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Memory Acquisition and Retrieval Impact Different Epigenetic Processes
that Regulate Gene Expression

Abstract
Background: A fundamental question in neuroscience is how memories are stored and retrieved in the brain.
Long-term memory formation requires transcription, translation and epigenetic processes that control gene
expression. Thus, characterizing genome-wide the transcriptional changes that occur after memory acquisition
and retrieval is of broad interest and importance. Genome-wide technologies are commonly used to
interrogate transcriptional changes in discovery-based approaches. Their ability to increase scientific insight
beyond traditional candidate gene approaches, however, is usually hindered by batch effects and other sources
of unwanted variation, which are particularly hard to control in the study of brain and behavior.

Results: We examined genome-wide gene expression after contextual conditioning in the mouse
hippocampus, a brain region essential for learning and memory, at all the time-points in which inhibiting
transcription has been shown to impair memory formation. We show that most of the variance in gene
expression is not due to conditioning and that by removing unwanted variance through additional
normalization we are able provide novel biological insights. In particular, we show that genes downregulated
by memory acquisition and retrieval impact different functions: chromatin assembly and RNA processing,
respectively. Levels of histone 2A variant H2AB are reduced only following acquisition, a finding we
confirmed using quantitative proteomics. On the other hand, splicing factor Rbfox1 and NMDA receptor-
dependent microRNA miR-219 are only downregulated after retrieval, accompanied by an increase in protein
levels of miR-219 target CAMKIIγ.

Conclusions: We provide a thorough characterization of coding and non-coding gene expression during long-
term memory formation. We demonstrate that unwanted variance dominates the signal in transcriptional
studies of learning and memory and introduce the removal of unwanted variance through normalization as a
necessary step for the analysis of genome-wide transcriptional studies in the context of brain and behavior. We
show for the first time that histone variants are downregulated after memory acquisition, and splicing factors
and microRNAs after memory retrieval. Our results provide mechanistic insights into the molecular basis of
cognition by highlighting the differential involvement of epigenetic mechanisms, such as histone variants and
post-transcriptional RNA regulation, after acquisition and retrieval of memory.
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Memory acquisition and retrieval impact different
epigenetic processes that regulate gene
expression
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Abstract

Background: A fundamental question in neuroscience is how memories are stored and retrieved in the brain.
Long-term memory formation requires transcription, translation and epigenetic processes that control gene
expression. Thus, characterizing genome-wide the transcriptional changes that occur after memory acquisition and
retrieval is of broad interest and importance. Genome-wide technologies are commonly used to interrogate
transcriptional changes in discovery-based approaches. Their ability to increase scientific insight beyond traditional
candidate gene approaches, however, is usually hindered by batch effects and other sources of unwanted
variation, which are particularly hard to control in the study of brain and behavior.

Results: We examined genome-wide gene expression after contextual conditioning in the mouse hippocampus, a
brain region essential for learning and memory, at all the time-points in which inhibiting transcription has been
shown to impair memory formation. We show that most of the variance in gene expression is not due to
conditioning and that by removing unwanted variance through additional normalization we are able provide novel
biological insights. In particular, we show that genes downregulated by memory acquisition and retrieval impact
different functions: chromatin assembly and RNA processing, respectively. Levels of histone 2A variant H2AB are
reduced only following acquisition, a finding we confirmed using quantitative proteomics. On the other hand,
splicing factor Rbfox1 and NMDA receptor-dependent microRNA miR-219 are only downregulated after retrieval,
accompanied by an increase in protein levels of miR-219 target CAMKIIg.
Conclusions: We provide a thorough characterization of coding and non-coding gene expression during long-
term memory formation. We demonstrate that unwanted variance dominates the signal in transcriptional studies of
learning and memory and introduce the removal of unwanted variance through normalization as a necessary step
for the analysis of genome-wide transcriptional studies in the context of brain and behavior. We show for the first
time that histone variants are downregulated after memory acquisition, and splicing factors and microRNAs after
memory retrieval. Our results provide mechanistic insights into the molecular basis of cognition by highlighting the
differential involvement of epigenetic mechanisms, such as histone variants and post-transcriptional RNA
regulation, after acquisition and retrieval of memory.
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Background
Genome-wide differential gene expression analysis is
widely used in discovery-based studies in biology and
medicine. The question of how variability impacts
reproducibility of genome-wide results has been subject
to extensive research [1]. It is known that unwanted
variation is often a confounding factor. Unwanted varia-
tion refers to other factors that influence the observed
gene expression levels besides the one of interest. A
typical example is a batch effect, which can occur when
some samples are processed differently than others.
Batch effects are not the only source of unwanted var-
iance. Unwanted variance in microarrays arising from
technical aspects of the methodology is removed using
normalization methods such as RMA [2]. The amount
of unwanted biological variance depends on the ques-
tion of interest and is influenced by factors such as
heterogeneity in cell-types, variability in responsiveness
to stimulus between biological replicates and the simul-
taneous presence of other stimuli other than the one of
interest, such as time of day or other environmental
variables. All of these factors are present when studying
gene expression in the brain in vivo and are often hard
to control. Thus, in the context of brain and behavior a
major challenge is to normalize unwanted variation to
minimize false discoveries, increase resolution and maxi-
mize the potential of discovery-based approaches to
contribute biological insight.
Several aspects of brain function are linked to tran-

scriptional changes. Long-term memory formation, for
example, is known to require transcription, protein
synthesis and epigenetic processes that regulate gene
expression [3-8]. How memories are stored and retrieved
in the brain is a fundamental question in neuroscience.
Thus, characterizing genome-wide the transcriptional
changes that occur after memory acquisition and retrie-
val is of broad interest and importance. Research has
shown that there are “sensitive periods” after memory
acquisition during which inhibiting mRNA or protein
synthesis impairs memory formation. Using contextual
fear conditioning as a task, these windows occur immedi-
ately or 4 hours after acquisition for memory tested
24 hours later [9,10], or 12 hours after training for mem-
ory tested a week later [11]. Processes that follow retrie-
val of the memory trace (extinction or reconsolidation)
also require transcription and protein synthesis [12-15].
Several studies have used genome-wide approaches such
as microarrays to describe changes in coding and non-
coding gene expression after memory acquisition or
synaptic activity [16-20]. These studies have led to the
identification of some genes relevant for memory forma-
tion, such as c-rel or miR-182 [18,21]. It remains unclear
to what degree the variety of other stimuli experienced

by the brain in vivo hinders reproducibility and limits the
applicability of genome-wide technologies to the study of
the brain and behavior.
Here, we examined genome-wide gene expression after

contextual conditioning in the mouse hippocampus, a
brain region essential for memory formation, during all
the established sensitive periods for transcriptional inhibi-
tion. We show that most of the variance in gene expres-
sion is not due to conditioning and that by removing
unwanted variance through additional normalization we
are able provide novel biological insights. We show for the
first time that histone variants are downregulated after
memory acquisition, and splicing factors and microRNAs
after retrieval. Our results provide mechanistic insights
into the molecular basis of cognition by highlighting the
differential involvement of epigenetic mechanisms, such as
histone variants and post-transcriptional RNA regulation,
after acquisition and retrieval of memory.

Results and discussion
We examined genome-wide changes of gene expression in
adult, male C57BL6/J mice following a contextual fear
conditioning paradigm (FC), a form of learning in which
an aversive stimulus (e.g a shock, US) is associated with a
neutral context (CS). Re-exposure to the context triggers
retrieval of the memory for the context-shock association
(CS-US), which is quantified as freezing in mice. FC is
highly reproducible among individuals, requiring a single
exposure to the CS-US pairing to learn. In addition the
timeline of sensitivity for transcriptional inhibition is
established, making it an ideal learning task for our geno-
mic study. FC is known to require the hippocampus, a
brain region essential for long-term memory formation.
Hippocampal tissue was collected at the established sensi-
tive periods for transcriptional inhibition during memory
consolidation: 30 minutes (FC30’), 4 hours (FC4), 12 hours
(FC12) or 24 hours after FC (FC24), as well as 30 minutes
after memory retrieval (RT30’). Animals in the retrieval
group showed typical learning of the task, with average
freezing of 55% (+/- 10%) after re-exposure to the context.
Animals that were handled but not trained were dissected
at the same time of day to control for circadian variation
in gene expression (CC30’, CC4 and CC12). RNA from
nine animals per group representing nine independent
behavioral experiments conducted at the same time of day
(72 samples) was hybridized simultaneously to an Affyme-
trix gene Titan Mouse 1.1 gene-EST microarray. Pairing
of the CS and US was necessary to evaluate proper retrie-
val of the memory trace. We have previously shown that
genome-wide gene expression changes in the hippocam-
pus 30 minutes after exposure to the CS alone are not dif-
ferent from those after CS+US pairing [17,22]. These
results suggest that in this brain region the US alone does
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not produce significant differences in gene expression and
that differences in gene expression observed are likely due
to the encoding of the spatial memory for the context
alone. Therefore, we did not include animals exposed to
only the CS or US in the design.

Individual variability and circadian time are the biggest
drivers of variance in gene expression in the
hippocampus in vivo
To explore the main sources of variance in the data, we
first performed a principal component analysis (PCA)
[23] (Additional file 1). None of the first three principal
components (PC), which account for over 65% of the
variance, capture the response to the treatment. Under-
standing the dominant sources of variance is critical to
accurately assess the effects of learning in gene expres-
sion. The first and second principal components (PC1
and PC2) represent unusual variability in gene expres-
sion in individual mice (Additional file 1A and 1B).
Interestingly, the contribution of PC1 and PC2 to var-
iance in gene expression is correlated for a subset of
genes (Additional file 1C) and may represent the same
biological process. Functional annotation analysis of the
genes with correlated scores between PC1 and PC2
shows that they represent response to olfactory stimuli,
specifically pheromones (Additional file 2), suggesting
that individual responses to, or environmental variations
in olfactory stimuli are the strongest drivers of differ-
ences in gene expression.
There is substantial evidence that memory consolida-

tion is affected by circadian time [24-26]. However, the
circadian influence on genome-wide gene expression in
the mouse hippocampus is poorly understood. Published
genome-wide studies of gene expression in response to
activity in the brain that include several time points often
do not include controls for time of day [16,18], and thus
it is hard to distinguish the effect of neuronal activity
from the circadian effect in such studies. In our analysis,
the third principal component (PC3) reveals that circa-
dian time has a strong influence on hippocampal gene
expression. Additional file 1D shows that the effect of
circadian is similar to the effect of learning at the second
(4 h) and third (12 h) sensitive periods, but not immedi-
ately after (30 minutes) memory acquisition or retrieval.
To characterize gene expression changes in the mouse
hippocampus due to circadian time, we compared gen-
ome-wide gene expression among our three control
time-points (CC30’, CC4 and CC12). The greatest num-
ber of differences in gene expression was detected
between CC30 and CC12. These time points correspond
to Zeitgeber times 3 and 15 (ZT3 and ZT15), one time-
point during the light phase and one during the dark
phase. 1067 probe sets, corresponding to 1019 known
genes, were differentially expressed at a false discovery

rate (fdr) <0.1. (Additional file 3). To determine whether
our dataset corresponds to known circadian regulated
genes, we compared it to those genes known to oscillate
in the mouse liver according to Hughes and colleagues
[27]. Of the 1019 genes regulated by time of day in the
hippocampus, 198 oscillate with 24 hour periodicity in
the mouse liver (Additional file 4A). This overlap is sig-
nificantly higher than expected by chance (Fisher’s exact
p-value of 0.004) based on an expected 15% overlap
between any 2 mouse tissues as reported in the mouse
gene atlas [28]). Our dataset is the first genome-wide
dataset describing the effects of circadian time on gene
expression in the hippocampus. Genes differentially
expressed between ZT3 and ZT15 in the hippocampus
include Per1, Per2 and Per3, which are known circadian
oscillators [27]. Interestingly, genes usually thought to be
associated with memory formation, such as Arc, Bdnf
[29,30], CBP [31-35] and p300 [36,37] also show circa-
dian changes in expression (Additional file 4B).

Memory acquisition and retrieval induce similar, but
distinct, genome-wide changes in gene expression
30 minutes after exposure
To accurately assess the effect of contextual conditioning
in gene expression in the hippocampus, we first removed
unwanted variation detected by PCA by normalizing the
expression matrix using k = 1 PCs, as described in
experimental procedures. Subsequently, differential
expression analysis was only carried out in comparison to
time of day matched controls, to ensure that circadian
time was not a confounding variable in the analysis. In
addition to increase power, we implemented local false
discovery rates (fdr) based on empirical null hypothesis
estimation to account for multiple testing [38]. Local fdr
estimation provides advantages above traditionally used
Benjamini and Hochberg fdr correction [39] in cases in
which the null distribution can be easily estimated from
the data, or in other words in datasets in which the
majority of the genes are not differentially expressed due
to the treatment such as ours. After normalization, we
observe the greatest number of gene expression changes
at the first sensitive period during memory consolidation
(FC30’): 183 probe sets, representing 126 known genes
(fdr <0.1). The number of genes whose expression chan-
ged at the two other sensitive periods (FC4 and FC12)
was small and non-overlapping (Figure 1A). No changes
in gene expression were detected 24 hours after training.
We cannot distinguish which transcriptional changes
correspond to the memory for the context alone and
which ones to the memory for the context with the
shock. We have previously shown, however, that gene
expression changes detected in the hippocampus 30 min-
utes after FC using microarrays are not significantly dif-
ferent from those induced by context alone [17]. Thus it
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is possible that the signal-to-noise resolution in genome-
wide studies is not enough to differentiate the transcrip-
tional responses between those two memory traces.
Hierarchical clustering revealed that genome-wide
changes immediately following acquisition (FC30’) were
similar to changes observed after retrieval of memory
(RT30’) (Figure 1B). Additional file 5 summarizes the
results of the effects of contextual conditioning in the
mouse hippocampus. The number of genes regulated at
FC30’ and RT30’ is shown in Figure 1C at two different
false discovery rates, fdr<0.1 and <0.01. Fold changes
observed through microarrays are small. Our use of
whole hippocampal homogenates will dilute the signal
when only a small proportion of the cells in the sample
(such as neurons) are responsible for the changes, and
thus statistically robust differences in expression that
appear small in magnitude are expected.
Several genes not previously reported to be regulated

by memory acquisition and retrieval in the hippocampus
were identified and validated by qPCR in a new cohort
of animals (n = 8). We show that log fold-changes as
small as 0.1 in microarrays are reproducible by qPCR in
an independent set of experiments. Changes in gene
expression that are similar between FC30’ and RT30’
include the induction of Btg2 and Sik1, as well as the
downregulation of Sox18 (Figure 2A). The potential role
of these identified gene candidates in learning and mem-
ory can be largely substantiated by available literature.

Btg2 is a pan-neural gene whose deletion or overexpres-
sion has been shown to alter contextual memory [40]. It
has been previously shown to be induced in the amyg-
dala after contextual conditioning [17], but not in the
hippocampus. Sox18 is known to interact with MEF2,
an important regulator of neuronal differentiation [41]
and hippocampal learning [42]. Sik1, another candidate
gene identified in our study, also affects MEF2 activity
as well as being a repressor of CREB transcription
through CRTC [43-46]. CREB-dependent and MEF2-
dependent transcription are both known to be important
for long-term memory formation. Memory acquisition
and retrieval also induce Per1 expression; however they
differentially affect expression of the two known isoforms
(NM_011065 and NM_001159367). Indeed Per1 knock-
out mice have been shown to have hippocampal-depen-
dent memory deficits [47]. Measuring expression of
exon18 which is present in both isoforms by qPCR shows
an increase only at RT30’. However, measuring only
expression of isoform 1 (exon 1B) shows a sharp increase
at FC30’ and a reduction at RT30’ (Figure 2B), suggesting
that both processes differentially affect Per1 splicing.
We also confirmed induction of a majority of genes
previously shown to be upregulated after memory acqui-
sition and reproduced in several studies. These include
Arc, Fos, Fosb, Dusp1, Egr1 (Zif268), Egr2, Nr4a1, JunB,
Sgk1, Npas4, Ddit4 and Nfkbia. [17-19,48], all of which
are also upregulated after retrieval (Additional file 5).

Figure 1 Genome-wide changes in gene expression after memory acquisition and retrieval. A. Number of probe sets differentially
expressed at each sensitive period during memory acquisition (FC30’, FC4 and FC12) relative to their circadian time controls (CC30’, CC4, CC12).
B. Genome-wide hierarchical clustering of gene expression patterns at all time-points. Changes 30 minutes after acquisition (FC30’) and 30
minutes after retrieval (RT30’) are similar genome-wide (black box). C. Number of differentially regulated genes at FC30 and RT30 at two different
false discovery rates (fdr <0.01 and < 0.1) and their overlap. The overlap is concentrated in upregulated genes.
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We do not observe induction of Bdnf at FC30’ in our
microarray analysis or by qPCR analysis of levels of indi-
vidual Bdnf isoforms (data not shown), contrary to what
has been previously reported [49]. Bdnf induction does
not peak until 2 hours after fear conditioning [49], thus
levels of Bdnf may not have increased sufficiently for
detection in our samples.
To investigate which functions or pathways are affected

by memory acquisition and retrieval, we carried out func-
tional annotation and functional interaction analyses of
protein coding genes. Figure 3A depicts the relationship
between genes regulated in FC30’ and RT30’ and the cor-
responding functional categories. The scatterplot shows
t-statistics of differential expression relative to CC30’ for
both groups plotted relative to each other. Genes that are
statistically significant in the FC30’ vs. CC30’ comparison
at fdr <0.1 are shown in red, and those significant in the
RT30’ vs. CC30’ comparison in blue. The upper-right
quadrant highlights genes that are up-regulated in both
conditions. Interestingly, the overlap between FC30’ and
RT30’ concentrated in upregulated genes shows enrich-
ment for a single functional class: transcriptional regula-
tion (Figure 3A), and includes genes such as Btg2, Fos,
Egr1, Egr2, Nr4a1, JunB, and NfKbia. Further detail on the
results of the functional annotation analysis can be found
in Additional files 6 and 7. To identify the regulatory net-
works involved the regulation of this class of genes; we
performed functional interaction network analysis of up-
regulated genes at both time-points (Additional file 8A).
The results suggest that three main transcriptional net-
works are being activated by both memory acquisition and
retrieval, all highly interconnected: a MAPK/CREB net-
work, an Nf-�B network, as well as a network represented
by Per1 (Additional file 8B). These results agree with a

previously established role of the MAPK/CREB and Nf-�B
transcriptional pathways in learning and memory forma-
tion [50,51], and thus provides further evidence supporting
the robustness of our approach.

Memory acquisition and retrieval downregulate different
epigenetic processes that modify gene expression
An interesting observation in Figure 3A is that the
lower-left quadrant is almost empty, showing little over-
lap between downregulated genes. Accordingly, genes
downregulated after acquisition and retrieval show no
overlap in function. Chromatin assembly is downregu-
lated after acquisition (Additional file 7A), exemplified
by histone 2A isoforms Hist1h2af, Hist2h2ab, Hist1h2ao
and Hist2h2aa1. RNA processing is downregulated after
retrieval (Additional data file 7B), exemplified by spli-
cing factors Prpf38b and Rbfox1, and spliceosome kinase
Srpk2. Downregulation of genes involved in chromatin
assembly observed in our microarray after acquisition is
driven by downregulation of Histone 2A isoforms. Based
on closer inspection of the probe-level data, Hist2h2ab
emerged as the H2A gene most likely regulated by dur-
ing memory consolidation. Greater than 2-fold downre-
gulation of expression of Hist2h2ab, herein referred to
as H2AB, was confirmed by qPCR in an independent
cohort of animals (Figure 3B).
To further investigate regulation of histone variants

following memory acquisition we performed a quantita-
tive proteomics analysis using a nanoLC-MS/MS plat-
form 1 hour after contextual conditioning. The high
similarity of sequence makes it challenging to determine
the specificity of the regulation of H2A variants at the
protein level using antibody-based technologies. We
found that H2AB was detectable in proteomic analyses

Figure 2 Memory acquisition and retrieval upregulate the expression of similar genes. A. Btg2, Sox18 and Sik1 are regulated at both FC30’
(dark grey) and RT30’ (light gray). B. Selective upregulation of Per1 isoforms at FC30’ and RT30’. Microarray and qPCR samples are from
independent cohorts of animals (n = 9, n = 8). qPCR values represent average fold change relative to controls (CC30’) after normalization against
Gapdh levels. Microarray experiment results are labeled (M). Fos is included as positive control. Statistical significance is shown as either fer
(microarrays) or p-values (qPCR), <0.01(**) or <0.1 (*).
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(Figure 4A) and easily distinguished from other H2A
variants. As can be seen in the tandem mass spectra
(Figure 4B and 4C) the 14 Da shift produced by the
unique presence of a Valine instead of an Isoleucine in
H2AB (Additional file 9) allows for the distinction of
this novel activity-dependent variant from other H2As
using proteomics. Quantification of abundance of
histone variants (Figure 4D) demonstrates that H2AB is
the most abundant variant in the mouse hippocampus.
H2AB is also the only variant significantly downregu-
lated by contextual conditioning (p < 0.05), consistent
with the microarray and qPCR data, although trends for
the reduction of H2A.Z and H2A.X are also observed.
Because H2AB has not been previously characterized,
we used a molecular evolution approach to investigate
its relationship to H2A variants that have been charac-
terized more thoroughly. The resulting multiple
sequence alignment and phylogenetic tree (Additional
files 9 and 10 S8) show that H2AB is an H2A variant
100% conserved between human and mouse that is clo-
sely related to H2A.X and H2A.J whose role in tran-
scriptional regulation has yet to be studied. Histone
variants have emerged as key players regulating epige-
netic processes such as chromatin structure and

dynamics [52]. Although there is a great deal of knowledge
regarding the importance of epigenetic processes such as
histone modifications and DNA methylation to memory
formation [5-7], the role of histone variants has not yet
been explored. It has been previously shown that during
rat cortical neuron differentiation there are changes in
H2A and H3 variant composition [53]. More recently, an
H2A variant (H2BE) necessary for the survival of olfactory
neurons was identified, and its expression has been shown
to be regulated in an activity-dependent manner [54]. Our
data suggests that histone variants, and thus broader epi-
genetic changes such as global changes in chromatin
accessibility, may be an important component of the epi-
genetic mechanisms recruited at the first sensitive period
during memory consolidation.
Memory retrieval had a bigger impact on processes that

regulate RNA processing. The downregulation of splicing
factor Rbfox1 was also replicated by qPCR in an indepen-
dent cohort (Figure 3C). To our knowledge, this is the
first time that Rbfox1 has been reported to be regulated
by behavior. Rbfox1 is an important regulator of both
splicing and transcription in brain development [55] that
controls neuronal excitability [56]. Clinically, Rbfox1
deletion is correlated with developmental delays, learning

Figure 3 Memory acquisition and retrieval down-regulate different processes. A. Comparison of differential expression between memory
acquisition (x-axis) and retrieval (y-axis). Values represent t-statistics of each condition (FC30’, RT30’) vs. circadian time control (CC30’) for each
gene. Genes not differentially expressed are represented as black circles, differentially expressed (DE) genes at FDR <0.1 are represented as red
circles for FC30 and blue crosses for RT30’. Results of functional annotation clustering analysis (Figures S4 and S5) for each class of DE genes
are shown in colored ovals and labeled according to enriched function. Genes upregulated at FC30’ and RT30’ corresponding to the function
“Regulation of transcription” are highlighted in orange. Genes downregulated at FC30 corresponding to the function “Chromatin assembly” are
shown in green. Genes downregulated at RT30’ corresponding to the function “RNA processing” are shown in pink. Enrichment scores (EASE) for
functional clusters are shown in parenthesis, all functions are significantly enriched compared to the expected frequency for genes in the
microarray (EASE >1.3 ~ geometric mean of p-value of all functions in the cluster <0.05) B. Downregulation of gene expression of H2AB at the
first sensitive period during consolidation (FC30’, dark grey) C. Downregulation of gene expression of Rbfox1 after retrieval of memory (RT30’,
light gray). Microarray and qPCR samples belong to independent cohorts of animals (n = 9, n = 8). Values represent average fold change relative
to controls (CC30’) after normalization against Gapdh levels. Microarray experiment results are labeled: (M). Statistical significance is shown as
either fdr (microarrays) or p-values (qPCR) <0.05 (**) or <0.1 (*).
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disabilities and autistic-like features [57]. The results
of the functional annotation analysis (Figure 3A), the
validation of the down-regulation of Rbfox1 by qPCR
(Figure 3C) and the differences in alternative splicing of
Per1 observed between FC30’ and RT30’ (Figure 2B), sug-
gest that post-transcriptional regulation may be of parti-
cular importance following memory retrieval. Splicing
regulators have been previously reported to change
expression during memory formation [58]. However,
alternative splicing following memory formation at the
genome-wide level has not been previously examined.
Greater efforts in future experiments will be directed at
understanding the regulation of different spliced isoforms
after acquisition and retrieval.

Memory consolidation and retrieval differentially regulate
non-coding RNA expression
We also evaluated the regulation of 1,229 non-coding
transcripts with well-established annotation. A summary

of non-coding RNAs regulated either at FC30’ and RT30’
can be found in Additional file 11. MicroRNA genes
miR-212, miR-132 and miR-219 were selected for further
validation. MiR-212 and miR-132 are CREB-dependent
microRNAs derived from the same precursor that are
induced by LTP [59] and play an important role in neu-
ronal plasticity [60]. MiR-219 expression is dependent on
the activity of NMDA receptors [61], which play an
essential role in the acquisition of spatial memories in
the hippocampus [62,63]. In addition, we selected three
non-coding RNAs whose role in brain function has not
been studied previously for further validation: two var-
iants of a small nucleolar RNA (snoRNAs Snord14d and
Snord14e) and miR-410, one of the microRNAs con-
tained within the Mirg imprinted non-coding RNA clus-
ter. Snord14e and Snord14d represent some of the
highest fold changes seen in our microarray while Mirg is
strongly expressed in the brain during development [64].
Mirg contains at least 13 microRNAs (UCSC genome

Figure 4 Quantitative proteomic analysis of histone variants following contextual conditioning. A. Single ion chromatograms of peptides from
core H2A (HLQLAIR, 453.780 m/z) or the H2AB variant (HLQLAVR). B. MS/MS spectra positively identifying the peak at 453.780 m/z as containing the
HLQLAIR sequence (core H2A). C. MS/MS spectra identifying the peak at 466.772 m/z as containing the HLQLAVR sequence (H2AB). D. Quantification
of histone variants following contextual conditioning. Values represent average normalized percentage (n = 4 per group) of the total for each variant
for cage controls (CC) and contextual fear conditioning (FC). Statistical significance was determined using two-tailed t-tests.
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browser) including miR-410 whose expression is known
to be specific to the central nervous system [65].
Microarray results may reflect expression of micro-

RNA precursors or processed microRNAs, because RNA
hybridized to the microarray was not specifically
selected to include small RNA species. Therefore, we
performed a second set of experiments isolating small
RNAs for subsequent quantification using qPCR to eval-
uate the expression of mature microRNAs. The results
show upregulation of the non-coding RNAs miR-212,
miR-132, miR-410, Snord14d and Snord14e following
memory acquisition (FC30’) and retrieval (RT30’)
(Figure 5A); although the levels of upregulation
observed differ between the two time-points. The induc-
tion of miR-212 and miR-132 is not surprising given
that they both are induced by LTP [59] and miR-132

has been shown to increase in response to the Barnes
maze learning paradigm [66]. Transgenic expression of
miR-132 impairs novel-object recognition memory [67],
suggesting that these microRNAs have a functional role
in memory storage. Differential regulation of miR-132
and miR-212 after memory acquisition and retrieval
raises the interesting possibility that they target different
genes during those processes, although so far the few
known experimentally validated targets are shared
between miR-132 and miR-212 [60]. A lot less is known
about miR-410, but the experience-dependent induction
we observe along with the specificity of its expression
within the central nervous system and the strong asso-
ciation of one of its targets (MET) with autism [68,69],
point to an important role of this microRNA in the reg-
ulatory networks that underlie memory consolidation.
Brain-specific snoRNAs have been previously reported
to be induced in the hippocampus by contextual fear
conditioning [70]. However, the function of snoRNAs in
post-transcriptional gene regulation in the brain remains
largely unexplored.
Downregulation of miR-219 was only found to be sig-

nificant after retrieval (Figure 5A), supporting our pre-
vious observation that retrieval downregulates genes
involved in RNA processing. MiR-219 is known to regu-
late protein levels of CAMKIIg [61]. To investigate if the
observed reduction of miR-219 had a functional effect
on protein levels of CAMKIIg we performed western-
blots in an independent cohort of animals (n = 10 per
group) and found that CAMKIIg protein levels are indeed
significantly increased (p < 0.05) after memory retrieval
(Figure 5B). It is not clear if the molecular changes we
observe after retrieval correspond to reconsolidation or
extinction of the memory trace. Based on available litera-
ture [71-74], the observed down-regulation of miR-219
and up-regulation of CAMKIIg is consistent with the
hypothesis that a single brief re-exposure to the context
may inhibit NMDAR activity while maintaining or even
increasing CAMKII signaling and thus promote memory
reconsolidation while inhibiting extinction. Although it
is likely that CAMKIIg plays an important role in
CAMKII mediated signaling, its specific function remains
unknown.

Conclusions
Our study characterizes gene expression genome-wide,
both protein coding and non-coding, at several time-
points during memory consolidation and following retrie-
val of memory. We show that training is not the main
source of variance in gene expression. We introduce the
removal of unwanted variance though normalization to
the study of transcriptional changes genome-wide in the
context of brain and behavior. Using this approach, we
successfully identify novel gene expression changes

Figure 5 Non-coding RNA regulation after memory acquisition
or retrieval. A. Non-coding RNAs induced at FC30’ (dark grey) or
RT30’ (light gray) by qPCR (n = 8). MiR-219 is down regulated only
at RT30’ (box). Expression values from qPCR experiments represent
fold changes relative to control (CC30’) after normalization against
Snord68 levels. Statistical significance is highlighted as p-value <0.01
(**) B. Protein levels of miR-219 target, CAMKIIg, increase after
retrieval, as expected from the downregulation in expression of miR-
219. Western-blots from hippocampal protein lysates 30 minutes
after retrieval (RT30’) in an independent cohort of animals (n = 10),
protein levels are represented as fold change relative to control
(CC30’), statistical significance is highlighted as p-value <0.05 (*).
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following contextual conditioning as well as reproduce
the majority of the previously reported changes. The
largest changes in gene expression related to memory
formation are observed 30 minutes after memory acquisi-
tion and 30 minutes post retrieval. We identify a novel
activity-dependent histone variant, H2AB, and show that
is downregulated following memory acquisition. We
point to several gene candidates that have not been pre-
viously described to be involved in learning and memory,
including transcriptional regulators Sox18, Btg2 and Sik1,
and splicing factor Rbfox1. Finally, we examine genome-
wide non-coding RNA regulation following memory
acquisition and retrieval, pointing to a likely important
role of microRNAs miR-132, miR-212, miR-410 and
snoRNAs Snord14d and Snord14e in posttranscriptional
regulation during both processes as well as a specific role
for and miR-219 and its target CAMKIIg after retrieval.
Epigenetic mechanisms that regulate gene expression
have been shown to be essential to long-term memory
formation. Our study underlines the importance of two
currently understudied epigenetic processes to memory
storage and retrieval: histone variants and post-transcrip-
tional RNA regulation; the study of which will expand
our knowledge of the molecular mechanisms by which
the brain maintains long-lasting changes induced by
experience.

Methods
Subjects
C57BL/6J adult male mice (2 months of age) were
obtained from Jackson Laboratories and housed indivi-
dually for a week on a 12 hr./12 hr. light/dark schedule
with lights on at 7 am (Zeitgeber time (ZT) 0). Food
and water were available ad libitum throughout the
experiment. Each animal was handled daily for 3 days
prior to contextual fear conditioning (FC). Handling
consisted of manipulation of the animals for 1-2 min-
utes per mouse in the same room as the experimental
setting without exposure to the context. The condition-
ing protocol entailed a single 2-second, 1.5-mA foot
shock, terminating at 2.5 minutes after placement of the
mouse in the chamber, starting at 10 am (ZT3) daily.
Plexiglass operant chambers (Med-Associates, 31.8 ×
25.4 × 26.7 cm) housed in sound-attenuating boxes
equipped with individual fans and lights were used for
all fear conditioning experiments and controls. The
floor consisted of stainless-steel grid rods 3.2 mm in
diameter, spaced 0.5 cm apart. Footshock was delivered
by a Med-Associates solid-state shock source and grid
floor scrambler that delivered a constant current
(1.5 mA). Conditioning was quantified by measuring
freezing behavior, using automated scoring software (Cle-
ver Systems). For microarray experiments, hippocampal
dissections were performed immediately following the

behavioral treatment, and alternated between FC and
control animals. Tissue was collected at 30 minutes
(FC30’), 4 hours (FC4), 12 hours (FC12) or 24 hours after
FC (FC24) as well as 30 minutes after testing for retrieval
of the memory (RT30’). Testing was performed at
24 hours after training over a 5-minute interval, which is
sufficient to induce reconsolidation [75,76]. The average
freezing was 55 +/- 10%. Tissue was immersed in RNAla-
ter (Qiagen) and immediately frozen. Animals that were
handled but not trained were dissected at the same time
of day (within 30 minutes) to control for variations due
to circadian rhythms (CC30’, CC4 and CC12). The proto-
col was repeated over the course of 2 weeks to obtain
9 animals (2 hippocampi) per group, so that 9 indepen-
dent FC experiments were represented in each time
point and all animals for each group were dissected at
the same time of day. For subsequent qPCR and western
blots the same protocol was followed, but tissue was col-
lected only at FC30’, CC30’ and RT30’. Tissue for protein
extraction was not immersed in RNAlater. All experi-
ments were approved by the Institution of Animal Care
and Use Committee of the University of Pennsylvania
and were carried out in accordance with all National
Institutes of Health guidelines.

Microarrays
RNA extraction was performed using Qiagen RNAeasy
Microarray Tissue kit. All RNA extractions were per-
formed the same day within a week of tissue collection.
Induction of positive controls Arc, Fos and Dusp1 was
confirmed by qPCR in the same samples previous to
submission to microarrays analysis (data not shown).
RNA was submitted to the University of Pennsylvania
molecular profiling core for cRNA preparation, hybridi-
zation and scanning. Samples were simultaneously
hybridized to an Affymetrix Mouse 1.1 Gene-EST 96
sample array plate. Target preparation and hybridization
protocols were conducted as described in the Affymetrix
GeneChip Expression Analysis Technical Manual. Bioti-
nylated cRNA were prepared from 3 µg total RNA using
the Ambion WT Expression Kit. Hybridization, staining
and washing was performed using the GeneTitan Hybri-
dization, Wash and Stain Kit for WT Array Plates.
Fluorescent signal scanning was performed using the
GeneTitan multi-channel instrument. The average signal
from two sequential scans was calculated for each
microarray feature. RMA normalization was performed
using Affymetrix Power tools.

Statistical analysis
Principal component analysis (PCA) and differential
expression analysis was performed using the R program-
ming language and available packages from the R/Bio-
conductor project [77]. PCA was performed after all
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expression values were standardized against the mean.
The contribution of the first three principal components
to the variance is as follows: PC1: 40%, PC2, 17% and
PC3, 8%. The data was normalized against the first prin-
cipal component to remove global systemic artifacts in
all subsequent analyses of differential expression. Differ-
ential expression was performed against time of day
matched controls. Local false discovery rates calculation
using empirical null distributions was performed by
applying the locfdr package to pair-wise t-statistics
obtained after PC1 normalization. Estimating an empiri-
cal null hypothesis has been shown to add power to
estimates of differential gene expression in large-scale
studies [38]. However this approach has never been
used before to study genome-wide changes gene expres-
sion in the brain. Genome-wide fuzzy hierarchical clus-
tering as originally detailed by Gasch and Eisen [78] was
implemented using Cluster 3.0 using average linkage on
average expression values per condition after RMA nor-
malization. Clustering of individual replicates did not
produce any clusters.

Cross-platform ID mapping, functional annotation and
functional interaction analyses
Mapping of gene IDs across different platforms as well as
enrichment of functional annotation was assessed using
the Database for Visualization and Integrative Discovery
(DAVID) [79]. Functional annotation was limited to the
following sources to increase information and limit
redundancy: GO Biological process, GO Molecular Func-
tion, KEGG pathways, and SwissProt and Protein Infor-
mation Resource keywords. Enrichment for each term
was defined relative to the all mouse probe-sets present
in the microarray, and was defined as a p < 0.05 with at
least 3 genes per term per dataset. Fuzzy Heuristical clus-
tering was performed using kappa similarity >0.3 and
final group membership of at least 4 functional terms.
Enriched functional clusters were defined as enrichment
score ≥1.3 (p-value geometric mean between all genes
within the cluster <0.05). Functional interaction analysis
was performed with STRING [80], using co-expression,
experimental, database and PubMed text-mining data.
The cut-off interaction score was 0.4 (medium confi-
dence) and the number of additional interactions equal
to double the number of initial nodes. Clusters within the
interaction network were obtained using K-means [81],
K was evaluated from 2-6, results are displayed for the
best fitting K value (k = 4).

Quantitative proteomics
Hippocampi were dissected 1 hour after fear condition-
ing and flash frozen in liquid nitrogen. Frozen nuclei
were thawed on ice and homogenized in 1 mL NIB-250

(15 mM Tric-HCl pH 7.5, 60 mM KCl, 15 mM NaCl,
5 mM MgCl2, 1 mM CaCl2, 250 mM Sucrose, protease
inhibitor cocktail (Sigma), 1 mM DTT, 10 mM sodium
butyrate) + 0.3% NP-40 in a Type B dounce homogeni-
zer. After 5 minutes on ice, nuclei were pelleted at
600 g for 5 minutes at 4°C and washed in 10:1 NIB-250
without detergent. Nuclei were pelleted and dissolved in
250 ul of 0.4N H2SO4. Acid extraction was performed
on a nutator at 4°C for 3 hours, spun at 1500 g for
5 min, and the supernatant was set aside. The pellet was
dissolved in another 250 ul of 0.4N H2SO4, rocked for
1 hour at 4°C, and spun at 1500 g for 5 minutes. The
two supernatants were combined, 125 ul of 100% TCA
was added, and precipitation was allowed to proceed
overnight at -20°C. Samples were spun at 3400 g for
10 minutes, aspirated, and washed with 1 mL 0.1% HCl-
acetone. Pellets were washed an additional 2× in acet-
one, allowed to dry, and redissolved in 20 ul H2O. His-
tone pellets were prepared for mass spectrometry
experiments as previously described [82]. In brief, his-
tones were reacted with a 3:1 propionic anhydride/iso-
propanol mixture, digested with trypsin at a 20:1
protein/trypsin ratio and then reacted with the propio-
nylation reagent one more time to cap the newly gener-
ated N-termini. Digested histones were then loaded
onto and separated by reversed-phase high-performance
liquid chromatography (HPLC) on an EasyLC 1000 sys-
tem (Thermo, San Jose, CA) using a 75-μm-inner dia-
meter fused silica column packed with 10-15 cm of
5-μm C18 (Michrom, Auburn, CA). The HPLC gradient
was a 1-30% buffer B in buffer A (buffer A, 0.1 M acetic
acid; buffer B, 95% acetonitrile in 0.1 M acetic acid) for
35 min followed by 30-99% buffer B for 30 min was
used to elute peptides, which were ionized into an Orbi-
trap Velos instrument via electrospray ionization. Pep-
tides were analyzed on The Orbitrap Velos mass
spectrometer (ThermoFisher Scientific, San Jose, CA)
with full scans of m/z = 290-1200 with a resolution of
30,000, followed by 7 MS/MS spectra collected in the
ion trap. All data was manually analyzed and quantified
as previously reported [82].

Ortholog mapping and molecular phylogenetic analysis
Orthologs of mice Hist2h2ab were determined using
BLAST against the OrthoMCL database [83] (ortholog
group OG5_126570). All mouse and human sequences
within the ortholog group plus mouse and human H2A.Z
were aligned using T-coffee [84]. Phylogenetic reconstruc-
tion was performed using PHYML [85] with 100 bootstrap
support and displayed using iTOL version 2 [86]. Histone
variant macroH2A was not included because the presence
of the macro domain produces severe long-branch attrac-
tion in the phylogeny reconstruction.
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Quantitative RT-PCR (qPCR)
RNA extraction was performed using Qiagen RNAeasy
lipid tissue kit with modifications to obtain both small
RNAs as well as mRNAs. Briefly, RNA precipitation was
performed using 100% EtOH and washes were per-
formed using Qiagen’s RWT buffer. Concentration and
purity was quantified by NanoDrop spectrophotometry
(Thermo Fisher Scientific, Wilmington, DE). For quanti-
tative real-time RT-PCR, reactions were prepared in
384-well optical reaction plates (ABI, Foster City, CA)
with optical adhesive covers (ABI). Two technical repli-
cates were used. Reactions were carried out in ViiA7
real-time PCR system (Invitrogen). For mRNA qPCR,
generation of cDNA was carried out by the RETRO-
script kit (Ambion) with 1 µg of RNA as template. Taq-
man gene expression assays for all genes were obtained
from ABI (Invitrogen). Data was normalized to Gapdh
prior to calculation of differences.
Relative quantification of gene expression was per-

formed according to ABI’s User Bulletin #2. Fold change
was calculated using the delta delta Ct method. The data
presented is the calculated mean for the biological repli-
cates with n = 8 (i.e., the number of mice examined).
We used t-tests to compare fold change values for each
gene in each comparison of interest. Two-tailed p-values
are reported. Fos induction was used as positive control
on all qPCR runs. For microRNA and snoRNAs, qPCR
was performed using the miScript system from Qiagen.
Reverse transcription was performed using miScript II
RT kit using Hiflex buffer. MicroRNA and small nucleo-
lar RNA detection by real-time PCR was performed using
the miScript SYBR green PCR Kit. miSCRIPT primer
assays were obtained from Qiagen, with the exception of
primers for Snord14d and Snord14e. See Additional data
file 12 for assays IDs and sequences. Data was normalized
to Snord68 prior to calculation of differences. Fold
changes were calculated as detailed for mRNAs above.

Western blot analysis
Frozen hippocampal tissue was homogenized in RIPA
buffer with protease and phosphatase inhibitors. Pro-
teins were separated by 4-20% Tris-Glycine SDS-PAGE
and transferred to polyvinylidene difluoride (PVDF)
membranes. Membranes were blocked in 5% BSA-TBST
and incubated overnight at 4°C in primary antibody for
CAMKIIg (1:1000 abcam). They were washed, and incu-
bated with appropriate horseradish peroxidase-conju-
gated goat anti-mouse or anti-rabbit IgG (1:5000, Santa
Cruz) for 1 hour. Blots were exposed using ImageQuant
LAS 4000 digital imaging system and quantified using
ImageJ. Blots were stripped and re-probed with anti-b-
tubulin antibody (1:20000, Sigma). Density of CAMKIIg
signal was normalized to b-tubulin levels.

Availability of Supporting Data
Microarray data generated in this study is publicly avail-
able through GEO (GSE50423). Mass Spec data is avail-
able at ChorusProject.org under project name hippocampi
histone in mice or with the following links:
https://chorusproject.org/anonymous/download/

experiment/8175298673241556154
https://chorusproject.org/anonymous/download/

experiment/5303374160982551218

Additional material

Additional file 1: Principal component analysis of genome-wide
gene expression changes in mouse hippocampus after
conditioning. Genome-wide gene expression was obtained for 72
samples with n = 9 mice/2 hippocampi per group (each collected from
an independent experiment) of the following time points: 30 minutes
(FC30’), 4 hours (FC4), 12 hours (FC12) and 24 hours after contextual
conditioning (FC24) as well as 30 minutes after testing for retrieval of the
memory at 24 hours (RT30’). Animals that were handled but not trained
were dissected at the same time of day to control for variations due to
circadian rhythms (CC30’, CC4 and CC12). Samples are color coded in the
following order: CC30’ (black), FC30’ (red), CC4 (green), FC4 (blue), CC12
(light blue), FC12 (pink), FC24 (yellow), RT30’ (grey). Loadings for the first,
second and third principal components are shown. A depicts the
loadings of the first principal component, showing high variability in
some mice not correlated with sample. B depicts the loadings of the
second principal component, showing variability from day to day or
experiment to experiment not correlated with either day or sample.
C shows a plot of the scores for PC1 (x-axis) vs. PC2 (y-axis) for all genes
in the microarray, showing a very high correlation in a subset of 172
genes for PC1 and PC2 (red oval). D depict the loadings of the third
principal component, which shows a high correlation between FC4 and
CC4, and FC12 and CC12, suggesting that circadian time has a strong
influence in gene expression at those time-points regardless of
treatment.

Additional file 2: Functional clustering of genes whose scores are
correlated between PC1 and PC2. DAVID functional clustering [87] for
the 172 probe-sets (58 genes) whose scores are correlated between PC1
and PC2 (Figure S1C). Enrichment scores (EASE) for functional clusters are
calculated as the negative logarithm of the geometric mean of the p-
values for individual terms in the cluster including only functional terms
with a p-value <0.05 and at least 3 genes and using a cutoff of EASE
>1.3 to define enriched clusters (p-value geometric mean <0.05). Only
one cluster was identified above the cutoff, with EASE = 3.41, containing
4 functional terms all related to pheromone function. Number of genes
that belong to each functional term as well as the term enrichment p-
value is displayed on the right. Horizontal bars represent the proportion
of the total genes in the list that belong to the individual functional
term.

Additional file 3: Genes differentially regulated in the mouse
hippocampus due to circadian time. This table shows the detailed
results of comparing gene expression at two times of day: CC30’(10:30
am) and CC12 (10 pm) in the mouse hippocampus. Results are provided
at two different fdrs (<0.01, <0.1). Down-regulated probe-sets are
highlighted in red, up-regulated ones in green.

Additional file 4: Regulation of circadian gene expression in the
hippocampus. A Overlap of genes regulated by time of day in the
hippocampus with known circadian oscillators. Transcripts shown to be
regulated in the mouse liver at either 24 or 12 hour periods were
extracted from Hughes et al [27]. First, probeset ID mapping between
Affymetrix mouse Gene Chip 480_2 and Affymetrix Gene 1.1 ST arrays
was performed using DAVID [87], allowing all possible mappings. Overlap
between the datasets was performed on the basis of the Affymetrix 1.1
Gene ST array IDs. Number of probe sets in each of the datasets is
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indicated outside of the Venn diagram. B. Differential expression over
24 hs of known circadian oscillators (Per1, Per2, Per3) and known
plasticity related genes (Arc, Bdnf, Ep300 and Crebbp). Fold change (log2
scale) relative to CC30 (Y-axis) vs. time relative to CC30 (X-axis). Twelve
hours’ time point (CC12) is highlighted and it overlaps with a peak in
activity for mice (10 pm).

Additional file 5: Genes differentially regulated in the mouse
hippocampus due to acquisition or retrieval of memory. This table
details the results of comparing gene expression at all-time points after
contextual conditioning (FC30’, FC4, FC12 and RT30’) with their
respective circadian time controls (CC30’, CC4 and CC12). The overlap
between genes regulated at FC30 and RT30 is also provided. Results are
shown at two different false discovery rates (fdrs <0.01, <0.1). FC24 is not
displayed because no gene expression changes were detected at either
fdr. Table provided as Excel spreadsheet. Down-regulated probe-sets are
highlighted in red, up-regulated ones in green. Average expression for
each probe-set at each time-point is provided (log2 scale). Genes that
had been validated to be differentially expressed after contextual
conditioning in other studies are highlighted in orange; genes validated
in this study are highlighted in yellow.

Additional file 6: Functional clustering of genes upregulated at
FC30’ and RT30’. DAVID functional clustering [87] for the 27 genes that
are up-regulated at FC30’ and RT30’ at an fdr<0.1. Enrichment scores
(EASE) for functional clusters are calculated as the negative logarithm of
the geometric mean of the enrichment p-values for individual functional
terms in the cluster. Only terms with p-value <0.05 with and at least 3
genes are included in the clustering. Only clusters with EASE >1.3 are
considered enriched clusters (p-value geometric mean <0.05). Only one
cluster with enrichment score of 2.63, containing 30 functional terms was
identified. All functional terms are related to regulation of transcription.
Number of genes in each cluster as well as individual enrichment p-
values for each functional term is displayed.

Additional file 7: Functional clustering of genes down-regulated at
FC30’ and RT30’. DAVID functional clustering [87] for genes that are
down-regulated at FC30’ or RT30’ (fdr<0.1). Enrichment scores (EASE) for
functional clusters are calculated as the negative logarithm of the
geometric mean of the enrichment p-values for individual functional
terms in the cluster. Only terms with p-value <0.05 with and at least 3
genes are included in the clustering. Only clusters with EASE >1.3 are
considered enriched clusters (p-value geometric mean <0.05).
A. Functional clustering for the set of 63 genes (72 probe-sets)
downregulated at FC30’ but not at RT30’. Only one cluster with
enrichment score of 2.73, containing 20 functional terms was identified.
All functional terms are related to chromatin assembly. B Functional
clustering for the set of 84 genes (107 probe-sets) downregulated at
RT30’ but not at FC30’. Only one cluster with enrichment score of 1.58,
containing 6 functional terms was identified. All functional terms are
related to RNA processing. Number of genes that belong to each
functional term as well as the term enrichment p-value is displayed on
the right. Horizontal bars represent the proportion of the total genes in
the list that belong to the individual functional term.

Additional file 8: Regulatory networks induced by memory
acquisition and retrieval. Functional interaction analysis of protein
coding genes induced at FC30’ and RT30’ (STRING [80]). A. Interaction
network of genes induced at FC30’ and RT30’. Only 20 out of the 27
non-intronic probesets up-regulated at FC30’ and RT30’ (fdr <0.1)
mapped to mouse proteins present in the STRING database (colored
nodes), 40 additional nodes were incorporated based on predicted
interactions (white nodes). Interactions between nodes are represented
as colored lines, only medium to high confidence interactions are shown
(interaction score > 0.4). Colors represent sources of information as
follows: co-expression (black), experiments (magenta), databases (blue)
and PubMed text-mining (green). Interaction score > 0.4 for all shown
interactions. B Results of K-mean clustering (k = 4) of the interaction
network shown above. Clusters are color coded, red nodes representing
unclustered nodes. Three clear clusters are present in the network: a
MAPK/CREB cluster (yellow), an Nf-�B cluster (in green) and a Per1
cluster (in blue). Interactions within clusters are represented by solid
colored lines, while interactions among clusters are represented by

dashed colored lines. Colors represent sources of information as
previously described.

Additional file 9: Multiple sequence alignment of the c-terminal
portion of Histone 2A. Mouse Hist2h2ab (H2AB) was mapped to
orholog group OG5_126570 using OrthoMCL [83]. Human and mouse
Ensembl sequences from the group were aligned using T-coffee [88].
Positions 69-145 are displayed, since no differences between H2AB and
other H2A sequences are observed in the N-terminus. Gene names are
displayed, m depicts mouse sequences, h depicts human sequences.
Residues conserved in all sequences are not-color coded. H2AB and the
residues unique to this variant are highlighted in green. Magenta: AA
residues for which only one histone variant differs from others. Orange-
yellow shades: AA residues for which several H2A sequences differ from
each other. The red box highlights the peptide used to identify H2AB in
the quantitative proteomics analysis.

Additional file 10: Molecular Phylogeny of human and mouse
orthologs of H2AB (Hist2h2ab). Mouse Hist2h2ab was mapped to
orholog group OG5_126570 using OrthoMCL [83]. Human and mouse
Ensembl sequences from the group were aligned using T-coffee [88] and
phylogeny reconstruction was performed using PhyML [85] using aLRT
likelihood to calculate branch support. Gene names are displayed, m
depicts mouse sequences, h depicts human sequences. Black dots
indicate braches with >0.8 support.

Additional file 11: MicroRNAs regulated after acquisition or retrieval
of memory in our microarray study. Non-coding RNAs (precursors)
regulated at FC30’ or RT30’ in the microarray study. Values represent fold
change relative to control (CC30’). Green background: up-regulated, Red
background: down-regulated. Statistical significance is highlighted by
font color: fdr <0.01 (in red) or fdr <0.1 (in orange). N.S: not significant
differences in gene expression.

Additional file 12: Assays IDs or primer sequences for genes tested
by qPCR.
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