), side-chain environment were
used as structure features. A sliding
window was used to encode amino acid
residues and create feature vectors

Machine learning strategy

Gradient boosting decision trees

Support-vector machine

Deep multi-scale residual network
(ResNet) and bidirectional gated
recurrent unit with a self-attention
mechanism (BIGRUS)

Ensemble deep learning framework
including convolutional neural
networks (CNN) and bi-directional
long short-term memory net-work
(BLSTM)

NN and bidirectional gated recurrent
unit (Bi-GRU)

Convolutional layers, squeeze-and-
excitation networks (SE) and residual
blocks

Random Forest
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