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Abstract

Background: Ageing is a major factor contributing to human morbidity and disease, including
cancer. To study the possible involvement of epigenetic changes in ageing, we used murine
haematopoiesis as a model system. The key cells determining ageing in this system are thought to be
found within the lower side population (LSP) cells of the bone marrow, which are enriched for long-
term reconstituting haematopoietic stem cells) (SP-HSCs). We isolated and phenotyped these rare
primary SP-HSCs from young, medium-aged and old mice and subjected them to comprehensive

methylome (MeDIP-seq) and transcriptome (RNA-seq) analysis.

Results: We found directional (young to old) global loss of DNA methylation of approximately 5%
and over 100 significant (FDR <0.2) ageing-specific differentially methylated regions (aDMRs).
Enrichment analysis of our transcriptome data revealed significant (p << 0.0001) age-dependent
changes in pathways and functions associated with cell movement. A number of genes were
identified to be both age differentially methylated and differentially expressed, and many of these
were associated with migration/adhesion and not previously implicated in ageing. We performed a
proof of principle experiment on an aDMR associated with the Sdpr gene by ex-vivo culture of
isolated SP-HSC in the presence of 5-aza-deoxycytdine and demonstrated dose-dependent negative

correlation between promoter methylation and gene expression.

Conclusions: Our data support a model involving epigenetic dysregulation of genes controlling the

interaction between SP-HSC and their regulatory niche during ageing.
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Introduction

Diseases of the immune system especially myeloid cancers, inflammatory diseases and immune
deficiencies, are major burdens of mammalian ageing. As a result, there is remarkable interest in
delineating age-based alterations in primitive cells of the immune system. Haematopoietic stem cells
(HSCs) are primitive cells, resident in the bone marrow, which are solely responsible for the
maintenance of immune and haematopoietic cells throughout life [1] . The ability of HSCs to self-
renew and differentiate into other blood cell types is tightly regulated by both intrinsic mechanisms
and the micro-environment or niche in which they reside [2-6]. Several studies have reported a
decline in HSC functionality and a differentiation bias towards myelopoiesis with age [7-12]. This
occurs concurrently with in an increase in the absolute number and relative frequency of HSCs.
Primitive HSCs possess high ABC/G2 pump activity and can be identified via Hoechst dye exclusion
assays [13]. HSCs that are identified by their Hoechst exclusion activity are known as side population
(SP) cells [13]. In 2007, we reported that the SP subset of murine HSCs accumulates with age [11].
In particular, cells with the highest Hoechst exclusion activity (termed "lower SP cells") increase with
age when compared to other subsets of murine stem and progenitor cells [11,14]. As such, analysis
of lower SP cells from aged mice and comparison to lower SP from their non-aged counterparts
provides an opportunity to examine the nature of age-accumulated murine HSCs that have been
identified by a physiological property (ABCG2 activity), rather than surrogate markers. For this
reason, we chose to study the ageing of HSCs, which were isolated using the SP method [13]. We
have not further purified lower SP cells (e.g. with CD150 and CD48 [15] and will therefore refer to
these cells as SP haematopoietic stem cells (SP-HSC). Functional and gene expression changes in
ageing HSCs have been well documented [10,12,16]. However, the exact mechanism governing
these changes remains to be elucidated. An underlying problem of old age is the decline in the
body’s ability to respond adequately to damage, a problem attributed to the loss of phenotypic

plasticity in somatic stem cells (SSCs). In the event of damage, normal SSCs respond to signals, which



instruct them to differentiate and replace lost cells. This signalling and SSC activation process is likely
due to epigenetic regulation of gene expression. DNA methylation (DNAm) is a type of epigenetic
modification and a source of genome plasticity, which involves the addition of a methyl group to the
carbon-5 position of cytosine bases. This occurs predominantly in a CG context which is enriched at
CpG islands (CGls), but also at other features in the genome [17]. There is a strong possibility that
ageing is in part driven by an epigenetic loss of phenotypic plasticity. Indeed, age remains one of the
greatest risk factors in carcinogenesis and a key finding in cancer pathogenesis is deleterious
changes in genome-wide methylation [18-20]. Furthermore, DNAm has also been shown to be
important in HSC regulation and mice lacking enzymes which catalyse DNAm at CG dinucleotides,
DNA methyltransferases Dnmtl and Dnmt3a, have defects in HSC self-renewal and differentiation

[21-23].

We previously described an optimised version of methylated DNA immuno-precipitation-based
sequencing (MeDIP-seq, [24-30]) with low starting concentrations, termed Nano-MeDIP-seq [31].
Nano-MeDIP-seq is a method which allows the unbiased analysis of genome wide DNA methylation
from as little as 50ng DNA. Here, we utilize Nano-MeDIP-seq for the analysis of the SP-HSC
methylome and, for the first time, to our knowledge, simultaneously interrogate the methylome and
transcriptome of a cell population that is highly enriched for HSCs, in order to explore the underlying

causes of changes in HSC functionality during normal ageing.



Results

Isolation of Lower Side Population cells

We sorted lower side population cells (LSPs) from adult female C57b/6 mice at different time points:
Young (8 — 12 weeks, referred to as Young), middle-aged (12 months, referred to as Mid) and old (22
- 24 months, referred to as Old). Figure 1A shows the sample collection logic for this study. LSPs have
previously been shown to be enriched for HSCs, throughout the murine lifespan [14,32,33]. We
enriched for HSCs by selecting for LSPs, which are bone marrow cells defined by the lowest Hoechst
staining as determined by their position on the nucleated bone marrow cells (NBMCs) Hoechst
profile plot (Fig. 1B). We confirmed, by antibody staining for canonical stem cell markers (Lin’, c-Kit",
Sca-1" (KLS); CD150" and CD48’), that LSP cells isolated in this study, (referred to from this point on

as SP-HSCs) were enriched for LT-HSCs. (Fig. 1C)

Generation of the SP-HSC methylomes and data quality assessment

We obtained DNA for three separate pools at the aforementioned three time points and generated
the corresponding SP-HSC methylomes in triplicates for each age group, using Nano-MeDIP-seq (Fig.
1A). This resulted in an average of 5.25 Gb raw paired-end reads per samples (S.D £1.15 Gb) of which
approximately 90% were successfully paired and aligned to the mouse genome (NCBIM37). After
filtering (materials and methods), we obtained an average of 1.92 Gb (S.D * 0.3 Gb) high quality (q 2
10), uniquely mapping paired-end reads. Approximately 60% of all CpGs in the mouse genome were
covered at least 1 fold (Fig. S1), and all MeDIP samples showed a clear CpG enrichment when
compared with Input control samples (Average MeDIP enrichment score = 2.73; S.D + 0.12; n = 9,
Average input enrichment score of 1.11; S.D + 0.03; n = 2). We found a good correlation for all SP-

HSC MeDIP samples (average Pearson’s correlation of 0.84, S.D + 0.09, Table S8). One of our



replicates for the ‘Old’ time point had a lower correlation of approximately 0.7 and was excluded

from global analyses to maintain stringency.

Analysis of the ageing SP-HSC methylomes

To investigate DNAm changes in SP-HSC with age, we carried out comparative analyses (materials
and methods) on normalised methylome data from the Young, Mid and Old SP-HSC. We detected a
global loss of DNAm with age (Fig. 2A) which we quantified to an approximately 5% decrease
(p<0.001, ,Kolmogorov-Smirnov test ) in the average methylation level aggregated over all covered
CpG sites in the Old compared to Young samples (Fig. 2B). Age-related gain of DNAm was only

observed at CGls in Old samples (Fig. 2C).

The MeDUSA pipeline [30] was used to determine age-specific differentially methylated regions
(aDMRs) between the different time points. 53.8% of the mappable mouse genome had a minimum
of 10 reads, which allowed us to confidently detect the presence of aDMRs between our Young, Mid
and Old methylomes. A total of 111 significant (FDR < 0.2) aDMRs were found between Old and
Young samples, of which, 71 were hypermethylated and 40 hypomethylated in the Old samples
(Table. S1). These aDMRs appeared to be randomly distributed across all mouse chromosomes (Fig.
3A), with the exception of chromosome 14 and 16 (where no DMRs were detected) and
chromosome 5, where we found a hotspot significantly (p-value < 0.001) enriched for significantly
(FDR < 0.01) hypermethylated aDMRs. This hotspot corresponds to the location of at least 4 known
members of the Speer gene family, which includes 14 genes that encode putative glutamate-rich
proteins of unknown function. Speer genes are thought to arise from partial duplications of the DIg5
gene [34]. DIg5 is a member of the MAGUK super-family, which are scaffolding proteins that are

important in cell adhesion and cell polarity [35].



Using a previously determined cut-off of 100 Kb [20], we were able to associate 97% of all identified
aDMRs with genes, henceforth referred to as differentially methylated genes (DMGs) (Table. S1),
and observed a progressive change in methylation with age for many aDMGs. Figure 3B shows a
DNAm heatmap for all DMRs, displaying progressive and directional DNAm change at several regions
in the Young, Mid and Old samples. We used GREAT and Panther analysis programs, for DMR
enrichment and DMG enrichment analysis respectively, and did not identify any significant
enrichment, suggesting that individual genes or regions, but not particular pathways may be

involved in this context.

Using annotation from Ensembl (Ensembl 62), aDMRs were categorised according to their genomic
location. Hypermethylated aDMRs were significantly enriched in CGls (Fishers Exact p-value = 2.33E-
09), CGI shores (p-value = 4.30E-09) and exons (p-value = 6.18E-11) and hypo aDMRs were
significantly enriched in exons (p-value = 2.14E-06), CGI shores (p-value = 8.39E-05), introns (p-value
= 3.6E-03) and intergenic regions (p-value = 0.028). Further analysis using the Ensembl regulatory
build (Ensembl 67) revealed that CTCF biding sites were most enriched in the hyper aDMRs and c-

MYB sites were most enriched in hypo aDMRs.

Integrated analysis of the SP-HSC methylome and transcriptome

A major advantage of our study is that DNAm and gene expression analysis was conducted on DNA
and RNA from the same primary and functionally relevant cells. To assess possible functional effects
of the identified aDMRs on gene expression, we performed RNA-seq on mRNAs obtained from the
same Young, Mid and Old samples from which the methylomes were generated (Fig. 1A). We
analysed 50,601 transcripts for expression and differential expression in three biological replicates
each of the Young, Mid and Old samples. For the global analysis, the resulting SP-HSC transcripts
were grouped according to four expression levels (0-25, 25-50, 50-75 and 75-100%) and their

corresponding mean DNAm levels were determined with MEDIPs (methods) by aggregating DNAm



over three putative promoter regions (-5kb upstream, transcription start site (TSS) and 1% exon),
revealing a significant (Kruskal-Wallis, p-value < 0.001) step-wise decrease in promoter methylation
with increasing gene expression across all three age groups (Fig. 4). These findings show a strong
negative correlation between promoter methylation and gene expression in SP-HSC but no age-

specific effect.

Functional analysis of DNA methylation in age-dependent differential gene expression

Of the 50,601 Ensembl transcripts covered by RNA sequencing of ageing SP-HSC, approximately 1290
were found to be significantly (FDR < 0.05) differentially expressed between Young and Old samples,
with 430 genes down-regulated and 860 genes up-regulated in Old samples relative to Young

samples (Table. S2, Fig. S2A).

Ingenuity pathway analysis (IPA) of the 1290 transcripts revealed significant down-regulation of
genes involved in the B cell development pathway (p-value = 2.24E-07) and significant up-regulation
of genes involved in pathways such as caveolae mediated endocytosis (p-value = 0.021) and
functions such as cell movement (p-value = 5.35E-12) and inflammatory response (p-value < 1E-05).
Additionally, transforming growth factor beta 1 (TGFB1), tumour necrosis factor (TNF) and Aryl
hydrocarbon receptor (AHR) were identified as the most significantly (p < 1E-08) overrepresented
upstream regulators of age-dependent differentially expressed genes. Furthermore, signalling
pathway impact analysis (SPIA, [36]) of enriched (KEGG) pathways associated significantly down-
regulated SP-HSC transcripts with inhibition of the B-cell receptor signalling pathway (FDR=0.01) and
activation of cytokine-cytokine receptor interaction (FDR = 0.001). Conversely, activation of
extracellular matrix receptor interactions (FDR = 0.026) and mammalian circadian rhythm (FDR =
0.026) were associated with significantly up-regulated SP-HSC transcripts with age. Appropriate
interaction with the bone marrow niche is critical for HSC regulation, and has been shown to be

important in the choice between self-renewal and differentiation [37], as well as HSC mobilization



and homing [6,38,39]. This regulation appears to be altered with age as we found significant (FDR <
0.05) changes in the expression of several adhesion and cell signalling genes, which are involved in
HSC-niche interactions, such as Selectins, Integrins, (Proto)cadherins, Adams, Adamts, Matrix
metalloproteinases (Mmps) and Cell adhesion molecules (Cams). Additionally, we observed a
significant (FDR < 0.05) age-dependent change in the expression of the gene encoding secreted
phosphoprotein 1 (SPP1; also known as osteopontin (OPN)) and that of its receptor, CD44. IPA gene
ontology analysis of all significantly age-dependent differentially expressed genes, revealed a strong
enrichment of genes involved in cell movement (p-value < 1E-10), of which 134 were up-regulated
and 85 down-regulated (Table. S4). These genes could be further subdivided into functional
categories such as homing, migration, chemotaxis, and infiltration, both up- and down-regulated,
while other sub categories like transmigration and extravasation were exclusively down-regulated in
HSCs from older animals (Table. S4). Interestingly, analysis of the genes, that were found to be
upregulated in this study and in two other studies of HSC ageing (Table S5, [10,12]), revealed cell
adhesion to be the most significantly upregulated biological process during HSC ageing (Fig. S3).
These findings expose a complex involvement of cell movement, cell adhesion and HSC-niche

interactions in HSC ageing.

We also observed a highly significant up-regulation of key genes such as Wnt4, Jag1, Fgfr2 and Bmp4
(FDR < 0.001), involved in HSC regulation and self-renewal and validated the differential expression
of selected genes involved in the top affected pathways by qRT-PCR (Fig. S2B). These included P-
selectin (Selp) which has a key role in inflammation and cell movement [40], Sox4, a transcription
factor crucial for B lymphopoiesis [41], Integrin B3 (/tgb3) which is involved in cell adhesion and cell
signalling [42,43] and Serum deprivation protein response (Sdpr) which is involved in various
signalling processes as well as caveolae formation [44,45]. Down-regulation of DNA

methyltransferase 1 gene (Dnmt1) was also validated by qRT-PCR (Fig. S2B).
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14 aDMGs were found to be significantly (FDR < 0.05) differentially expressed (Table. S6). Majority of
these aDMGs showed an age progressive increase or decrease in DNAm and gene expression (Fig.
S4), suggesting that these genes are differentially regulated with age. Although, the negative
correlation between promoter methylation and gene expression is well established, majority of
these aDMRs do not occur at promoter regions. To understand the possible association between
gene expression and aDMRs, we performed correlation analyses and found significant association
with both hypermethylated genes (p-value = 0.0469), and hypomethylated genes (p-value < 0.0001).
However, these values suggest that hypomethylation is more significantly associated with changes in
gene expression (regardless of whether up- or downregulated). We did not find a significant
directional correlation between gene-specific age-differential methylation and gene expression,
suggesting that the mechanisms by which DNAm regulates gene expression, during ageing, is
complex and remains to be elucidated. For example Trim30a, which was the most significantly (FDR
< 0.01) age hypomethylated gene, was found to be significantly downregulated with age (FDR =
3.67E-14). This positive DNAm/gene expression correlation appears counter intuitive; however, the
DMR overlaps a U6 non-coding small nuclear RNA (snRNA) (Fig. S5), and it is possible that the loss of
DNAm in this region results in the activation of the snRNA, which perhaps causes the down
regulation of Trim30a through aberrant splicing. We are currently designing a separate study to test
this hypothesis. Other notable age-regulated genes include Itgh3, Navl, Nav2, Amotl2, Kiss1r and

Pde8a (Table. S6), which are all involved in cellular migration [46-51].

Although, the exact mechanism, by which the age differential methylation of specific genes
modulates their expression, remains unclear; the integrated methylome/transcriptome analysis
described above and shown in Figure 4, suggested that DNAm at gene promoter regions is involved
in the regulation of SP-HSC gene expression. We thus sought to identify genes with age-dependent
changes in DNAm at the promoter region and concomitant change in gene expression. Sdpr is an
example of such a gene, showing progressive loss of DNAm with age, as identified by MeDIP-seq and
a significant increase in gene expression (FDR < 5E-09) as determined by RNA-seq (Fig. 5A). The Sdpr
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promoter hypomethylation was validated by bisulfite pyro-sequencing of independent Young, Mid
and Old samples (Fig. 5B, Fig. 5C). To demonstrate a possible functional linkage, between the
observed methylation and expression changes, we demethylated purified primary SP-HSC by 5-
Aza’deoxyCytidine (5-Aza’dC) treatment during a 4 day ex vivo culture process. This resulted in a
dose-dependent up-regulation of Sdpr gene expression (Fig. 5D, p-value = 0.028 for 2 uM
treatment). Hypomethylation of the Sdpr promoter following 5-Aza’dC treatment was confirmed by
bisulfite pyro-sequencing of 2 biological replicates (Fig. 5E, p-value < 0.005). These results, as well as
the findings that Sdpr was upregulated in Dnmt1-Knockout (KO) mice HSCs [21] and in Dnmt3-KO

mice HSCs [23], is consistent with an inverse relationship between DNAm and Sdpr gene expression.
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Discussion

We conducted the most comprehensive analysis to date of the methylomes and transcriptomes of
primitive, primary mouse SP-HSC. This population is highly enriched for HSCs [13] and contains a

subset of primitive cells that accumulates with age [52].

We found significant changes in DNAm with age (consistent with studies into human ageing [53,54]),
including a 5% reduction in global methylation and more than 100 aDMRs, the majority of which
were defined by hypermethylation. A similar age-dependent reduction in global methylation has also
been observed in human CD4" T-cells [55]. The transcriptome analysis revealed well over 1000
differentially expressed genes of which the majority (66%) were up-regulated, which is consistent

with the observed global loss of methylation.

Among our novel findings are several cell movement, migration and adhesion genes that were
significantly differentially expressed and/or differentially methylated during SP-HSC ageing. Notable
examples of age-dependent HSC gene expression alterations include up-regulated targets of the Aryl
hydrocarbon receptor (AHR) ligand-dependent nuclear receptor (Table. S3). AHR is known to play a
role in HSC regulation and migration through binding of its agonist, 2,3,7,8-tetrachlorodibenzo-p-
dioxin (TCDD) [56,57]. Exposure of HSC to TCDD has also been shown to result in increased HSC
proliferation and myeloid skewing [58]. Another interesting finding is the age-dependent differential
expression of Sppl and CD44. CD44 is an adhesion molecule that is involved in cell migration and
cancer metastasis [59]. Intriguingly, AHR ligand binding has been shown to alter the expression of
CD44 [57]. The final example highlighted here is the Sdpr gene, which we found to be up-regulated
during HSC ageing and demonstrated that this up-regulation may be a result of progressive
hypomethylation of the Sdpr promoter region with age. One caveat is that since 5-Aza’dC is a global
demethylation agent, the effect on SDPR expression may be indirect. However, this proof of

principle experiment provides a tool for further analysis of the relationship between DNAm and gene
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expression in rare subsets of cells enriched for HSCs. While age-related up-regulation of Sdpr in HSCs
has previously been observed [10,12], we showed that it is linked to loss of promoter methylation,
using an ex-vivo Dnmt-1 inhibition assay in purified SP-HSC. Sdpr, which is also known as Cavin-2,
was originally identified as a gene whose expression was increased in serum-starved cells [44];
however, an independent role in caveolae formation and cell signalling has since emerged [45].
Caveolae are invaginated lipid rafts that provide a common platform for various signalling molecules,
leading to enhanced cell signalling and potent signal transduction. Over-expression of Sdpr in
cultured cells leads to caveolae elongation [45] and perhaps results in an increased surface area for
interacting cell signalling molecules. Interestingly, two out of the top five up-regulated gene
networks in our study involved cell-to-cell signalling and interaction. It is therefore possible that age-

dependent up-regulation of Sdpr is one of the effectors driving this process.

Aberrant up-regulation of genes like Sdpr and Sppl in ageing HSCs and their subsequent role in
abnormal cell signalling, migration and adhesion most likely disrupts the ability of HSCs to interact
appropriately with and/or be regulated by the bone marrow micro-environment. The role of CD44
(SPP1 receptor) in carcinogenesis is thought to be mediated by modulating cell migration and
adhesion through interaction with integrins [60,61]. Integrins are major cell surface receptors
involved in cell-cell and cell-ECM (extra cellular matrix) interactions. We found several members of
the Integrin family to be significantly up-regulated during HSC ageing. This includes /tgb3, which we
found to be significantly hypomethylated with age as well as significantly up-regulated in ageing
HSCs (Table S6). The ability of HSCs to respond appropriately to niche-associated signalling is crucial
for processes like homing, migration and lodgement. Aged HSCs show reduced ability to home to the
bone marrow [11,62,63], which could be due to reduced ability to respond appropriately to
regulatory cues within the micro-environment. Additionally, aged early haematopoietic progenitor
cells (eHPCs) from old mice showed reduced adhesion to stromal cells and localised more distantly
from the BM endosteal niche than eHPCs from young mice [64]. We speculate that age-related
defects in HSCs such as reduced lymphopoiesis and expansion of myeloid biased HSCs could be a
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result of compromised interactions with the BM, and a sub-optimal response to signals required for
normal lymphopoiesis to occur. Dnmt1 mutant HSCs show global DNA hypomethylation and are
unable to sustain lymphopoiesis [22], we suggest that age-related dysregulation HSCs is a

consequence of global loss in DNAm.
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Conclusions

We have identified several age-dependent alterations in DNAmM and corresponding changes in the
expression of genes, involved in the regulation of HSC-Niche interactions, such as Itgh3 and Sdpr.
Our findings support a model where a shift from homeostatic levels of DNAm in ageing SP-HSC has a
wide-spread effect on transcription. This could be a consequence of altered transcription factor
binding to epigenetically modified target sites, culminating in abnormal interactions of HSCs with
their niche as a result of the dysregulation of key genes involved in HSC migration, homing, adhesion
and signalling. Although it is likely that other factors are involved in HSC ageing, our observations led
us to conclude that global DNA hypomethylation combined with gene-specific hyper- and/or
hypomethylation constitutes an epigenetic mechanism contributing to the decline of HSC
functionality with age. While functional validation of these findings remains technically challenging,
we were able to demonstrate proof of principle for the Sdpr-associated aDMR. Similar assays will be
required for other implicated genes to further improve our knowledge of the dynamics of HSC

regulation with age.
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Materials and Methods

Mice and haematopoietic stem cell preparation

Wild-type Young (8-12 weeks), Mid (~12 month) Old (22-24 months) C57bl/6 mice were sacrificed
using an approved method. Mice were originally from the Jackson immune-research laboratories
(Bar Harbour, ME) and some of our Old and Mid mice were sourced from Harlan Laboratories
(Holland). All of our animals were maintained in a specific pathogen-free animal facility. Whole bone
marrow cells were isolated from mouse femur, tibia and in some cases, hip bones, by gentle flushing
into 1x HBSS, 10mM Hepes solution (Sigma Aldrich) using a 27G syringe. Erythrocytes were lysed
with 3 volumes of ammonium chloride (Stem Cell Technologies,Vancouver, BC, Canada) and debris
removed by filtering cell suspension through a 40 uM nylon cell strainer. SP staining was performed
as previously described [13]. Briefly, total nucleated bone marrow cells (NBMCs) were resuspended
in DMEM staining media at 1 x 10° cells per ml and incubated with 5 ug per ml Hoechst 33342 DNA
binding dye (Sigma Aldrich) for 90 min at 37°C with mixing at 30 min intervals. Hoechst stained cells
were resuspended in DMEM, 2% FCS and 10 mM HEPES solution at approximately 1 x 10 cells/ml.
Cells were maintained at 4°C until analysis/sorting and during antibody labelling. Lower SP cells
were sorted directly into 1.5 ml eppendorf tubes containing either 1x PBS, or RLT cell lysis buffer
(Qiagen) for single RNA extraction or Stemspan Serum-Free Expansion Media (SFEM, Stem Cell
Technologies) for ex-vivo culture. Approximately 5 x 10° Hoechst stained NBMCs were analysed for
LT-HSC immunophenotype by SP;KLS;CD150,CD48. Antibody labelling was performed as previously
described [11] using the following antibodies: CD150 — phycoerythrin (PE, Biolegend), CD48 — PE/Cy5
(Biolegend), Sca-1 — PE/Cyanine7 (PE/Cy7, Biolegend), CD 117 (c-Kit) — allophycocyanine/Cy7
(APC/Cy7, eBioscience) and Biotinylated Lineage antibody cocktail (anti-CD5, anti-CD11b, anti-B220,
anti—Gr-1, and anti—Ter-119), subsequently labelled with Percp-conjugated streptavidin (SA-Percp,
BD Biosciences). 2 pg/ml Propidium iodide (PI, Sigma Aldrich) was added to resuspension media to

17



facilitate the exclusion of dead cells during cell sorting on the Moflo cell sorter (Beckman Coulter)
and NBMCs analysis on the LSRII (BD Biosciences). Pl was substituted for 1:1000 Dapi (Sigma Aldrich)

for post sort analysis on the Cyan ADP (Beckman Coulter).

Ex vivo culture and aza-cytidine treatment of primary SP-HSCs

Lower SP cells were purity sorted into SFEM and cultured as previously described [65] but with
minor adjustments to cytokine concentrations. Cells were incubated at 37°C and 5% CO,, in a round
bottom 96 well plate (corning) at 1000 — 2000 cells per 200 pul SFEM plus 2 pug Heparin and cytokines
(3 ng recombinant mouse SCF, 6 ng recombinant mouse TPO, 6 ng recombinant mouse IGF-Il, 3 ng
recombinant human FGF-I and 30 ng recombinant mouse ANGPTL3). For 5-Aza’dC induced
hypomethylation, ex vivo cultured cells were treated with two doses of 0 uM — 2 uM 5-Aza’dC. The
first dose was applied approximately 18 h after culture was initiated. Cells were maintained for a
further 30 h after which 50% of media was replaced with fresh 100 ul SFEM plus 1 pg Heparin and
33.3% of the original cytokine concentrations listed above. 50% of initial 5-Aza’dC dose was added to
cells 18 h after media replacement and ex vivo culture was continued for another 30 h. LSP cells

were cultured ex vivo for a total of 4 days.

DNA isolation and methylation analysis

150 — 300 ng of DNA was isolated from 7-8 x 10* LSP cells in RLT lysis buffer. 30 - 40 Young mice and
3 - 10 Mid or Old mice were pooled per sample. DNA and RNA were simultaneously extracted from
pooled LSPs using the AllPrep DNA/RNA Kit from Qiagen according to manufacturer’s instructions.
Methylation analysis of extracted DNA was performed by Nano-MeDIP-seq as previously described
[31]. MeDIP libraries of 190 — 200 bp was prepared for three biological replicates each for 2, 12 and
24 month old mice and subjected to 36 bp paired end (PE) sequencing on either the Illumina GA lIx

(“Old 17, “Old 2” and “Young 1”) or the Illumina Hi-seq platform for all other samples. Pyro-
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sequencing was used for validation. Briefly, 1 x 10* cells per sample were bisulfite converted using
EpiTect Plus LyseAll Bisulfite Kit and bisulfite conversion efficiency was found to be at least 99% for
all samples as determined by gqPCR. Control reactions on unmethylated and in vitro methylated
samples were also conducted to confirm a linear detection of methylation levels by pyro-sequencing.
Pyro-sequencing and PCR amplification of candidate regions were conducted using the PyroMark
assay design software and PyroMark PCR kit respectively. Pyro-sequencing was performed using the
PyroMark Gold Q96 reagents and the PyroMark Q96 MD Pyro-sequencer. All materials used for
Pyro-sequencing were from Qiagen, except for primers which were obtained from Sigma. All

methods were performed according to manufacturer’s instructions.

RNA purification and transcript analysis

50 — 100 ng high quality RNA was obtained from DNA-depleted lysates of pooled LSP cells as
described above. Quality of RNA used in this study was determined by Agilent Bioanalyser RNA Pico
assay (Agilent). All RNA had a minimum RIN of 7.5, with the majority above 8. mRNA was isolated
from total RNA by oligo dT magnetic bead enrichment and 170 bp (insert size) cDNA libraries were
prepared using the Illumina Tru-seq mRNA-seq kit (Illumina). 36 bp PE sequence reads were
generated for 3 biological replicates of Young, Mid and Old samples on either the lllumina GA lIx for
one Old and Young replicate or the Illumina Hi-seq platform for all other samples. 36 bp Hi-seq
mRNA-sequence data was technically validated by independent generation of additional 50 bp PE
reads also on the Hi-seq sequencer. Both platforms performed equally well. mRNA isolation, cDNA
library preparation and mRNA-sequencing were all performed according to manufacturer’s
instructions. Differential expression of candidate genes was analysed by quantitative reverse
transcriptase- PCR (qRT-PCR). Here, 0.5 — 1 x 10™ cells per sample were converted to cDNA using the
SuperScript® Il CellsDirect cDNA Synthesis Kit (Invitrogen). gRT-PCR of individual transcripts was

then performed using Tag-Man gene expression assays (Applied Biosystems). All steps were
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completed according to manufacturer’s instructions. Gene expression was normalised to B-Actin

housekeeping gene and fold change (FC) was calculated by the AACt method.

MeDIP-seq data analysis

The generated MeDIP-seq data were analysed using our computational pipeline MeDUSA [30] v1.0.0
and the MEDIPS [30,66] v1.0.0 R bioconductor package. MeDUSA constitutes several discrete stages
of analysis. Briefly, BWA v0.5.8 [67] was used to align the paired end sequence data to the reference
mouse genome build (NCBIM37) using default settings. Filtering was performed to remove reads
failing to map as a proper pair and those pairs in which neither read scored an alignment score of
>=10. In cases of non-unique reads, all but one pair was removed. Quality control was performed

using the tool FastQC v0.9.4 (http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/) and MEDIPS.

Additionally between replicate genome-wide correlations were calculated using QCSeqgs from the
Useq package [68]. Correlations were calculated using a window size of 500bp, increasing in 250bp
increments. A minimum number of 5 reads in a window was required prior to inclusion in the
correlation. DMRs were called using the Bioconductor package DESeq [69]. DESeq was run with the
estimateDispersions sharing mode set as ‘fit-only’. Only regions containing a minimum of 10 reads
summed from the cohorts being compared were included for DMR analysis (termed our bump-list).

In order to identify regions of the genome enriched for DMRs, permutation analysis was performed.
Our DMRs were placed in 100kb windows across the genome and the most enriched location was
identified and the relevant DMR count stored. 111 regions were randomly selected from the bump-
list and placed in 100kb windows. The windows were assessed to determine how often a region was
found greater than our observed data. This was performed 1000 times in order to calculate an

empirical p-value for our region of interest.

Genome-wide methylation scores were generated using the MEDIPS package. The paired reads
were not extended and were placed in bins of 50bp across the genome. The CpG coupling vector
was generated with fragment lengths of 700bp and using the ‘count’ function. Circos v0.55 [70] was
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used to generate a circular genome plot displaying these methylation scores. Feature annotation
was obtained from Ensembl 62 and from the Ensembl Regulatory Build 67. CpG island shores were
defined as extending 2000bp upstream and downstream of an annotated CpG island. DMRs and
bumps were placed in their relevant features using custom perl scripts and bedtools [71] v2.10.2.

We used the Fishers Exact test to identify feature types enriched for DMRs.

RNA-seq data analysis

Transcript counts were generated using RSEM [72] v1.1.21. RSEM provides an opportunity to
accurately characterise transcription on the isoform level by taking read mapping uncertainty into
account using an appropriate statistical model. RSEM aligns reads against a transcriptome library
using BOWTIE [73] and the resulting alignments are used to estimate transcript abundances. The
RSEM reference was assembled using the mm9 genome build and the respective UCSC known gene
reference annotation. Differential expression of the transcript counts was undertaken using the
Bioconductor package, DESeq [69] v2.10 using the recommended parameters. Count data was
normalised by library size using the function estimateSizeFactors. Variance between the observed
data and calculated mean was then calculated with estimateDispersions. The expression
comparisons between samples were then carried out using a model based on the negative binomial
distribution. All transcripts below an adjusted p-value (FDR) of 0.05 were selected for further
analysis. This threshold was selected to compensate for the loss of power due to division of read

counts amongst transcripts within a gene.

Integrated methylome and transcriptome analysis

Expression and methylation levels were intersected for each transcript. In order to determine if
there was a relationship between expression and methylation across the gene, the transcripts were
ranked by expression level in the different samples, and methylation levels were calculated for each
transcript using MEDIPS. Promoter regions were defined as being 1000bp upstream of the TSS. The
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Wilcoxon rank sum test was used to determine the significance of differences in methylation

between high and low expressed transcripts.

Gene enrichment analysis

GREAT [74] v2.0.2 was used to investigate the biological significance of DMRs. The genomic co-
ordinates of the DMRs were passed to GREAT via the web interface
(http://great.stanford.edu/public/html/index.php). The analysis was run using the ‘Basal plus
extension’ parameter for genomic region-gene association. Proximal distance was set to default
(5000 bp upstream and 1000bp downstream) and the maximum extension was set at 100 kb. Only
annotations that were deemed to be significant by both binomial and hypergeometric tests were
considered. Ingenuity pathway analysis (IPA) software was used to determine functional
enrichments of age differentially expressed transcripts. Ensembl transcript ID of significantly
differentially expressed genes (FDR < 0.05) was used as IPA input. Annotated experimental and
prediction based evidence from mammalian species, within the Ingenuity knowledge base, was used
to determine functional associations within data sets. IPA analysis was used to identify significantly
enriched functions, canonical pathways, gene networks and upstream regulators of differentially
expressed data sets. Right-tailed Fisher’s exact test was used to determine the statistical significance
of over-represented pathways and functions. In addition, hypergeometric distribution and right-
tailed Fisher’s exact test was used to determine the significance of over-represented gene networks.
IPA awards scores to gene networks based on statistical significance, we converted this score to
fisher’s exact p-values by the formula, 107, A threshold of p-value < 0.05 was used to determine
statistical significance in this study; this translates to a probability of less than 0.05 that each
association is due to chance. Finally, Signalling Pathway Impact Analysis [36] (SPIA v2.7.1) was also
used. SPIA uses the information from a list of differentially expressed genes and their log-fold

changes together with signalling pathways topology to identify the pathways most associated to the
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condition under study. Entrez IDs were obtained for the differentially expressed transcripts

identified from the RNA-seq data and SPIA was run on this input with 2000 bootstraps.

Panther v7.2 ‘gene expression tools’ [75] was used to determine enriched biological processes of
DMGs and of upregulated genes that were common to this study and previous studies of HSC
ageing. A list of age-dependent upregulated HSC genes for the previous studies were obtained from
published data by Rossi et.al [10] and Chambers et.al [12]. Ensembl gene IDs were used as input for

Panther.
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Figure legends

Figure 1

(A) Schematic of study design. SP-HSC were isolated from C57bl/6 mice at three time points from
pools of 30 — 45 mice and 3 - 10 mice for each replicate of Young and Mid/Old samples respectively.
DNA and RNA was concurrently isolated from FACs purified SP-HSC. 150 - 300 ng of DNA was used
for methylome analysis by MeDIP-seq and 50 — 100 ng RNA was used for transcriptome analysis by
RNA-seq. Three biological replicates were carried out for each step as indicated by (x3). (B) Side
population (SP) analysis of Hoechst stained bone marrow cells by FACs. Cells were first gated to
select for live cells and Hoechst staining (left), to select for lower SP (LSP) cells that show uniformity
in their scatter profile (middle and right). (C) Confirmation that LSP cells from young, mid and old
mice are enriched for LT-HSCs, by their positivity for CD117 (c-Kit), Sca-1 and CD150, as well as

negativity for lineage antigens and CD48.

Figure 2

(A) Circos plot of SP-HSC methylomes. Outermost circle shows an ideogram of the mouse genome
subdivided by chromosomes. The three blue circles show the Old, Mid and Young SP-HSC
methylomes, respectively. The colour code indicates the level of global methylation (dark blue, high
and light blue low). The innermost circle depicts CpG density (dark orange, high and light orange
low). (B) Box plots of global and (C) CGIl, DNA methylation levels for Young, Mid and Old SP-HSC. DNA

methylation levels are expressed as MEDIPS scores.

Figure 3
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(A) Location of significant (FDR < 0.2) age-specific differentially methylated regions (aDMRs). aDMRs
were mapped to corresponding genomic coordinates on mouse chromosomes and are represented
on an Ensemble-generated ideogram (Ensemble, mm9 genome build NCBIM37). Hyper aDMRs are
shown in blue and hypo aDMRs in red. (B) Methylation heatmap of all aDMRs. Yellow indicates

hypomethylation and blue indicates hypermethylation.

Figure 4
Box plots showing negative correlation between promoter methylation (aggregated over -5 kb
upstream, TSS and 1* Exon) and gene expression (subdivided into 4 percentiles) in Young, Mid and

Old SP-HSC.

Figure 5

(A) Screenshot of MeDIP-seq profiles for Sdpr gene in UCSC genome browser (UCSC mm9). Tracks
are colour-coded blue, green and orange for Young, Mid and Old samples, respectively. Three
biological replicates are shown for each age group. MeDIP- and RNA-seq data are shown for all
samples as indicated. Peak height represents DNA methylation or gene expression levels. The two
aDMRs identified in the Sdpr gene are boxed in red and black. The red box depicts the aDMR
selected for validation (B-E). This region aligns with other members of the human CAVIN gene family.
‘Reg. Feature’ denotes the location of the Ensembl promoter associated regulatory feature
ENSMUSR00000405109. The promoter associated H3K9ac, H3K36me3, H3K4me3 and Polll are
localized to this region. (B) Validation of Sdpr promoter hypomethylation (aDMR boxed in red (A))
using bisulfite pyro-sequencing. Data was obtained from SP-HSC pools for three biological replicates
for Young samples and four biological replicates each for Mid and Old samples. A methylation
heatmap for the individaul CpGs assayed, and for each replicate is shown. This data is also displayed

as a chart (C). (D) Functional analysis of same Sdpr aDMR by ex-vivo culturing of SP-HSC in the
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presence of Aza-deoxycytidine and expression analysis using qRT-PCR. Data was obtained from
independent experiments for a total of four biological replicates. Expression values shown are
relative to untreated control. (E) Validation of same Sdpr aDMR for promoter hypomethylation
following ex-vivo culturing in the presence of Aza-deoxy-cytidine Data is shown for two biological
replicates. 2-3 mice were pooled per replicate and average value for two treatment replicates is
shown for each biological replicate (replicate 1 and 2 — blue and red bars respectively). FC is fold

change. Error bars depict standard error of the mean (S.E.M) in all cases (‘P < 0.05; P < 0.005; P <

0.0005).

28



Additional data files

The following additional data are available with the online version of this paper;

Additional data file 1 - Figure S1. CpG coverage plots for Young (Y 1-3), Mid (M1-3) and Old (O 1-3)
SP-HSC methylomes: Approximately 60% of all CpGs in the genome were covered at least once and
24-33% were covered at least five times. This depth is typical of MeDIP-seq data and sufficient for

differential methylation analysis.

Additional data file 2 - Figure S2. (A) Heatmap of significantly expressed transcripts (FDR < 0.05).
(B) Validation of differential expression of Sdpr, Selp, Itgh3, Sox4 and Dnmt1 by qRT-PCR. Data were
normalized to expression of housekeeping gene Beta-Actin. RNA was obtained separately to that

used for RNA-Seq.

Additional data file 3 - Figure S3. Analysis of HSC gene expression during ageing. Overrepresented
biological processes of genes that were upregulated during HSC ageing and that were common to

this study, Chambers et.al [12] and Rossi et.al [10].

Additional data file 4 - Table S1. List of genes associated with aDMRs are shown with FDR scores
for: (A) hyper aDMRs and (B) hypo aDMRs. FDR scores 2 20, > 13, > 10 and > 7 correspond to false

discovery rates of < 0.01, £0.05, < 0.1 and < 0.2 respectively.

Additional data file 5 - Table S2. Genes that were significantly differentially expressed between

Young and Old samples.

Additional data file 6 - Table S3. AHR target genes that were up-regulated with age.
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Additional data file 7 - Table S4. Significantly age-related differentially expressed genes associated

with cell movement.

Additional data file 8 - Table S5. A list of genes upregulated during HSC ageing common to this

study, Chambers et.al [12] and Rossi et.al [10]

Additional data file 9 - Table S6. List of genes found to be differentially methylated and differentially

expressed in ageing SP-HSC. Blue and yellow shadings represent hyper- and hypo-methylation

respectively. DMG stands for differentially methylated genes. Log2 FC stands for the log2 fold

change in expression values from Young to Old.

Additional data file 10 - Table S7. Oligonucleotide sequences

Additional data file 11 - Figure S4. (A) Methylation heatmap of age-differentially expressed aDMGs

(B) RNA-seq expression levels of age differentially expressed aDMGs. The differentially expressed

transcripts are shown.

Additional data file 12 - Figure S5. UCSC track showing the Trim30a aDMR for Young, Mid and Old

mice. This DMR overlaps a non-coding RNA (arrowed).

Additional data file 13 - Table S8. Correlation values for MeDIP-seq and RNA-seq samples.
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Accession Numbers

The generated MeDIP-seq and RNA-seq data were deposited into the GEO database under accession

number GSE41658 .
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