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Adult neurogenesis is the process by which new neurons are generated in the brains of adults. Since its discovery 50 years ago, adult neurogenesis has been widely studied in the mammalian brain and has provided a new perspective on the pathophysiology of many psychiatric and neurodegenerative disorders, some of which affect memory. In this regard, adult hippocampal neurogenesis (AHN), which occurs in the subgranular zone (SGZ) of the dentate gyrus (DG), has been suggested to play a role in the formation and consolidation of new memories. This process involves many transcription factors, of which cyclic AMP (cAMP)-responsive element-binding protein (CREB) is a well-documented one. In the developing brain, CREB regulates crucial cell stages (e.g., proliferation, differentiation, and survival), and in the adult brain, it participates in neuronal plasticity, learning, and memory. In addition, new evidence supports the hypothesis that CREB may also participate in learning and memory through its involvement in AHN. This review examines the CREB family of transcription factors, including the different members and known signaling pathways. It highlights the role of CREB as a modulator of AHN, which could underlie its function in memory consolidation mechanisms.

Keywords: adults, mammals, cyclic AMP-responsive element-binding protein, hippocampus, memory, neurogenesis, neuronal plasticity, transcription factors

The CREB Family of Transcription Factors

Cyclic AMP (cAMP)-responsive element-binding protein (CREB) belongs to the family of leucine zipper transcription factors, which are expressed in a variety of tissues (Yamashima, 2012). In 1986, Marc Montminy and R.H. Goodman first defined cAMP response element (CRE) as a conserved DNA sequence in promoter elements that were activated by cAMP. One or several copies of CRE are present within the regulatory regions of genes. Binding of different transcription factors to CRE regulates RNA polymerase activity, thereby controlling gene expression. A year after CREB was defined, Montminy and Bilezikjian (1987) described CREB as a cellular transcription factor that binds CRE and induces transcription of the somatostatin gene.

The CREB family of transcription factors is now known to include CREB, CRE modulator (CREM), and activating transcription factor-1 (ATF-1). This family belongs to the superfamily of basic region/leucine zipper (bZIP) transcriptional regulators, and all its members mediate cAMP-responsive transcription. CREB and ATF-1 are expressed ubiquitously, whereas CREM is mainly expressed in the neuroendocrine system. Each transcription factor is encoded by a single gene and contains the highly conserved leucine zipper sequence with an adjacent basic region that binds to a CRE DNA sequence. Members of the CREB family also have a regulatory central kinase-inducible domain (KID), although the Q1 and Q2 glutamine-rich regions adjacent to KID are less conserved among different family members (see review Barco et al., 2003).

Creb1 is the gene responsible for transcription of all known CREB isoforms; the α isoform is the most common, but the β and Δ isoforms are also transcribed. Several approaches have been used to clarify the roles of different CREB isoforms. One study assessed CRE-DNA binding in nuclear extracts obtained from several brain regions of wild-type and CREBΔ/α mutant mice. The results suggested that CRE-DNA–binding complexes contain both CREB and CREM proteins. However, CRE-DNA binding was abolished in the cortex, hippocampus, cerebellum, and amygdala of CREBΔ/α mutant mice. Because these transgenic animals lack CREBΔ and α isoforms, the expression of other forms of CREB, such as CREB-β and CREM, is upregulated. The findings indicate that CREM binding to CRE sites requires the presence of CREBΔ/α, and that CREB-β may not efficiently bind to CRE sites (Pandey et al., 2000). In addition, mice lacking the α and Δ CREB proteins have abnormal long-term, but not short-term memory (STM), indicating that these isoforms are essential for the role of CREB in long-term memory (LTM; Bourtchuladze et al., 1994). In contrast to previous classical studies in adult mice, some studies have focused on the effect of these isoforms on neocortical plasticity in young mice to highlight the age-dependent role of CREB in neuroplasticity. In one of these studies, the CREBα/Δ mutation did not affect plasticity in cortical layers II/III of the younger adolescent mice (1–2 months) indicating that different plasticity processes occur at this age. In the same model, CREBβ expression was upregulated in the barrel cortex of CREBα/Δ knock-out animals, suggesting that this subunit may partly compensate for the loss of the α/Δ isoforms in the young mice. Overall, the study results suggested that CREB isoforms play a role in experience-dependent plasticity in the adult neocortex (Glazewski et al., 1999).

The Creb1 gene has a complex structure with multiple exons and introns that result in several alternatively spliced mRNAs encoding proteins with distinct transcription-activating or transcription-repressing properties. However, two structural features are present in most members of the CREB family: (a) the well-conserved bZIP domain at the C-terminus, which facilitates dimerization between different family members and participates in the recognition of and binding to CRE sites; and (b) KID (mentioned above), which encloses sites for phosphorylation by protein kinase A (PKA) and other kinases. KID is delineated by two glutamine-rich domains (Q1 and Q2), which are responsible for basal transactivation activity. Q2 connects with TAFII 130 (TBP [TATA-binding protein]-associated factorII 130) and recruits the transcription machinery to the promoter region. Constitutive (Q2) and inducible (KID) domains work together in response to different stimuli that trigger CREB-dependent gene expression (see review Barco et al., 2003). Transcription factors of the CREB family exert their actions as homodimers or heterodimers, but the CREB-CREB homodimer is the most potent transcriptional activator (Dworkin and Mantamadiotis, 2010). CREB isoforms are widely distributed in the adult mouse brain under homeostatic conditions and remain inactive when bound to CRE elements within target gene promoters (Nichols et al., 1992).

The transcriptional activity of CREB depends on its phosphorylation status, which is determined by the opposing actions of protein kinases and phosphatases. Phosphorylation is a key mechanism in signaling and has been described to regulate several processes such as the cell cycle (Liu et al., 2014), cell death (Martin, 2010), DNA damage (Abreu et al., 2013) and neurogenesis (Faigle and Song, 2013). For example, increase in intracellular calcium (Ca2+) levels through voltage- and ligand-dependent channels results in increased cAMP levels via activation of G-protein-coupled receptors. Growth factors can also activate receptor tyrosine kinases to augment cAMP levels. All these pathways affect CREB phosphorylation levels. Downstream of neuronal activity, the PKA, mitogen-activated protein kinase (RSK [p90 ribosomal protein S6 kinase]/MAPK), and CaMKIV (Ca2+/calmodulin-dependent protein kinase IV) kinase pathways result in CREB phosphorylation at Ser133. PP-1 (protein phosphatase-1) and PP2-A are the major CREB phosphatases, and Ca2+-dependent signals can induce intracellular events that lead to phosphorylation or dephosphorylation. The effect of stimulation depends on the nature of the stimulus and its cellular context. For example, activation of N-methyl-D-aspartate (NMDA) receptors leads to CREB dephosphorylation in extrasynaptic neurons, while in synaptic sites, it leads to CREB phosphorylation and CREB-dependent gene expression (Ghiani et al., 2007).

The phosphorylation of a serine residue (S133) in KID regulates CREB activity. This phosphorylation establishes an effector role for CREB, initiating the translation of extracellular stimuli into gene expression (Yamashima, 2012). Indeed, CREB phosphorylation facilitates signal transduction, and molecules responsible for its phosphorylation/dephosphorylation are, therefore, highly relevant as modulators of the target gene status. There are a number of signaling cascades upstream of CREB phosphorylation, such as the cAMP pathway (Montminy and Bilezikjian, 1987), and protein kinase pathways (e.g., PKA and CaMKII and IV; Yamashima, 2012). These cascades are activated by stress, inflammatory cytokine activity (MAPK or phosphoinositide 3-kinase (PI3)/Akt pathways; Yamashima, 2012), growth factor/receptor tyrosine kinase activity (Ras/Erk/RSK2 pathway; Ghosh et al., 1994), and phospholipase C (PLC)-PKC signaling (see Figure 1). All these cascades have been shown to induce CREB phosphorylation (Du and Montminy, 1998; Lonze and Ginty, 2002). For example, CREB phosphorylation is facilitated by membrane-bound NMDA receptors (Ghiani et al., 2007), the non-receptor tyrosine protein kinase c-Src (Zhao et al., 2003a), fibroblast growth factor receptor 1 (FGFR1; Hu et al., 2004), and estrogen receptors (Sharma et al., 2007), all of which are part of distinct intracellular cascades. The molecules involved in the modulation of CREB phosphorylation include several neurotransmitters [e.g., dopamine, glutamate, serotonin, gamma-aminobutyric acid (GABA)], growth factors (e.g., insulin-like growth factor 1 IGF-1; vascular endothelial growth factor, VEGF), and neurotrophins (brain-derived neurotrophic factor, BDNF; Yamashima, 2012). A summary of CREB pathways is depicted in Figure 1.
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FIGURE 1. Summary of the CREB pathway highlighting some of the involved receptors, kinases, and other molecules. After activation via phosphorylation, CREB induces transcription of different factors such as c-fos and BDNF, some of which are involved in memory and cognition.



CREB-mediated transcription requires CREB phosphorylation, but the latter is not a reliable predictor of target gene activation; additional regulatory processes are required for the engagement of transcriptional promoter elements. For example, clustering of CBP (CREB-binding protein) has recently been described as crucial, and the CBP paralog p300 enhances CREB functionality. CBP and p300 are both chromatin remodelers (histone acetyltransferases) involved in unwinding promoter chromatin and providing the RNA polymerase II (Pol II) transcription machinery access to promoter DNA (Chan and La Thangue, 2001). If CBP/p300 does not cluster at a gene promoter after CREB phosphorylation, the gene remains transcriptionally silent (Merz et al., 2011). Thus, many co-factors, including some that are directly affected by neuronal activity and growth factors, influence CREB-mediated regulation at the final stage (Merz et al., 2011). This allows CREB signaling to control expression of a variety of target genes.

CREB was first isolated from undifferentiated neuron-like PC12 cells (Montminy and Bilezikjian, 1987) and from the mouse brain (Yamamoto et al., 1988). Interest in CREB’s role in the nervous system has increased in the last few decades, and it has been proposed to be a key regulator of several complex processes ranging from development to plasticity (Yamashima, 2012). For example, CREB has been postulated as a regulator of cell survival, proliferation, and differentiation in the developing brain, whereas its roles in the adult brain include learning, memory, and neuronal plasticity (Yamashima, 2012). It is a key molecule involved in LTM in the majority of species (Bourtchuladze et al., 1994; Yin et al., 1994).

CREB participation in memory processes has been widely analyzed using animal models ranging from nematodes to higher mammals. The use of different CREB-mutant mice has been one of the most important approaches in elucidating CREB’s role in these memory processes (see review Kida, 2012). CREB has been implicated in the regulation of embryonic and adult neurogenesis (Dworkin et al., 2009). Both neurogenesis and memory, which have been shown to be highly related, constitute an important field of research (see Figure 2). It is widely accepted that adult neurogenesis is involved in memory consolidation and pattern separation, and impairment of these processes has been described in various diseases associated with memory loss, including Alzheimer’s disease (AD; Taupin, 2009; Braun and Jessberger, 2014; Fitzsimons et al., 2014; Cameron and Glover, 2015).
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FIGURE 2. Article publication trend in the last 34 years (1980–2014). In over three decades, there has been an exponential increase in the number of publications addressing all topics of interest here (i.e., CREB, learning-memory and neurogenesis), as well as publications addressing the confluence of these interrelated topics (i.e., neurogenesis-learning, CREB-learning, and CREB-neurogenesis), pointing to the scientific recognition of these topic’s mutual relevance.



Current Understanding of CREB, Neurogenesis, and Memory

There were fewer scientific publications on CREB until the 1990s after which the number of publications on this topic have increased. This rise has been accompanied by an exponential increase in publications on learning and memory. Although memory and learning have been studied for a long time, only recent advances in molecular and cellular techniques have enabled researchers to investigate the mechanisms underlying these processes. These advances have permitted the study of complex events such as gene expression in greater detail. Considering that the DNA helix was discovered in 1953, transcription factors (e.g., CREB) are relatively new concepts. Moreover, ideas about neurogenesis have evolved since its discovery 50 years ago (Figure 2).

This review focuses on the most relevant and recent studies on CREB’s role in memory regulation and its participation in neurogenic processes. CREB influences cognitive processes directly by affecting memory and indirectly by affecting adult hippocampal neurogenic capacity. CREB’s affects memory consolidation through its regulation of adult hippocampal neurogenesis (AHN), which mainly occurs in the hippocampal subgranular zone (SGZ) of the dentate gyrus (DG). This mechanism provides a novel perspective on memory consolidation within the adult hippocampus.

Adult Neurogenesis

The existence of “adult neurogenesis” in mammals was first confirmed 50 years ago (Altman and Das, 1965). Adult neurogenesis refers to the generation of new neurons in the adult brain. Despite its importance, this emergent concept remained obscure until neurogenesis was found to occur in the brain of adult humans (Eriksson et al., 1998). Neurogenesis was traditionally understood to be mainly an embryogenetic phenomenon, but new research has shown the generation of new nerve cells in several areas of the adult brain, including the DG, subventricular zone (SVZ), olfactory bulb (OB), and other areas where it was recently observed (e.g., the cortex and hypothalamus (Gould, 2007). Adult neurogenesis involves cell proliferation, survival, and cell differentiation. AHN, which occurs for specific brain functions, involves not only new neuron formation but also integration of these new-born neurons into functional networks. From this perspective, AHN facilitates memory consolidation via formation of networks (Deng et al., 2010; Weisz and Argibay, 2012). Furthermore, AHN provides plasticity required in memory processes and allows for “pattern separation mechanisms, ” which is crucial for memory consolidation (Bruel-Jungerman et al., 2007; Sahay et al., 2011a; Bekinschtein et al., 2013; Yassa and Reagh, 2013). It is critical to understand this phenomenon because neurogenesis also occurs after brain injury or during brain alteration (e.g., epilepsy); however, in these cases, it is a non-functional process as it is not related with their normal brain function and does not involve wiring of new neurons into networks (Zhang et al., 2014).

AHN and Memory

In the adult brain, neural stem cells (NSCs) are found in the SGZ, a specific DG subregion (Fanselow and Dong, 2010). These NSCs give rise to new neurons, which are incorporated as new granule cells into hippocampal networks. These networks contribute to learning (Zhao et al., 2003b; Joiner, 2009; Zhang et al., 2009) and memory (van Praag et al., 1999, 2002). In contrast, the ventral DG hippocampus (ventral SGZ) has been implicated in emotion-related disorders (Fanselow and Dong, 2010), including stress, depression, and anxiety. Studies on the types of memories related to AHN have highlighted its role in trace fear conditioning, recognition, spatial memory, pattern separation, and non-mnemonic tasks (reviewed in Cameron and Glover, 2015).

Numerous studies have focused on the relationship between AHN and BDNF. It is widely accepted that BDNF stimulates neurogenesis (Zhang et al., 2011) and is expressed solely in the hippocampus with no additional sources from the peripheral blood. Increased BDNF levels have been shown to enhance hippocampal neurogenic capacity, resulting in improvements in hippocampus-dependent memory (Hsiao et al., 2014). The effects of voluntary exercise and enriched environments on BDNF levels and adult neurogenesis have also been widely studied (Bekinschtein et al., 2011; Yu et al., 2014). IGF-1, another growth factor involved in the BDNF pathway, was also found to affect AHN. Exercise increases IGF-1 levels, which leads to increments in AHN with subsequent improvements in memory and learning. Serotonin and noradrenaline release also upregulate BDNF, explaining the high BDNF levels and neurogenesis following antidepressant treatment (Albert and Benkelfat, 2013).

In summary, adult neurogenesis is considered essential for memory consolidation. Recently, neurogenesis has been discovered to occur in more brain areas; however, memory-related neurogenesis primarily occurs in the DG of the hippocampus and OB. The adult hippocampus has been widely studied for its role in the development of numerous neurodegenerative and neuropsychiatric disorders characterized by decreased AHN. Because hippocampus-dependent memory processes are altered in such diseases, understanding the underlying molecular mechanisms is important for restoring normal brain function. Indeed, some recent drug discovery efforts have focused on increasing AHN.

AHN and Olfaction

Neurogenesis attributed to the SVZ, the largest neurogenic niche, is also responsible for generating astrocytes, oligodendrocytes, and OB interneurons (Lois and Alvarez-Buylla, 1994); which are involved in “olfactory memory” (enhanced odor differentiation; Sahay et al., 2011b). In fact, a reduction in the generation of olfactory interneurons during adulthood is associated with a decreased ability to discriminate odors (Gheusi et al., 2000). Considering that humans have poor olfactory memory, the role of AHN in olfaction in humans needs to further explored.

CREB and Adult Hippocampal Neurogenesis

AHN is a highly regulated process, and several transcription factors have been reported to be involved in this regulation (Hodge and Hevner, 2011). In this regard, the role of CREB in AHN process has been widely investigated. The presence of phosphorylated CREB (pCREB) has been found in many new-born immature neurons in the most important neurogenic niches, including the DG in the SGZ (Nakagawa et al., 2002a,b; Jagasia et al., 2009), SVZ, and OB system (Giachino et al., 2005; Herold et al., 2011). CREB activation in the DG resulting in postnatal hippocampal neurogenesis was first reported in Young et al. (1999). Jagasia et al. (2009) found that CREB expression in the DG persists for 3–21 days after cell generation and overlaps with doublecortin (DCX) expression. DCX is a microtubule-associated protein characteristic of immature neurons and precursor cells. The expression of pCREB subsided with the emergence of mature neuronal markers such as calbindin in mature granule cells (Jagasia et al., 2009) or NeuN in the SVZ/OB neurogenic system, where pCREB presence declines along a rostral-to-caudal gradient (Giachino et al., 2005; Herold et al., 2011).

CREB signaling in adult neurogenesis has been widely studied using in vivo and in vitro approaches. Two groups used rolipram, an inhibitor of phosphodiesterase-4-enhancing CREB signaling, (Nakagawa et al., 2002b; Fujioka et al., 2004) to examine CREB function in vivo; they reported an increase in different parameters of adult neurogenesis in the SGZ, including a higher survival rate of new neurons, more precursor cell proliferation, and enhanced neurite outgrowth and dendritic branching (Merz et al., 2011). CREB/CREM signaling has been described as crucial for survival of adult-born neurons. The positive effects of CREB in AHN were inhibited when CREB expression was repressed. In addition, Giachino et al. (2005) reported a significant decrease in number of newborn cells in the OB of transgenic CREM-null knockout mice. Other studies have shown that rolipram’s effects on the morphology of immature and mature neurons in the adult hippocampal DG were eradicated when CREB signaling was repressed by expressing a dominant-negative CREB inhibitor (Fujioka et al., 2004).

The role of CREB signaling in neuronal activation and during survival stages of neurogenesis is better understood than its effects on cell migration and proliferation (Dworkin and Mantamadiotis, 2010). In addition, the pharmacological and genetic approaches used to study the relationship between CREB and AHN do not only affect newborn neurons. Therefore, whether CREB signaling exerts its action by controlling NSCs/new neurons or altering the neurogenic context is an open question warranting further research.

Glucocorticoids are widely considered to negatively influence adult neurogenesis. For example, dexamethasone given at postnatal day 6, a crucial point in the generation of hippocampal neural precursors that survive in the adult brain (Ortega-Martinez, 2015; Ortega-Martínez and Trejo, 2015), suppresses AHN, decreases cell proliferation, and induces behavioral impairments (e.g., learning deficits and increased anxiety; Ortega-Martinez, 2015; Ortega-Martínez and Trejo, 2015). Notably, increased levels of corticosterone, which is known to decrease neural precursor cell proliferation and contribute to neuronal atrophy, were also correlated with lower pCREB levels (Yu et al., 2004).

Various studies have demonstrated that inhibition of CREB signaling with the dominant-negative CREB inhibitor A-CREB (Ahn et al., 1998; Herold et al., 2011) significantly decreases newborn cell survival (Jagasia et al., 2009). New cells showed loss of expression of DCX and Pax6 transcription factor (both of which are related to cell maturity), impairments in rostral migratory stream (RMS) migration, decreased cell proliferation and survival, and increased morphological defects in newborn OB cells (Herold et al., 2011; Merz et al., 2011). The effects of CREB-signaling suppression show that this pathway is crucial for proliferation, differentiation, survival, maturation, and functionality in adult neurogenesis sites (mainly the OB, SVZ, and DG; Merz et al., 2011).

These assumptions are also pertinent to in vivo experiments that have described how CREB signaling affects proliferation of NSC precursors enhancing this cellular mechanism (Kim et al., 2002; Dworkin et al., 2009; Grimm et al., 2009; Merz et al., 2011).

The epigenetic mechanisms of DNA methylation has also been shown to regulate CREB signaling. The CRE sequence contains a CpG island that can be methylated; methylation inhibits binding and restricts CREB localization to functional sites (Zhang et al., 2005). Furthermore, neuronal activity regulates DNA methylation via different enzymes such as DNA-demethylase Gadd5b, suggesting a new link between CREB signaling and neuronal activity, which may be important in adult neurogenesis (Ma et al., 2009).

Another mechanism by which CREB can regulate neurogenesis is by affecting crucial microRNAs (s). miRNAs are ncRNAs (non-coding RNAs) that generally contain 19–23 nucleotides and regulate translation through one of two mechanisms: degradation of target mRNAs or inhibition of the translation machinery (Merz et al., 2011). miRNAs are known to control both precursor cell survival and differentiation in adult neurogenesis. Notably, CREB controls the expression of both MeCP2 (Klein et al., 2007; Chahrour et al., 2008). miRNA-132, which is a member of a cluster of miRNAs enhanced by neuronal activity (Fiore et al., 2009), participates in neuronal morphogenesis, and regulates cognitive capacity (Vo et al., 2005; Hansen et al., 2013). miRNA-134 regulates CREB post-transcriptionally (Gao et al., 2010). In addition, factors known to regulate the proliferation of neural precursor cells (e.g., Wnt; Hirsch et al., 2007; Dworkin and Mantamadiotis, 2010) have been shown to enhance CREB signaling (Chen et al., 2005) in cultured cortical neurons (Vo et al., 2005).

All of the factors described above activate or inhibit CREB signaling, with or without affecting gene expression. Among the molecules related to adult neurogenesis that are also affected by CREB signaling, it is important to highlight the following: BDNF (Kida, 2012; Sable et al., 2014), prolactin (Wang et al., 2013), bcl-2 (Fujii et al., 2014), polysialylated neuronal cell adhesion molecule (PSA-NCAM; Park et al., 2004; NGF; Lim et al., 2014), and cyclin D2 (Kowalczyk et al., 2004; White et al., 2006).

One hypothesis regarding the influence of CREB on adult neurogenesis comes from a recent study that focused on polyunsaturated fatty acid (PUFA)-GPR40-CREB signaling (Yamashima, 2012). The authors showed that primate neurons possess a PUFA-GPR40-CREB-signaling pathway that exerts its action in adult newborn neurons by enhancing the synthesis of BDNF and PSA-NCAM, both of which are implicated in adult neurogenesis (Yamashima, 2012).

A recent review discussed the functional roles of CREB as a positive regulator in the formation and enhancement of memory (Kida and Serita, 2014). Different genetic models used for the study of CREB function were analyzed. Interestingly, some of the findings are in accordance with the new perspective of CREB modulation of memory via its role in adult neurogenesis. In this regard, several transgenic lines of CREB mice such as CREB-VP16, Y134F and DIEDML, which show enhanced STM, also exhibit upregulation of hippocampal BDNF expression, which is related to higher AHN. In addition, microinfusions of BDNF or a BDNF inhibitor into the dorsal hippocampus were associated with improved or impaired STM, respectively. These findings indicate new roles for CREB in learning and memory; CREB plays a regulatory role in STM via the regulation of BDNF expression (Suzuki et al., 2011; Kida and Serita, 2014). Another similar study, Lee et al. (2013) showed that phytoceramide administration enhanced memory via the upregulation of hippocampal pCREB and BDNF expression, which resulted in increased AHN. These results suggest that phytoceramide contributes to memory enhancement and increased BDNF expression, which could lead to increased neurogenesis (Lee et al., 2013).

Finally, links between CREB signaling and neuropsychiatric diseases (e.g., depression) have been reported, and there is evidence that subjects with these diseases also have impairments in AHN (Gass and Riva, 2007). Chronic antidepressant treatment can upregulate hippocampal CREB activity, similar to CREB pathway upregulation in AHN. One study reported that CREB-deficient mice with an antidepressive phenotype also showed neurogenesis enhancement. Compared to wild-type mice, these mice responded more quickly to depression treatment.

CREB and Memory

One emergent hypothesis regarding the prevention of consolidation of STM into LTM involves the inhibition of proteins or transcription factors. This hypothesis also draws on the relationship between memory consolidation and affective and emotional depression-related circuits (Vogt et al., 2014). The translation of proteins from genes is crucial for memory consolidation (Flexner et al., 1965; Alberini and Kandel, 2015). Different pharmacological approaches have been used to block mRNA and protein synthesis, but this results in an impairment in LTM consolidation without affecting STM (Suzuki et al., 2004; Duvarci et al., 2008; Alberini and Kandel, 2015).

Brunelli et al. (1976) found that serotonin increases the level of cAMP in sensory neurons. It was one of the first reports of an association between cAMP and learning and memory (Brunelli et al., 1976). A decade later, Marc Montminy and L.M. Bilezikjian described, for first time, CREB as a cellular transcription factor that binds the CRE– thereby increasing the transcription of the somatostatin gene (Montminy and Bilezikjian, 1987). The first report of a direct role of CREB transcription factors, downstream of the cAMP pathway, in memory-related synaptic plasticity was in Dash et al. (1990). Dash et al. (1990) demonstrated that, during LTM in Aplysia neurons, PKA activates gene expression via CREB. They could selectively eliminate the long-term process by blocking the binding of CREB1 to its DNA response element. The approach used by Dash et al. (1990) was the microinjection of CRE oligonucleotides into sensory neurons co-cultured with motor neurons. These oligonucleotide bound to the CREB1 protein within the cell and inhibited CREB1. In addition, these oligonucleotide prevented CREB1 from binding to CRE sites in the regulatory regions of cAMP-responsive genes, thus blocking subsequent gene expression. The injection of this oligonucleotide selectively blocked LTM, but did not have an effect on the STM.

A number of more recent studies have demonstrated that CREB is the main element underlying the conversion of STM to LTM (Barco et al., 2003; Kim et al., 2013; Vogt et al., 2014). Several mutant mice phenotypes have been developed to investigate the roles of CREB in learning and memory formation. Walton et al. (1992) study employed a learning and memory task in which mice with a tetracycline-controlled transactivator/operator system specifically expressed a dominant-negative inhibitor of CREB activation in CaMKIIα-positive forebrain cells. It was shown that LTM but not STM was impaired. However, these mutant mice did not exhibit a contextual fear-conditioning deficit (Pittenger et al., 2002). In addition, similar results showing that the genetic loss of CREB function impaired LTM but not STM formation has been obtained by other researchers (Bourtchuladze et al., 1994; Kida et al., 2002; Kida and Serita, 2014). Kida (2012) revealed the crucial role of CREB in the consolidation of contextual fear conditioning using tamoxifen-inducible expression of a dominant-negative CREB repressor (Vogt et al., 2014). Furthermore, mutant mice with inhibited CREB activity exhibited deficits in hippocampal late long-term potentiation (L-LTP). Collectively, this evidence indicates that CREB has a central role in these processes and is necessary for both memory consolidation and LTP.

CREB exerts its action as a molecular switch for memory formation (Suzuki et al., 2011). Viral vectors-mediated gene transfer have been widely used to overexpress CREB. Research has shown that the upregulation of CREB activity promotes memory consolidation (Josselyn et al., 2001; Zhou et al., 2009; Alberini and Kandel, 2015). Even from the traditional point of view that CREB enhances LTM, it is thought that the upregulation of CREB-mediated transcription improves STM (Suzuki et al., 2011). It is established that LTM promotion occurs due to enhanced memory consolidation via upregulation of CREB transcriptional activity (Suzuki et al., 2011). In contrast, an increase in basal levels of BDNF, a CREB target gene, is related to improvements in STM. The upregulation of BDNF and CREB activity synergistically improves LTM formation (Suzuki et al., 2011). Therefore, CREB positively controls memory consolidation and is involved in controlling BDNF expression, which also affects memory processes (Suzuki et al., 2011) and is necessary for AHN.

The main CREB target-gene expression related to memory consolidation and LTP are c-fos, activity-regulated cytoskeleton-associated protein (Arc), and BDNF (Miyamoto, 2006; Alberini and Kandel, 2015). Improvements in memory consolidation have also been attributed to overexpression of CREB or Y134F in the amygdala and hippocampus (Josselyn et al., 2001; Restivo et al., 2009; Sekeres et al., 2010). Studies that used viruses to overexpress CREB in the lateral amygdala, which is involved in the fear memory network (Han et al., 2007; Giachero et al., 2015), demonstrated that neurons in this brain area are functionally interrelated (Han et al., 2007). These neurons (i.e., those overexpressing CREB in the lateral amygdala) exhibit greater neuronal excitability (Zhou et al., 2009). These findings indicate that neurons with high levels of CREB activation may contribute to improved memory via involvement in the memory network (Kida and Serita, 2014).

In addition, some neuropsychiatric or neurodegenerative diseases such as depression (Zaninotto et al., 2015), schizophrenia (Burton and Twamley, 2015), and AD (Takeda et al., 2014) are associated with memory loss. In this regard, CREB has been postulated to change the sensitivity of the nucleus accumbens to rewarding and aversive drugs (Bilbao et al., 2014a,b). Because hippocampal CREB expression is upregulated by chronic antidepressant treatment, CREB activity appears to be involved in the pathogenesis and treatment of depression (Gass and Riva, 2007).

Taken together, these studies demonstrate that CREB plays a key role in the formation, consolidation, and enhancement of both STM and LTM. Importantly, in addition to its direct effect in memory processes, CREB may influence AHN directly or through its ability to modulate gene expression. That is, CREB modulates AHN, which affects memory consolidation. CREB mainly contributes to AHN by affecting the expression of genes such as BDNF or PSA-NCAM, and also directly participates in neurogenesis via its signaling in newborn neurons. Moreover, CREB signaling pathways are a target of drug therapies to ameliorate brain disorders associated with cognitive dysfunction (e.g., learning and memory impairments; Kida and Serita, 2014), and some of these drugs are designed to improve memory by stimulating AHN.

Concluding Remarks Regarding the Implications for CREB’s Role in Memory via AHN Regulation

This review has examined how CREB regulates both adult neurogenesis and memory. With regard to the former, enhanced CREB signaling has been widely described to promote newborn neuron survival, precursor cell proliferation, and neurite outgrowth, and dendritic branching (Giachino et al., 2005; Merz et al., 2011). CREB regulation has multiple aspects, including its phosphorylation and recruitment of chromatin remodelers such as CBP and p300, which are essential for CREB gene transcription (Merz et al., 2011) This process is also regulated by multiple cofactors (Merz et al., 2011) facilitating the transcription of different genes involved in AHN mechanisms, such as the expression of BDNF, PSA-NCAM, and NGF2 (Figure 3). Furthermore, CREB regulates AHN directly by affecting gene expression and indirectly by influencing epigenetic mechanisms such as inhibitory DNA methylation in its CpG island (Zhang et al., 2005). Neuronal activity controlling DNA methylation patterns (Ma et al., 2009) establish interdependence between these two integrated processes (i.e., neuronal activity and CREB activation). Another mechanism by which CREB can control AHN is by mediating miRNA expression (Vo et al., 2005; Klein et al., 2007; Chahrour et al., 2008; Figure 3).


[image: image]

FIGURE 3. Neurogenic hypothesis for CREB’s role in the regulation of memory. A summary of how CREB can influence this cognitive process of memory formation through its direct participation in, or through its modulation of, adult hippocampal neurogenesis (AHN), constituting a new theory for CREB regulation of memory.



The relationship between CREB and memory consolidation has been widely studied since Brunelli et al. (1976). It is now accepted that CREB is the key molecule responsible for converting STM to LTM and that it plays a central role in memory consolidation (Barco et al., 2003; Kim et al., 2013; Vogt et al., 2014). It has also been established that CREB mainly affects STM by enhancing BDNF gene expression (Suzuki et al., 2011). Finally, hippocampal CREB overexpression improves memory formation (Restivo et al., 2009; Sekeres et al., 2010).

Taken together, the existing literature suggests that CREB enhances memory through several different mechanisms. Directly, it can increase expression of genes that modulate memory. The new perspective discussed here is that CREB modulates AHN, which also affect memory processes. In this regard, CREB enhances the expression of target genes such as BDNF and PSA-NCAM, which augment AHN. In addition, CREB upregulation itself promotes AHN, leading to greater neuronal survival and postnatal hippocampal neurogenesis (Cameron and Glover, 2015). CREB was also recently shown to be crucial for AHN. AHN has a central role in several cognitive processes including spatial, recognition, and fear conditioning memory (Cameron and Glover, 2015; Figure 3). Based on the evidence, it is reasonable to formulate the novel hypothesis referred to here as “A new perspective of memory regulation based on CREB-mediated hippocampal neurogenesis” in which CREB controls memory processes by direct regulation and effects on adult neurogenesis, which affects cognitive and memory processes.

In addition, it is important to not underscore that cognitive process attributable to CREB transcription factors are complex and difficult to study. In this regard, evidence for this hypothesis is crucial to design follow-up studies. Even though there is considerable accumulated knowledge in this domain, it is necessary to better understand how CREB works in adult neurogenesis. Many questions remain unanswered. For example, can CREB also modulate the neurogenic niche or directly affect new neurons? It would be interesting to clarify whether CREB can modify the SGZ microenvironment to facilitate AHN. Another important question is whether CREB can modulate or change the phenotype of a specific neural lineage (e.g., stem or progenitor cells instead of mature neurons). Appropriate gene expression is crucial in determining phenotype, and the transcription of different genes affects diverse mechanisms including cell quiescence, proliferation, and death. Finally, can CREB modulate adult neurogenesis through the control of other adult neurogenesis regulators such as neurotransmitters, steroid hormones, or cytokines (Ortega-Martinez, 2015)? Importantly, due to its effect on AHN, CREB may be a strategic target in the development of therapeutic drugs for neurodegenerative and psychiatric diseases associated with cognitive impairment.
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The long-lasting enhancement of synaptic effectiveness known as long-term potentiation (LTP) is considered to be the cellular basis of long-term memory. LTP elicits changes at the cellular and molecular level, including temporally specific alterations in gene networks. LTP can be seen as a biological process in which a transient signal sets a new homeostatic state that is “remembered” by cellular regulatory systems. Previously, we have shown that early growth response (Egr) transcription factors are of fundamental importance to gene networks recruited early after LTP induction. From a systems perspective, we hypothesized that these networks will show less stable architecture, while networks recruited later will exhibit increased stability, being more directly related to LTP consolidation. Using random Boolean network (RBN) simulations we found that the network derived at 24 h was markedly more stable than those derived at 20 min or 5 h post-LTP. This temporal effect on the vulnerability of the networks is mirrored by what is known about the vulnerability of LTP and memory itself. Differential gene co-expression analysis further highlighted the importance of the Egr family and found a rapid enrichment in connectivity at 20 min, followed by a systematic decrease, providing a potential explanation for the down-regulation of gene expression at 24 h documented in our preceding studies. We also found that the architecture exhibited by a control and the 24 h LTP co-expression networks fit well to a scale-free distribution, known to be robust against perturbations. By contrast the 20 min and 5 h networks showed more truncated distributions. These results suggest that a new homeostatic state is achieved 24 h post-LTP. Together, these data present an integrated view of the genomic response following LTP induction by which the stability of the networks regulated at different times parallel the properties observed at the synapse.
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1. Introduction

Living cells are equipped with a robust and yet plastic analog system, which allows them to respond to environmental inputs. Information sensed from the changing environment is integrated and processed by networks of interacting elements to generate an adequate response. Despite the complexity of the underlying mechanisms, some aspects of cellular behavior are of apparent multistable nature, leading to discrete changes that can last for long periods of time. Cell cycle checkpoints, cell differentiation, and apoptosis represent phase transition of multi-component switches that generate robust (and potentially irreversible) transitions (Siegal-Gaskins et al., 2011). From a genetic control perspective, it has been postulated that attractors in the gene and protein expression dynamics, which are the more stable position to which systems tends to evolve, define the cell's character (Kauffman, 1969). Namely, if individual expression values get close enough to the attractor values, these will remain constant even if disturbed. The characterization of the structure of genetic networks from a dynamical perspective using different theoretical methods (Mestl et al., 1997) predicts two broad regimes. The ordered regime, robust against perturbations, and a chaotic regime, sensitive to perturbations. While robustness is a hallmark of homeostasis, it is reasonable to expect that transitions between cellular states require an enhanced sensitivity. In such scenario, a compromise between robustness and sensitivity could potentially be attained by a rewiring of the network or by the recruitment of different networks.

The change in synaptic efficiency known as long-term potentiation (LTP) represents the cellular correlate for long-term memory in the mammalian brain. From a systems perspective, LTP offers an attractive model of a cellular switch, whereby activation promotes movement to a new cellular state. Just as any other biological switch, LTP accommodates a compromise between robustness to genetic and environmental noise and sensitivity to discriminate meaningful signals. This characteristic is likely to be distributed at different levels of biological organization. For example, LTP requires activation and trafficking of glutamate receptors to the postsynaptic membrane, in addition to protein synthesis and de novo gene expression (Abraham and Williams, 2003). Indeed, specific patterns of gene expression have indeed shown to be regulated at different times following LTP induction, and are crucially involved in the maintenance of LTP (Park et al., 2006; Håvik et al., 2007; Ryan et al., 2011, 2012). Specifically, we reported that the networks derived 20 min post-LTP induction, comprised many transcription factors (TFs), including all members of the early growth response (Egr) family, and were associated with functions such as development, proliferation, and neurogenesis. By contrast the networks derived at 5 h contained molecules associated with calcium dynamics, dendritogenesis and neurogenesis and in the networks derived at 24 h neurotrophin-NFKB driven pathways of neuronal growth were identified. Our analysis also revealed several mechanisms controlling the temporal shifts in gene expression such as regulation of specific microRNA and histone deacetylases. Thus, the variety of functions held by the genes offers a glimpse of the potential complexity underlying the genomic response to LTP.

The involvement of complex gene networks in the maintenance of LTP suggests that a multistable switch is also present in the structure of the gene regulatory networks recruited at different times following LTP induction. From a systems perspective, we expect that the transition between the pre- and post-LTP homeostatic state is paralleled by the genomic response. We propose that while gene networks rapidly and transiently activated following LTP-inducing stimulation will show a less stable architecture, networks recruited later will exhibit an increased stability, being more directly related to LTP consolidation and post-LTP homeostatic state. Using random Boolean networks (RBN) simulations, we addressed this hypothesis by studying the dynamical stability of networks previously identified (Ryan et al., 2011, 2012). We also use the gene expression profiles provided in these studies to explore the overall co-expression network architecture. Following identification of tightly co-expressed modules, we used functional analysis to investigate the intramodular differential connectivity at different times post-LTP induction. Our results offer an integrated picture of the genomic response following LTP and support the conclusion that a new homeostatic state is achieved 24 h post-LTP.

2. Materials and Methods

2.1. Network Topologies

LTP-related gene expression profiles investigated in this study were taken from Ryan et al. (2011, 2012). Briefly, 20 min, 5 h, and 24 h following induction of LTP at perforant path synapses in the dentate gyrus in awake freely moving rats, gene expression profiling was carried out using Affymetrix RAT230.2 microarrays and the functional relationships of the differentially expressed genes (±1.15-fold change; p < 0.05; moderated paired t-test between the stimulated and control hemispheres) was explored using the network analysis tool Ingenuity pathway analysis, version 7 (IPA) (Ingenuity Systems, USA; https://www.analysis.ingenuity.com). In the present study we analyzed the highest scoring network from each time point (N = 35) alongside the yeast transcriptional network (N = 30) as a benchmark for RBN modeling (Lee et al., 2002). The yeast transcriptional network represents potential pathways that yeast cells can use to regulate global gene expression. It provides a useful comparison for our analysis for a number of reasons. First, it was constructed by determining experimentally the binding sites of most of the known yeast TFs. In addition to being comprehensive, the yeast network is of similar size to the LTP networks identified by IPA. Finally, it has been used previously in the literature for RBN models (Kauffman et al., 2003; Karlsson and Hörnquist, 2007; Tuğrul and Kabakçıoğlu, 2010). For a node (gene), the number of incoming connections (edges) is called the in-degree of the node and the number of outgoing connections (edges) is its out-degree. The analyses using RBNs were also applied to two different sets of null-hypothesis random networks. First, an ensemble of 100 random networks was generated for each of the 4 biological networks studied (20 min, 5 h, 24 h, and yeast) by preserving the same number of nodes and edges. In order to construct these random networks, pairs of genes are connected randomly with equal probability from the list of N = 35 or N = 30 genes until the total number of edges of the biological network has been set.

A more stringent control consisted of 4 ensembles of 100 rewired networks constructed such that each of the genes had the same in- and out-degree as the biological network. These networks are constructed by randomly choosing two edges of the biological network and swapping them so that A → B and C → D, become A → D and C → B. Swapping is prevented if either A → D or C → B exist already (Kannan et al., 1997). Hence, these sets of rewired networks preserve not only the number of genes and the total number of interactions, but also the original degree sequence and hence their local connectivity is identical to the biological network. These controls allowed us to discriminate the effects of the network's local structure from the effects of the general topology on the robustness.

2.2. Random Boolean Networks

RBNs represent one of the simplest models for gene regulatory networks (Kauffman, 1969). We assumed the expression of each gene in a network to be only “on” or “off” values (corresponding to transcriptionally active and transcriptionally inactive). If we define the state of the network as the set of values of expression of all the genes, for a network of size N, a bit vector G(x1, …, xN) with x = 0, 1 suffices to fully describe it. We implemented the connectivity of a given network as a matrix W of size N × N where wij = 1 if gene j acts upon gene i, and wij = 0 otherwise.

To model the gene expression dynamics of the network, we allowed the vector G to evolve across discrete time steps. We considered the value xi of the gene i at a certain time step t to be dependent only on the values at t − 1 of the ki genes that act on it. For each gene in the network, hence, a fixed Boolean function bi mapped every possible combination of values of the ki inputs of i to an updated value for the gene i.

On each interaction, we updated all the values of the state vector G synchronously. This means that given a set of values for the state vector G(t) and a set of Boolean functions B, the dynamics of the system are deterministic and the number of possible states for G is discrete. Furthermore, it is known that using synchronous RBN dynamics leads to the expression values of the genes to converge into a number of recurring states or attractors. Crucially, these states can be regarded as different homeostatic cell states (Kauffman, 1993). The size and number of these attractors characterize the dynamical stability of a network. Note that while we allowed the values of the genes in the network to evolve over time, we kept the connectivity W and the set of Boolean functions fixed.

The choice of the synchronous Boolean approximation was guided by an optimal compromise between both conceptual simplicity and computational feasibility, while still holding the capacity to approximate a general stability characterization of a biological network (Kauffman et al., 2003). Indeed, since the gene networks studied were built based on gene expression profiles that represent averages of gene product, a choice of an asynchronous stochastic schema is difficult to justify.

The networks studied using RBN in the present work (see Section 2.1) do not convey any information on the rules for the interactions that could be used to constrain the sample space of all possible Boolean functions. However, as the present study deals with the comparison of the stability conferred by the architecture of specific networks, it suffices to construct the Boolean functions from a flat distribution. Namely, we opted not to introduce a bias in the outputs of the Boolean functions. This means that for a given Boolean function bi the probability of the output being one of a particular combination of input values is P(bi = 1) = 0.5.

2.3. Dynamical Robustness

In general, we consider a stable network one in which small perturbations are not amplified in time but rather converge into the same attractor. In this scenario, arbitrarily changing the values of few genes would not have a dramatic effect—after a few iterations, the perturbed genes would return to their original values. The opposite behavior is also possible. We consider an unstable (or chaotic) network one in which the perturbation of few genes results in a generalized change in expression values after few iterations. To simulate the effect of a perturbation in a network, we first chose a set of initial conditions GA(t = 0). We generated an additional instance of the network, with the same initial conditions but shifting some of them [a total of H(t = 0) genes] to the opposite Boolean value, so that the two instances GA(t = 0) and GB(t = 0) are, in terms of gene expression, H(t = 0) far apart. This measure is known as Hamming distance, and is equivalent to the size of the perturbation. We then ran RBN dynamics in parallel for both GA and GB, with the same Boolean functions for τ time steps. We calculated the new updated Hamming distance H(t = τ) between GA(t = τ) and GB(t = τ) to establish whether the perturbation converged into the same values, H(τ) < H(0), or propagated across the network, H(τ) > H(0). In the study of dynamical RBN systems, these distinct outcomes are said to fall either on the ordered or chaotic regime, respectively (Fox and Hill, 2001).

Different effects of the perturbations are expected with differing network architectures, Boolean functions or specific initial conditions. As we wanted to characterize the contribution of the topology to the stability of the network, we characterized a network by recording the effects of a perturbation over a large number of initial distances H(0), initial conditions GA(t = 0) and GB(t = 0), and random Boolean functions.

In order to visually represent the average effect of perturbations in a particular network, we plotted H(0) (size of the perturbation at the beginning of the parallel runs, x-axis) against H(τ) (y-axis), where τ is a small number of discrete steps. Plotting different values of H(0) (sampling different perturbation sizes) results in a Derrida plot, a popular tool used in RBNs (Derrida and Weisbuch, 1986). While some network architectures tend to absorb small perturbations and the final Hamming distances H(τ) are on average smaller than the initial perturbation, some topologies tended to amplify them—few genes with different values of expression lead to dramatically different network states. Crucially, in the Derrida plots these different behaviors fall in the opposite halves of the plot, with robust architectures represented by curves underneath the diagonal, H(0) > H(τ), and sensitive architectures above, H(0) < H(τ) (Fox and Hill, 2001), and a network whose Derrida mapping appears tangent to the diagonal is said to exhibit criticality. Note that choosing small integer values for τ (shorter dynamics) captures the effects of the network's local geometry, while larger values reflect the general characteristics of the structure of the network, since information has more time to spread across the network (Aldana et al., 2003). In practice, the slope for the small H(0) region reveals the average outcome of a small perturbation. Curves below the diagonal indicate a tendency toward stability (ordered regime) whereas curves above imply instability (chaotic regime). The diagonal H(0) = H(τ) represents the transition from order to chaos.

To construct the Derrida plots, for a given network we assigned 1000 random sets of Boolean rules and for each set of randomly generated rules we ran 100 parallel simulations with random initial values, uniformly sampling different values of H(0). We did not imply any structure in the Boolean rules and these were randomly generated from a flat distribution without any explicit bias.

2.4. Gene Co-expression Network Construction

Using the gene expression profiling data obtained from Ryan et al. (2011) differentially expressed genes were ranked according to the significance of their p-value. For computational reasons and to enhance the signal in the data, we used only the top 1700 genes of each of the temporal contrasts. The contribution to the final list of each of the different time groups was equivalent in terms of number of genes, and resulted in a set of differentially expressed genes across early and late LTP of 4804 genes with p-values ranging from 7.7 × 10−6 to 6.7 × 10−2. The total number of genes used for network construction analysis is in the same order of magnitude of other co-expression studies (e.g., Ghazalpour et al., 2006).

For the formation of a gene co-expression network for each of these time points we followed the weighted gene co-expression network analysis (WGCNA) protocols (Zhang and Horvath, 2005) as implemented in the WGCNA package of R software (Langfelder and Horvath, 2008). Briefly, for every pair of genes i, j the Pearson correlation is calculated and transformed into an adjacency measure with a power function, which serves to further separate the highly co-expressed pairs from the weakly co-expressed pairs. We used the scale-free topology criterion to choose the soft threshold p = 5 for the adjacency measure calculation (Zhang and Horvath, 2005). As a measure of connectedness, the topological overlap (TO, Ravasz et al., 2002) was used to compute the similarity between genes, resulting in four undirected weighted networks of the same size (N = 4804) but with varying connectivity values of TO—control (unstimulated hemispheres), 20 min, 5 h, and 24 h. TO can be understood as a measure of “agreement” between the nearest-neighbors of two genes. It has been shown to be one of the most biologically meaningful similarity measures used in gene co-expression analysis (Ravasz et al., 2002).

2.5. Identification and Characterization of Gene Co-expression Modules

For each of the four co-expression networks, we constructed specific gene co-expression modules, clusters of densely interconnected genes. This analysis provided a summary of the networks by reducing their complexity to a small number of modules uncovering potential biological associations. For each of the four co-expression networks, we performed a hierarchical clustering using TO as a similarity measure. The branches of the resulting dendrogram were cut using the default parameters implemented in the WGCNA R package (Langfelder and Horvath, 2008). Modules were considered for further analysis if they contained at least 50 genes. Note that the intersections between the modules are not always empty since module detection was performed independently on each temporal expression dataset. As larger modules in the control and 20 min samples appear to segregate into different sets of genes, we chose to keep all the modules and not to merge overlapping modules (see Supplementary Figure S1). Intramodular functional enrichment was calculated using the topGO R package (Alexa et al., 2006) with with a significance criteria of p < 0.01 (Fisher's exact test).

2.6. Co-expression Network Reconfiguration

For each of the 58 modules obtained by WGCNA, we quantified the modular differential connectivity (MDC, Zhang et al., 2013), which corresponds to the ratio of the average connectivity for any pair of module-sharing genes at time T1 compared to that of the same genes at time T2 where wij is the TO between two genes in a given network. The statistical significance was assessed by a false discovery rate (FDR) based on permutation of the gene labels (Zhang et al., 2013). MDC > 1 indicates enhanced co-regulation between genes, whereas MDC < 1 indicates reduced co-regulation. The MDC was calculated for each of the 58 networks for each of the three temporal transitions (control → 20 min, 20 min → 5 h, 5 h → 24 h).

3. Results

3.1. Dynamic Stability of Temporal LTP Networks

3.1.1. Gene Networks Recruited Earlier Following LTP have a More Unstable Architecture

To test the hypothesis that the gene networks induced more rapidly following LTP in vivo show a less stable architecture when compared to the network induced later, we have drawn on data from our previously published microarray data studies Ryan et al. (2011, 2012). To understand the complexity of the gene networks regulated following the induction of LTP, we used Affymetrix DNA microarrays to identify genes differentially expressed at 20 min, 5 h, and 24 h post-LTP induction in vivo Ryan et al. (2011, 2012). Analysis of the gene regulatory networks derived using IPA suggested that these networks made an important contribution to the stabilization of LTP. Furthermore, not only were subsets of genes confirmed to be differentially expressed by quantitative qPCR, but also specific microRNA predicted to act as key regulatory hubs within these networks were shown to be differentially expressed in the hours following LTP induction (Ryan et al., 2013; Joilin et al., 2014). Here, we have used RBN modeling to assess the stability of the architecture of the three highest scoring networks as identified by IPA at each time point. These networks were analyzed alongside the yeast transcriptional network as a benchmark for RBN modeling (Lee et al., 2002; Kauffman et al., 2003; Karlsson and Hörnquist, 2007; Tuğrul and Kabakçıoğlu, 2010).

Consistent with our hypothesis, the output of the RBN analysis (Figure 1) demonstrates that the network identified 24 h following LTP induction is considerably more ordered than either of the earlier networks (20 min and 5 h) or the RBN benchmark, the yeast transcriptional network. The curve corresponding to the late (24 h) network lies underneath the others, which means that the average outcomes of perturbations to the gene expression levels do not spread across the network to the same extent (Figure 1A; τ = 1). This observation is even more apparent if the simulations are evolved for more iterations, allowing the new values for the gene expression to be used as inputs for next iteration (Figure 1A; τ = 5) before plotting the Hamming distances H(0) vs H(τ). This amplification of the differences between the temporal networks with longer dynamics indicates that both local motifs and long-distance interactions contribute to the differential stability observed between the temporal networks.
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FIGURE 1. Results of the RBN dynamical stability analysis. (A) Derrida plots for the LTP networks previously identified by Ryan et al. (2011, 2012) at different times post-LTP induction (20 min, 5 h, 24 h in green, orange, and blue, respectively) and the yeast transcriptional network (black). The left plot corresponds to the initial Hamming distance H(0) plotted against the Hamming distance after 1 iteration, H(1). Hence, only the nearest-neighbor interactions (local motifs) affect the dynamics. The right plot depicts H(0) vs H(5), where long-distance indirect influences between genes have an effect on the dynamics. Longer dynamics allow to reveal the influence of the overall network structure on its stability. The earlier networks (20 min and 5 h) are more unstable than the 24 h network, and the curve corresponding to the latter lies near the diagonal of the plot, which represents the border between the chaotic (white background) and the ordered regime (gray background). (B) Average time evolution of perturbed fixed points starting from Hamming distance H(0) = 1. This small difference tends to be amplified in these biological networks. The latest network recruited following LTP induction (24 h, blue), shows a less pronounced tendency to amplify the perturbation. Furthermore, from t = 2 to t = 5 the Hamming distance shows a slight decrease. The yeast transcriptional network (black dashed line) lies between the earlier LTP networks and the 24 h. (C) Derrida plots for each LTP network and to ensembles of random networks. The same stability profile shown in (A) for H(0) vs H(5) is shown separately for each of the temporal networks. The range of stability exhibited by the two ensembles of random networks (red shade: same number of nodes randomly connected by the same number of edges; blue shade: same number of nodes, same number of edges, and same in- and out-degree). These contrasts allow to isolate the effect of the specific degree sequence from the effect of the average degree (blue shade vs. red shade). In addition, it shows that if an evolutionary constraint were to act on the degree sequence, the real networks choose the less unstable option among all the possible network architectures with the same degree sequence (namely identical local motifs, blue shade). Each point in the plots is the average over 1000 random rule assignments for 100 random initial conditions (increasing these numbers has no effect on the results). Shades for random networks (red) and rewired networks (blue) correspond to the ranges observed using 100 topologies for each. Hamming distances are normalized by the number of nodes.



The same conclusion can be drawn from the panel depicted in Figure 1B, where the average Hamming distance of changing one random gene [H(0) = 1] is plotted at each consecutive time step. In other words, the two network states differing in only one position are independently evolved over 5 time steps and the distances are monitored at each time step. The amplification of the perturbation is clearly less pronounced than the one observed for the other networks, the yeast network lies between the earlier networks (20 min and 5 h) and the more stable 24 h network.

3.1.2. Stability of Random and Rewired Versions of the Real Networks

Using a similar RBN model, Kauffman et al. (2003) compared the stability of the yeast transcriptional network with networks of the same number of nodes and edges that also preserved the degree sequence (the same sequence of in- and out-going edges); so-called “rewired” networks. The study demonstrated that the yeast network was more stable than these rewired networks, which suggested that an evolutionary pressure may be acting on the network geometry. To assess if that was the case for the temporally specific LTP-related gene networks, we conducted the same analysis by studying the stability of rewired versions of the real networks. We found that the LTP networks lean toward a more ordered regime than their rewired counterparts (Figure 1C), in a manner similar to the yeast transcriptional network analysis. Furthermore, we also analyzed the stability of a less constrained set of random networks that only preserve the number of nodes and the number of edges of the real network (see Section 2). This contrast isolates the effect of the specific degree sequence from the effect of the average degree. The plots indicate that the real networks lie in the less unstable margin of the possible network architectures with the same degree sequence (see Figure 1C). This observation is particularly marked in the cases of the 5 h and 24 h networks, and supports the idea that the stability is not only dependent on the local structural motifs but rather is distributed across the global architecture of the network (Wagner, 2005).

3.2. Co-expression Analysis

Although analysis of the IPA generated networks has provided validated and biologically meaningful data (Ryan et al., 2011, 2012; Joilin et al., 2014), some limitations are inherent to the methodology. First, potential key interactions may be excluded as the interactions of only 35 genes per network have been considered. Secondly, the architecture of each network is directly dependent upon the information contained within the IPA Knowledge base, a manually curated database, which makes these networks susceptible to false negatives. Thirdly, genes that are modestly but consistently regulated at each time point will be excluded if they do not reach the inclusion criteria at any time. Finally, the analysis is incompatible with the identification of a control network, allowing the characterization of a pre-LTP homeostatic state, as networks are based on differentially expressed genes. Thus, to rigorously test our findings that not only are biologically relevant groups of genes regulated following LTP, but that the resultant networks have specific architectural properties and become more stable with time, we used the WGCNA methodology (Zhang and Horvath, 2005) to construct weighted gene co-expression networks based on each of the sample classes (unstimulated hemispheres, 20 min, 5 h, and 24 h stimulated hemispheres). We next assessed the connectivity distributions within these networks.

3.2.1. Identification of Co-expression Modules

Co-expression matrices were formed using TO as a similarity measure, which represents the degree of “connectedness” between two genes (Figure 2). The top hubs in the co-expression networks according to their degree (TO with the other genes in the network are shown in Table 1). Within the TO matrices we identified a total of 58 densely connected modules through hierarchical clustering (Control: 9 modules containing between 69 and 2327 genes; 20 min: 9 modules with 64–1184 genes; 5 h: 24 modules with 31–535 genes; 24 h: 16 modules with 42–1164 genes) (see Table 1 and Supplementary Figure S2). To explore the functional relationships of the genes within these modules, modules were tested for Gene Ontology (GO) term enrichment using the topGO R package. We present a brief summary here and a more comprehensive list in Supplementary Material.
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FIGURE 2. (A) The co-expression networks (N = 4804) corresponding to the different temporal microarray datasets (control, 20 min, 5 h, 24 h) represented as heatmaps. The darker shade of red represents higher TO values between a pair of genes at that particular time. The TO measure represents the degree of “connectedness” between two genes, and it is based on the adjacency measure calculated from the Pearson correlation (see Section 2). (B) Scale-free fit index as a function of the soft-thresholding power p for the co-expression networks constructed using the time-course microarray data. The R2 fit to a scale-free distribution of the unstimulated control and the 24 h networks (black and blue curves, respectively) are both higher and saturate at lower values of p than the earlier networks (20 min and 5 h co-expression networks, green and orange, respectively). The latter reaches a saturation only of around R2 = 0.5. Scale-free networks have been shown to be more robust against small random perturbations, while at the same time are sensitive to specific directed perturbations, which confers them a high degree of sensitivity to meaningful signals. These results are in agreement with the notion drawn from the results using RBNs on the IPA networks. (C) Mean connectivity as a function of the soft-thresholding power p. While the temporal co-expression networks fall into two different categories according to their scale-free distribution fit, the average connectivity does not show a clear temporal-specific pattern. The dashed lines in the plots indicate the value of p = 5, chosen to conduct the module identification. (D) Fraction of nodes with degree k in the above co-expression networks using p = 5 and p = 20. These degree distributions are log-transformed both in the x- and y-axes. The black lines represent the linear model fit with the values of R2.



Table 1. Top hubs in the co-expression networks according to their degree (TO with the other genes in the network).
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Consistent with our previous analysis, WGCNA identified a number of transcriptional modulators as hubs in the 20 min co-expression modules. Our results stress the importance of the Egr family, previously reported to be expressed following LTP induction (Cole et al., 1989; Richardson et al., 1992). In particular, Egr1 appears among the top 10 hubs of the overall 5 h co-expression network (see Table 1). In addition, Wt1, a member of the same family, appears as a key regulator in one of the co-expression modules (see Supplementary Figure S2, module brown_20). Its role as a repressor of the other Egr family members (Haber et al., 1991) suggests that it may play an important role in regulating Egr gene expression after LTP. Similarly, the Homer family of TFs has been implicated in LTP (Kato et al., 1997) and Homer2 appears as a hub in a co-expression module activated at 20 min and 24 h (see Supplementary Figure S2, module turquoise_24).

A representative GO term for each module is shown in Table 2. Functions overrepresented in the modules identified at 20 min show “positive regulation of endocytosis,” “neuron part and cytoplasmic microtubule,” “axogenesis,” “calmodulin-dependent kinase activity,” and “transcription from RNApolI promoter” among others. At 5 h, “CNS neuron axonogenesis,” “anion homeostasis and synapse assembly” are salient overrepresented functions. Regulation of gene expression is represented by the GO terms “regulation of DNA methylation” and “chromatin DNA binding,” “histone H3-K27 methylation.” Finally, modules identified at 24 h show “neuron projection membrane,” “histone demethylation,” and “response to calcium” among others.

Table 2. Summary of the modules identified by WCGNA with at least 50 genes.
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3.2.2. Scale-free Distributions are Distinctive in the Pre-LTP and 24 h LTP Co-expression Networks

It is widely accepted that biological networks tend to have connectivity distributions that approximate scale-free distributions (Jeong et al., 2000), which define networks with few highly connected nodes and many sparsely connected nodes (Barabási and Albert, 1999). This structural property may be selected for in biological networks due to its robustness against random perturbations while retaining a high sensitivity to directed signals (Albert et al., 2000). From a perspective in which LTP is considered as a high-level switch, these characteristics are to be expected of the genetic networks associated with the pre- and post-LTP homeostatic states. On the contrary, it is plausible that transient topological rearrangements taking place during the transition exhibit architectures that depart from a scale-free architecture.

The WGCNA methodology transforms the correlation between the profiles of expression of two genes into an adjacency measure using a power function. The degree distribution of the network is hence dependent on the choice of the parameter p for the power function. To examine this dependency and characterize the temporal networks in terms of their resemblance to scale-free networks, we plotted the scale-free fit index of each temporal network (control, 20 min, 5 h, 24 h) as a function of the parameter p (Figure 2B). The results demonstrate that the networks reach an asymptotic maximum fit at different values of p, with the unstimulated control and the 24 h networks saturating earlier (p ≈ 5 − 10) than the 20 min and 5 h networks (p = 20). In addition, the saturation value of the scale-free fit coefficient is higher for the control and 24 h than for the 20 min and 5 h networks. In summary, the control and the 24 h networks fit to a greater degree to a scale-free distribution, independently of the average connectivity (Figure 2C). Furthermore, a closer inspection to the scale-free model fit for the values of p = 5 and p = 20 reveals that the earlier networks following LTP stimulation (20 min, 5 h), have few nodes with a low degree (truncated left side of the distribution) (Figure 2D).

3.2.3. Changes in Connectivity Parallel Gene Up-regulation Following LTP

Interestingly, the co-expression networks corresponding to the later times (5 h and 24ḣ) appear to be more dissociated than the earlier networks (control and 20 min), splitting up into more modules for the same power threshold (see Table 2).

The modular differential connectivity (MDC, Zhang et al., 2013) corresponds to the ratio of the average connectivity for any pair of module-sharing genes at time T1 compared to that of the same genes at time T2 where wij is the TO between two genes in a given network. We calculated the MDC in the 58 co-expression modules across each temporal transition—control → 20 min, 20 min → 5 h, and 5 h → 24 h. The findings are summarized in Figure 3. While the fraction of modules with a significant increase in MDC is similar along the time samples, the fraction of modules with a significant loss of connectivity increases with time (stacked bars plot, Figure 3D).
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FIGURE 3. Module reconfiguration following LTP. (A) Modules identified using the 20 min co-expression data all share a similar trend—they become tightly co-regulated at 20 min to lose the connectivity at 5 h. (B) Modules identified at 5 h exhibit a significant decrease in TO at 24 h. (C) Modules identified using the 24 h data together with two modules identified with the control data show a significant gain in intramodular connectivity at 24 h. Green lines represent significant gain of intramodular connectivity (MDC > 1, FDR < 10%) and red lines represent significant loss of modular connectivity (MDC > 1, FDR < 10%). Gray lines represent no statistical significance for the MDC. (D) Distribution of modules with gain, loss or conservation of intramodular connectivity.



The rapid response elicited after LTP induction at the gene expression level corresponds to the transition observed between the control and the 20 min dataset in terms of MDC. Out of the 58 modules, 57 show a gain of connectivity (MDC > 1), of which 20 are significant with FDR < 10% (a more strict FDR < 1% gives still a total of 10 significant modules). This marked increase in the average TO connectivity takes place in combination with the documented enrichment in up-regulated genes within the set of differentially expressed genes (Ryan et al., 2011).

Our results, however, highlight a global loss of connectivity between the 20 min and 5 h networks (0.187–0.089 average TO, respectively). Yet, the proportion of modules exhibiting gain/loss/conservation of connectivity is very similar (17/17/24, respectively). More interestingly, the fraction of the modules with a significant loss of MDC corresponds to modules that showed an increase in MDC in the earliest transition. These modules subsequently undertake a loss of connectivity in the final transition to the 24 h phase.

4. Discussion

Complex biological networks are expected to maintain a certain level of stability against environmental perturbations. Whereas some classically studied mechanisms such as gene redundancy and epistasis suggest that the dynamical properties of biological networks are restricted to small sets of genes (Sanjuán et al., 2004; Moore, 2005), other authors point in the direction of a “distributed robustness” scenario suggesting that all the regulatory interactions among genes play a role in the dynamical characterization of the network (Shmulevich et al., 2005; Wagner, 2005). These studies suggest that stable, robust attractors for genetic networks may underlie homeostatic cell states. Likewise, the capacity to generate a new phenotype by sensing specific environmental signals represents a crucial property of living organisms. The apparent antagonistic relationship between robustness and sensitivity could potentially be eased by rewiring the network architecture or by bringing other networks into operation. Network architectures recruited transiently during phenotypic transitions do not uphold a homeostatic state and conceivably they are not under a selective pressure to exhibit a stable architecture.

While some biological systems are designed to elicit a graded response to an input, other systems show behaviors that resemble multistable transitions. These systems can range from relatively simple switch-like responses to more complex multistable switches (e.g., Ferrell and Machleder, 1998; Pomerening et al., 2003; Yao et al., 2011). During LTP in particular, the cell state needs to transit from a stable point to another stable point. If this assumption holds for the gene expression profile, LTP induction can be seen as the perturbation needed to shift the gene expression equilibrium to the post-LTP attractor. The neuron has to be able to discriminate the changes eliciting LTP from the environmental noise. From this perspective, LTP represents a cellular mechanism, which operates as a switch. The essentiality of the genomic component for the maintenance of late-LTP suggests that the gene regulatory tier of information processing may have characteristics of a high-level switch. Ultimately, other tiers of regulation acting at different levels of organization (networks of neurons and nerve fiber projections between brain areas) act jointly to create, maintain, and retrieve memories.

4.1. Dynamical Stability of Temporal LTP-related Gene Networks

Previous work shows that there is a critical temporal window after LTP induction in which a rapid nuclear response takes place (Nguyen et al., 1994). This early phase is in the order of minutes, and is characterized by a rapid up-regulation of gene expression, which persists for many hours. The network identified 20 min after induction represents these early response genes. The set of genes identified 5 h post-LTP induction are not closely related to the 20 min early responding genes, as demonstrated by the expression profiles (Ryan et al., 2012). The nature of this rapid transcriptional response following LTP induction suggests that the underlying mechanisms are facilitating a switch-like response. In this line, Saha et al. (2011) documented recently the presence of stalled RNA polymerase II in LTP immediate early genes, which they interpreted as a mechanism for the rapid neuronal induction observed. However, other mechanisms may be acting jointly at different levels to complement the gene expression trigger.

The 24 h post-LTP induction represents a temporal and functionally different data set, as indicated both by the lack of overlap in gene expression (Ryan et al., 2012) as well as by the fact that mRNA-synthesis inhibitors are only effective in blocking LTP when delivered 4–6 h after stimulation (Vickers et al., 2005). We hypothesized that if the 24 h network was representative of a new homeostatic state brought about by LTP induction, its architecture should display an enhanced stability. While there seems to be an early critical time window of transcription for the induction of late-LTP (Nguyen et al., 1994; Vickers et al., 2005), the functional significance of gene expression at 24 h may be coupled to the activation and coordination of pathways related to growth and/or neurogenesis (Ryan et al., 2012). The predominant downregulation of gene expression observed at 24 h may be partly responsible for reorganizing the transcriptional layout toward homeostasis.

Using RBN modeling, we found that the networks derived in the early time points (20 min, 5 h) by the IPA software were more labile, while the most significant network derived at 24 h was markedly more stable (see Figure 1). Furthermore, the WGCNA showed that the degree of co-expression at the different times evidenced a contrasting distribution of the connectivity. The unstimulated control and the 24 h networks fit to a scale-free distribution fairly well while on the contrary, the co-expression networks corresponding to the 20 min and 5 h datasets displayed a truncated distribution. As higher robustness is expected of scale free distributions (Albert et al., 2000), this observation is consistent with the presence of two different homeostatic states before and after LTP induction, whereas transient topological rearrangements are characteristic of intermediate networks.

Interestingly, this temporal effect on the vulnerability of the networks is mirrored by what is known about the vulnerability of LTP and memory itself. Previous studies have shown that LTP can be reversed within hours of induction, but then becomes resistant to reversal (e.g., Xu et al., 1998; Manahan-Vaughan et al., 2000; Woo and Nguyen, 2002). It is of particular relevance to our studies that this resistance to reversal is dependent on new protein synthesis. Thus, our new data support the conclusion that the LTP-related gene networks contribute to the stabilization of LTP.

These results reinforce the view by which the architecture of the networks is under a selective pressure. Yet the contribution of the structural properties to the overall robustness of biological circuits remains to be further clarified—this tendency toward the stable regime represents only one mechanism yielding robust behavior and does not rule out other genetic mechanisms (Wagner, 2005).

4.2. Functional Analysis of WGCNA Modules

While LTP is considered the gold standard model for the cellular mechanism underlying long-term memories, it is becoming clear that LTP encompasses a family of different processes by which neurons integrate and process the information to change their synaptic weights. For example, it has been argued recently that in the Schaffer collateral-commissural pathway at least three mechanistically different forms of synaptic plasticity co-exist, all N-methyl-D-aspartate (NMDA) receptor-dependent (Park et al., 2014). These forms can overlap partially in time, and the combination of these processes can increase their functional utility. In turn, a specific form of LTP consists of a number of mechanistically distinct phases that operate at different levels of organization and time scales. This should come as no surprise if we recognize that neurons capable of modifying the synaptic efficacy for long periods of time are to overcome the limitations imposed by protein and mRNA half-life, typically in the scale of minutes or hours. In contrast to the TFs, which act in the nucleus, some effector genes exert their functions in the distal axonal and dendritic extensions. The translocation of mRNA granules to the synaptic terminals, for example, carries a significant temporal lag between transcription and translation (Knowles et al., 1996; Steward and Schuman, 2003). The control of gene expression must act in coordination with the different time constraints posed by the different subcellular destinations. It is reasonable to assume that the genes transcribed following LTP are effectively being translated at different times and in different subcellular loci.

While understanding the genomic component underlying LTP has been the focus of recent research using differential expression analysis (Lee et al., 2005; Park et al., 2006; Ryan et al., 2011, 2012), these methods are more error-prone for genes with a large expression variation than co-expression analysis. Potentially, genes which are not detected by differential expression can be detected by co-expression if they activate other genes which change enough to be detected. Arguably, a pair of genes with a high value of co-expression are likely to be forming complexes, pathways, or participate in the same cellular circuits (Eisen et al., 1998). Using WGCNA we found that the rapid increase in gene expression observed by the differential expression analysis is complemented by the increase in intramodular connectivity. Out of the 58 modules identified by WGCNA, only one exhibits a significant decrease in average TO from the control to the 20 min time point, while a total of 20 show a significant increase. This suggests that the rapid genomic response that follows LTP induction does not only involve a marked up-regulation of gene expression, but also a tight coordination of the components that ultimately allow the transition to a new homeostatic cellular state. The transitional 5 h dataset shows a loss of intramodular connectivity that parallels the onset of a general down-regulation of gene expression, similarly to the 24 h co-expression network. We believe that the early phase following stimulation is critical in the onset of the genomic changes that are known to be essential for late-LTP. A fundamental fraction of the genes that are transcribed rapidly after LTP induction may be of crucial importance at later times (Nguyen et al., 1994).

The functional analysis confirms the central role of the Egr and Homer families in LTP consolidation and maintenance. Changes in transcription are also likely to be driven by the constitutive transcription factor NFKB in a transcription-independent manner. In fact, our results are consistent with its peaks in activity observed in learning paradigms. In agreement with previous studies, we found that the control of gene expression following LTP is, at least to a certain extent, driven by epigenetic changes. Furthermore, it appears that epigenetic control does not work in isolation, but rather in conjunction with other mechanisms (Lubin et al., 2011). Our study identifies Akt (protein kinase B) in the 20 min dataset even though its expression does not change significantly. The PI3K-Akt-mTOR is regulated via lipid signaling and its role in LTP may have been overlooked in previous studies (although see Sanna et al., 2002). Finally, while regulators of membrane composition are common across all the datasets, neuronal morphological changes are and the amplification of the ubiquitin-proteasome pathway are characteristic of later stages.

4.3. Conclusions

We have presented a view of LTP as a biological process in which a transient signal sets a new homeostatic state that is “remembered” by the cellular systems. Central to this process is the regulation by gene expression, in which the central role played by the Egr TFs early after LTP induction was highlighted by differential expression and co-expression analyses. In addition, we found a rapid enrichment in connectivity at 20 min followed by a systematic decrease. This observation provides a potential explanation for the down-regulation of gene expression at 24 h documented by previous studies. From a systems perspective, we have provided evidence that these networks will show less stable architecture, while networks recruited later will exhibit increased stability, consistent with the fact that are more directly related to LTP consolidation. The architecture exhibited by a control and the 24 h LTP co-expression networks fit well to a scale-free distribution, known to be robust against perturbations, whereas the earlier 20 min and 5 h networks showed truncated distributions. Moreover, using the RBN paradigm we have shown that the network derived at 24 h exhibited an enhanced stability when compared to those derived at earlier times post-LTP. This temporal effect on the vulnerability of the networks is mirrored by what is known about the vulnerability of LTP and memory. Taken together, these results suggest that a new homeostatic state is achieved 24 h post-LTP, and defines an integrated view of the genomic response following LTP induction by which the stability of the networks regulated at different times parallel the properties observed at the synapse.

Supplementary Material

The Supplementary Material for this article can be found online at: http://journal.frontiersin.org/article/10.3389/fnmol.2015.00042
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Cell biological mechanisms of activity-dependent synapse to nucleus translocation of CRTC1 in neurons
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Previous studies have revealed a critical role for CREB-regulated transcriptional coactivator (CRTC1) in regulating neuronal gene expression during learning and memory. CRTC1 localizes to synapses but undergoes activity-dependent nuclear translocation to regulate the transcription of CREB target genes. Here we investigate the long-distance retrograde transport of CRTC1 in hippocampal neurons. We show that local elevations in calcium, triggered by activation of glutamate receptors and L-type voltage-gated calcium channels, initiate active, dynein-mediated retrograde transport of CRTC1 along microtubules. We identify a nuclear localization signal within CRTC1, and characterize three conserved serine residues whose dephosphorylation is required for nuclear import. Domain analysis reveals that the amino-terminal third of CRTC1 contains all of the signals required for regulated nucleocytoplasmic trafficking. We fuse this region to Dendra2 to generate a reporter construct and perform live-cell imaging coupled with local uncaging of glutamate and photoconversion to characterize the dynamics of stimulus-induced retrograde transport and nuclear accumulation.

Keywords: CREB, CRTC1, learning and memory, synapse to nucleus signaling, synaptic plasticity, transcription-dependent plasticity, active transport

Introduction

Long-lasting forms of synaptic plasticity, including those underlying long-term memory, require new transcription for their persistence (Kandel, 2001; Alberini, 2009; Leslie and Nedivi, 2011). While neurons are specialized for rapid communication between compartments via electrochemical signaling, activity-dependent transcription is also regulated by the transport of soluble signaling molecules from stimulated synapses to the nucleus (Ch'ng et al., 2012; Karpova et al., 2013). Neurons are highly polarized cells that elaborate processes whose lengths can exceed that of the soma by orders of magnitude. The long-distance transport of signals from stimulated synapses to the nucleus thus requires active, regulated transport mechanisms to couple synaptic stimulation with transcription.

The regulated nuclear import of dendritically and/or synaptically localized transcriptional regulators serves as one means of directly coupling synaptic events with gene expression in the nucleus. Recent studies describe a role for the synapse to nucleus translocation of CREB-regulated transcriptional coactivator 1 (CRTC1) in regulating gene expression during long-term potentiation (LTP) of rodent hippocampal synapses (Zhou et al., 2006; Kovács et al., 2007; Ch'ng et al., 2012; 
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CTCTGATAATCCTTTCCTCCAC
TCCATCAGCAGAGGTATCTACAG
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ACCCATGGGATTACACTTGG
AGTTCCACGATGAGCTGCTT
ACTCCATCTCCCCCTCTGTT
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'CCGTTGACTCCAGACAGGTT
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Genotype

P50/~

P85/~

pB5~/~
p65=/=Tnfrl~/~
CamKil {TA/tetO
super-repressor IkB-a

Prion-tTAVtetO
super-repressor IkB-a
GFAP- super-repressor kB-u

c-Rel~/~
LsyM-Cre/IKK-2FL/FL
Nestin-Cre/IKK-2FL/FL

Nestin-Cre/lkk-1FL/FL
Nestin-Cre/Nemo'/"L
NSE-SR-iB-a

CamK2a-tTA x
luciferase-(tetO)7-IKK2-CA,
called IKK2nCA

GFAPLTA x (tet0)7KK2-CA

Lentiviral constitutively-active
IKKB (CAIKK)
Nestin-Cre/IKK-2"L/FL

na', not analyzed.

Cell type afflicted

Al

Isolated sensory neurons
Isolated Schwann cells

Al

Glutamatergic forebrain neurons

Glutamatergic and inhiditory
neurons

Glia: astrocytes

Al

Glia: microglia; macrophages

Precurosor and Neural (glia and
neuron)

Neural (glia and neuron)

Neural (gl and neuron)
Neuronal

Neuronal

Astrocytes (Aldh111+)

Mediobasal hypothalamus
neurons
Precurosor and Neural (glia and
neuron)

Cognitive effect

Defect in novel task acquisition; decreased
anxiety; reduced short-term memory;
Deciining L-LTP; Egr-2 not upregulated after
theta burst stimulation

nat
nat
Delayed spatial learning in radial maze
Impairments in spatial memory; reduced LTP
and LTD; reduced spatial patter separation;
decreased synapse density (spine and
presynapse); loss of mossy fibers

Enhanced spatial learning; enhanced LTD

Deficits in learing only in females; delayed
‘spatial leaming, impaired cued fear memory

Impaired late phase LTD; impaired long-term
memory; impaired cued fear memory
na*

Defect in hippocampus-dependent learning
and memory after 9 month measured in
Morris water maze

Abnormal development of hippocampus and
cerebellum; Strong upregulation of
chemokines such as Cl5, Cxcl10, and o2,
perhaps defect in neuronal stem cel
migration

Reduced performance in T-maze

Old mice perform better than WT in Morris.
water maze

Additional phenotype

Reduced neuroprotection; hearing loss;
reduced neurogenesis; reduced ischemic
damage; impaired acute and inflammatory
nociception; Premature aging

Reduced neuroprotection
Reduced myelination of peripheral nerves

No synaptic NF-kB

Reduced neuroprotection; decreased PKA
expression and P-CREB; decreased
neurogenesis; defects in dentate gyrus tissue
homestasis

Reduced GADSS expression

LTP reduced in females; LTP enhanced in
males; reduction of MGIURS in females;
better recovery after spinal cord injury;
reduced pain sensitivity

Reduced neuroprotection; Late onset
Parkinson

30% reduction of neuronal death: 10-fold
reduced infarct size after MCAO

26% reduction of infarct size after MCAO;
amelioration of EAE

No effect on EAE

Amelioration of EAE

Improved LPS-induced hypothermia and
sunvival

Selective neuroinfammation; Reduction of
BDNF expression; Granule cell degeneration

Defects could be induced during early
development only: Hydrocephalus, massive
increase of lateral ventries,
neuroinfiamimation; loss of cifla on ependymal
cells in lateral ventricles

Life span decrease, GnRH expression
reduced

Increased life span
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