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Abstract
Previous studies have suggested that there are genes whose expression levels are associated with
chronological age. However, which genes show consistent age association across studies, and
which are specific to a given organism or tissue remains unresolved. Here, we re-assessed this
question using two independently ascertained series of human brain samples from two anatomical
regions, the frontal lobe of the cerebral cortex and cerebellum. Using microarrays to estimate gene
expression, we found sixty associations between expression and chronological age that were
statistically significant and were replicated in both series in at least one tissue. There were a
greater number of significant associations in the frontal cortex compared to the cerebellum. We
then repeated the analysis in a subset of samples using laser capture microdissection to isolate
purkinje neurons from the cerebellum. We were able to replicate five gene associations from either
frontal cortex or cerebellum in the Purkinje cell dataset, suggesting that there is a subset of genes
have robust changes withs aging. Of these, the most consistent and strongest association was with
expression of RHBDL3, a rhomboid protease family member. We confirmed several hits using an
independent technique (qRT-PCR) and in an independent published sample series that used a
different array platform. We also interrogated larger patterns of age related gene expression using
weighted gene correlation network analysis (WGCNA). We found several modules that showed
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significant associations with chronological age and, of these, several that showed negative
associations were enriched for genes encoding components of mitochondria. Overall, our results
show that there is a distinct and reproducible gene signature for aging in the human brain.

Introduction
Aging is a multidimensional phenomenon where many aspects of function and phenotype in
organisms change over time and appears to be a product of both programmed, ie genetic,
aspects and stochastic events [1].. The molecular mechanisms underpinning the biology of
aging remain poorly defined. Identifying molecular events that vary along the lifespan has
implications for understanding the causes of age-related phenotypes. For example, telomeres
shorten with aging [2,3] and it has been suggested that telomere shortening plays a causal
role in aging [4]. Robust molecular events that occur with aging might also act as markers of
the aging process.

Previous studies of aging have examined gene expression using systems approaches, such as
microarrays. There are several genes that show linear relationships between expression
levels and chronological age in different tissues and species [5–14]. It has also been shown
that there are biologically related groups of transcripts that robustly change with age. For
example, mitochondrial gene expression is age responsive [15,16] and mitochondria may
play a causal role in aging [17].

However, it is often not clear whether gene expression correlations with age are robust when
comparing different tissues and organisms. One reason for this is that the magnitude of gene
expression changes during aging in adults are relatively small compared to those seen, for
example, during development [13]. It additionally appears that different tissues age at
different rates and there may be species differences in gene expression in aging [7,10,12,18],
which limits the ability to look for concordance across tissues and organisms. For example,
a previous study suggested that there are more robust age-related changes in human cerebral
cortex compared to the cerebellum and that the patterns of changes differed between humans
and chimpanzees [7]. Other studies in human brain have identified differences in age-related
gene expression in men and women [19], further demonstrating the complexity of
identifying expression markers of aging.

In human tissues, genetic diversity also contributes to variation in gene expression[20].
Furthermore, in some tissues cellular heterogeneity may also impact measurements of gene
expression, especially if the cellular composition of tissue changes with aging. In the brain
where there are many types of neurons and glia, age-dependent loss of neurons would lead
to apparent associations with gene expression. Some previous studies have addressed this by
examining general markers for neurons and glia [5] while others have used cell isolation
techniques including laser capture microdissection (LCM) to clarify gene expression
patterns in Parkinson’s disease [21] and in Alzheimer’s disease [22]. However, it remains to
be clarified to what extent any specific gene expression change with aging can be replicated
in neurons, especially in the human brain.

Overall, these considerations suggest that while gene expression may be a marker of the
aging process, it would be of interest to further examine age-associated expression in robust
well-powered datasets. Our primary aim in the current study was to identify single gene or
group of genes that are correlated with aging, preferentially those that show a linear
relationship with age. To identify such genes, we analyzed two large series of human brain
samples [23,24] for association of age and mRNA expression in the frontal cortex and
cerebellum using a single microarray platform by re-arraying previously collected samples.
These brain areas were chosen because of previous data in smaller sample series [7]
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suggesting differences in the number of age-related associations between the two regions.
Additionally, in order to understand whether such changes can be detected specifically in
neuorns, we repeated the analyses in Purkinje cells isolated by LCM. Finally, we also
examined gene networks associated with aging in order to test the hypothesis that networks
might robustly detect changes in expression not seen at the level of single genes [25].
Overall, our results support the hypothesis that there are reliable associations between gene
expression and chronological age in the human brain.

Materials and Methods
Samples

We performed mRNA expression analyses from two human brain regions, the frontal region
of the cerebral cortex and the cerebellum. Two independent series were obtained, a
discovery set of 249 subjects from the University of Maryland, USA [20,23] and a
replication set from the Edinburgh Sudden Death Brain and Tissue Bank [24]. These brain
samples have previously been examined by microarrays [20,24], but on different platforms.
Therefore, to provide a consistent dataset, we generated data using a single microarray
platform (see below). After quality control, we used 203 samples in the discovery dataset
and 73 in the replication dataset. Both sample series included male and female subjects with
an age range of 15–91 (mean 35.2, median 30) for the discovery set and a range of 16–83
(mean 50.4, median 52.5) for the replication dataset. Demographic details of the cases are
listed in Supplementary table S1.

RNA extraction and processing
Frozen tissue samples of the posterior lobes of the cerebellar cortex, or the superior frontal
cerebral cortex (Brodmann area 8 and 46) were obtained from neurologically normal
Caucasian subjects. Aliquots of 100–200mg of frozen tissue (predominantly grey matter)
were carefully sub-dissected from each tissue for all subjects and used for expression assays.
RNA was extracted using Trizol, biotinylated and amplified using the Illumina®
TotalPrep-96 RNA Amplification Kit.

For laser-capture microdissection (LCM), we took frozen sections of cerebellum from a
subset (n=98; age range 14–72) of samples from the discovery dataset. Tissue was immersed
in Shandon M-1 embedding matrix (Thermo Electron Corporation, Rockford, IL) and stored
at −80°C until use. Cryostat section s (7–8 μm thick) were cut and stained with Cresyl
Violet (Ambion, Austin, TX). Laser-capture microdissection was performed with
ArcturusXT microdissection system (Arcturus, Mountain View, CA). Between 70 and 150
excised Purkinje cells were selected from the slide surface and captured on LCM Macro
Caps. High-quality cellular RNA was recovered from the collected cells using PicoPureTM
RNA isolation kit (Arcturus) and treated with RNase-free DNase (Qiagen, Valencia, CA).
The quality of RNA was analyzed using an Agilent 2100 bioanalyzer (Agilent, Foster City,
CA). For arrays, we used samples with an RNA integrity number (RIN) greater than 5.0
(range 5–8.5) with two samples excluded because of low RIN. Two rounds of amplification
were carried out with the Ambion MessageAmp II aRNA kit.

Microarrays
Amplified RNA from either bulk tissue extracts or LCM Purkinje cells were hybridized onto
HumanHT-12_v3 Expression BeadChips (Illumina). These arrays contain 48,804 probes
estimating expression of ~25,000 annotated genes from the RefSeq (Build 36.2, release 22)
and Unigene (Build 199).
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Correlations between gene expression and age
Each sample used in this series has been genotyped for common DNA variants as described
elsewhere [20,23]. We used genotype data to perform a principal components analysis for
identity by state of genotype and took the first two principal components, PC1 and PC2,
from this analysis to estimate overall genetic distance within the sample series. Cubic spline
normalization was applied to raw output from array scans, then expression values were
corrected for known covariates of gender, post-mortem interval (PMI), principal
components PC1 and PC2 from genotyping as above and hybridization batch using
multivariate regression as outlined previously [20] except that age was not specified in the
model. The values for each of these parameters for each sample are listed in Table S1.

The residuals for expression after covariate correction were then tested against age using
linear regression. P values were adjusted for multiple testing using a false discovery rate
(FDR) correction set at 0.05. Probes were included if detected in >95% of samples in each
series; for the frontal cortex this was 8926 usable probes whereas for the cerebellum this was
8824 probes. For the Purkinje cells dataset, only probes that had shown prior evidence of
association in the above datasets were tested.

To compare our datasets with an additional sample series, we used data from Colantuoni et
al [13] downloaded from GEO (accession number GSE30272). We selected the cases
(n=163) in that series with an overlapping age range to our own dataset (15–80; mean 42.3;
median 44.5) and also to the NIMH brain bank. For each probe in the dataset, we performed
regressions of age against normalized, surrogate variable corrected [13] expression. P values
were corrected for multiple testing using the FDR method (α=0.05) for all tested probes. To
compare these values against our own data, we identified all probes in each sample series
that mapped to a unique gene using official gene symbols then matched all available values
of R and P in the three sample series by official gene symbol. A total of 4863 genes could be
unambiguously mapped. To confirm that we had accurately mapped to the same gene, we
performed BLAT on the probe sequences from confirmed associated hits.

Analysis at a network level was performed using the WGCNA (Weighted gene correlation
network analysis) package in R [27]. A set of consensus modules for co-expression were
identified using all five datasets, ie for discovery and replication in the frontal cortex and
cerebellum as well as the purkinje cell dataset, with one cerebellum sample in the discovery
dataset that had excess missing values. We constructed a signed hybrid network using the
normalized but non-residualized values for the 6767 probes shared across all datasets,
setting a soft power of 6. Covariates as above (PMI, Gender, Age, PC1, PC2 and
hybridization batch) were tested for correlation with module membership. Enrichment for
Gene Ontology (GO) terms within modules was performed using DAVID [28,29].

Quantitative Reverse transcriptase PCR (qRT-PCR)
RNA from a subset of frontal cortex samples in the discovery series were converted into
cDNA using the SuperScript® III First-Strand Synthesis System (Life Technologies).
Quantitative RT-PCR was performed using Power Sybr Green (Life Technologies) and
primer pairs that amplified each of three genes of interest and the housekeeper gene β-actin
(Supplementary table S2). All reactions were run in quadruplicate on a 7900HT Fast Real-
time PCR system (Applied Biosystems). Expression levels for genes of interest were
calculated following normalisation to β-actin taking into account primer efficiency as
previously described [26]. Relative expression levels were then plotted against age after
correction for other known covariates as described above.
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Results
Linear associations between age and expression for a restricted number of genes

We analyzed the relationship between chronological age and gene expression in two regions
of the human brain, the frontal portion of the cerebral cortex and the cerebellum using
samples we have previously described [20,23,24]. For consistency between sample series,
we generated array data on a single platform. For the frontal cortex, samples were taken
from Brodman areas 8 and 46 although it should be noted that expression differences
between subregions of the frontal cortex are minimal, with correlation coefficients from
expression being estimated as >0.99 in a recent study [30]. Therefore, the results here are
likely representative of the frontal cortex as a whole.

We first considered the numbers of, and distribution of effect sizes, for probes that show an
association with chronological age in two datasets. Within the two tissue types that we
considered, frontal cortex and cerebellum, the estimated standardized effect sizes ranged
from −0.6 to 0.6 with similar distributions and direction of effect in both datasets (Fig 1).
There was a positive correlation between effect sizes in the discovery and replication
datasets in both the frontal cortex (Pearson’s r= 0.556) and cerebellum (r=0.3293) that was
highly significant (p< 2×10−16 in either dataset).

Fifty-six probes in the frontal cortex and five probes in the cerebellum showed significant
(FDR adjusted P<0.05) associations with aging that were replicated in both datasets
(Supplementary Table S3). Of the 56 probes that were significant in the frontal cortex in
both datasets, seven were not detected in cerebellum. The remaining 49 probes were
detected but did not show significant associations in one or both of the cerebellum datasets.
For example, C2CD2 was associated with aging in the frontal cortex (R2=0.341,
Padjusted<10−17 in the discovery set; R2=0.167, Padjusted=0.048 replication) but not in the
cerebellum (R2=0.014 and R2<0.01 in discovery and replication) despite adequate detection
of expression. For the cerebellum, two additional probes (PENK and COL8A2) were
significant that were not detected in the cortex. Two probes, mapping to NR3C2 and
TMEM158 were replicated in the cerebellum and in the discovery dataset in frontal cortex
but not in the replication dataset for frontal cortex. Considering each tissue separately, for all
of the probes that were significant and replicated in both datasets (56 for the frontal cortex
and 5 for the cerebellum), the direction of the correlations with age was identical for both
discovery and replication datasets. We repeated this analysis with a less stringent set of
probes, namely those that were significant (Padjusted<0.05) in the discovery dataset without
reference to the replication dataset, comparing the direction of association for probes greater
than the least significant probe in the discovery dataset (an effect size of 0.15; see
Supplementary Table S4). Again, this indicated an excess of correlations in similar
directions compared to opposite direction results (Supplementary Fig. S1), suggesting
consistent effects for associations that did not reach the formal level of statistical support for
significance in both datasets.

Collectively, these results suggest that there are a number of genes that are significantly
associated with chronological age in the brain with both positive and negative associations
identified. In agreement with previous studies [7], detection of age associations is more
robust in the frontal cortex than in the cerebellum. We next performed a series of
independent experiments to validate our initial findings.

Replication of age-associated effects in isolated neurons
One difficulty with examining gene expression in a heterogeneous tissue such as brain is
that different cells have different gene expression patterns. To address whether changes with
age occur specifically in neurons, we isolated Purkinje cells from the cerebellum of a subset
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(n=98; age range 14–72) of cases in the discovery dataset, collecting >70 individual cells per
case. We chose Purkinje cells because they can be easily identified using simple rapid
staining in frozen sections. Because the quality of RNA may be lower from these cresyl
violet stained sections, we measured RNA integrity using a Biolanalyzer and only used
those with an RNA integrity number (RIN) of more than 5.0 (Supplementary Fig. S2). The
range of RNA quality is likely less than in bulk tissue and, although sufficient to support
array experiments, may introduce additional variance in our estimates of gene expression
(see Discussion). Due to the limited recoveries of RNA from small numbers of cells we used
two rounds of amplification for the LCM samples compared to a single round for the bulk
tissue extracts. We performed gene expression arrays and despite differences in RNA
processing protocols, the overall distribution of gene expression was similar between
Purkinje cells and bulk cerebellum but we were able to enrich for Purkinje cell markers such
as PCP2 [31] and diminish glial markers such as GFAP whilst retaining expression of
housekeeping genes (Supplementary Fig. S2).

We then tested the association of age with gene expression. To minimize the effects of
decreased power due to the lower numbers of cases used, we only tested those genes that
had been nominated as associated with age in the experiments using bulk extracted tissue.
From the list of 60 genes associated with aging in either frontal cortex or cerebellum but that
were replicated in both series, we were able to confirm five significant associations in
Purkinje cells (Fig. 2; values for R2 and Padjusted are shown in Table 1; Supplementary file 1
shows values for all age correlations in the Purkinje cell samples corrected for the larger
numbers of tests). Of these, the highest correlation was for RHBDL3 (R2=0.134,
Padjusted=0.0012). Four additional genes (NR3C2, GPX3, VPS18 and SGSH) showed
significant associations, ten probes were not detected and the remaining 45 were not
significantly associated with age in the Purkinje cells. However, as in the analysis of bulk
tissue, the direction of effect was generally congruent between the Purkinje cell dataset and
each of the bulk tissue samples, although estimates of effect size were lower in the isolated
cells (Supplementary Fig. S3). These data suggest that some of the age-related changes in
gene expression can be replicated in isolated neurons.

Technical and biological replication of age associations of gene expression
To provide validation by an additional technique, we took a subset of samples from the
discovery series of frontal cortex and used quantitative reverse transcriptase-PCR (qRT-
PCR) to estimate expression levels of three genes that showed a range of strengths of
association with age, RHBDL3, SGSH and NR3C2. We found a significant correlation
between age and covariate corrected expression of RHBDL3 (Fig. 3A; R = 0.497,
P=9.92×10−5) or SGSH (Fig. 3B; R=0.339, P=0.0132). We saw a positive correlation
between age and covariate corrected expression of NR3C2 (Fig. 3C; R=0.231) although this
did not reach statistical significance (P=0.087). However, there was a clear relationship
between estimated effect size by array and by RT-PCR (Fig. 3D).

Additionally, we compared our results with data from Colantuoni et al [13] who used a
different array platform and independently ascertained sample series. Although matched for
brain region (BA46/9), age range and with similar power (see Materials and methods), this
study therefore represents both a technical and a biological replicate of our own datasets and
therefore might be more compelling than technical replication alone. By matching probes to
unique genes, we were able to confirm that the overall distribution of associations was
similar between Colantuoni et al and either our discovery (Fig. 4A) and replication (Fig. 4B)
datasets. Four of the five validated genes from table 1, RHBDL3, NR3C2, VPS18 and
SGSH were significant (Padjusted<0.05 for correlations between age and expression) in all
three frontal cortex datasets (Figs. 4C–E and Supplementary table S5). GPX3 was not
assayed in the Colantuoni et al dataset as a no probe mapped to this gene.
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Collectively, these data validate our initial observations that there are a number of genes that
show associations between age and expression and in some cases can be validated across
multiple independent studies and sample series using different techniques.

Network level associations with age are distinct from single gene associations
The analysis above provided single probes that we considered as replicated candidates for
association with human brain aging, but the number that survived our replication approach
were too few to identify specific biological themes. One possible reason for this is that while
networks of genes may change in response to aging, each individual gene may contribute a
small amount that could be variable in each individual. Thus, examining networks of related
genes may provide additional power to examine underlying responses of the brain to age.
This might be important in detecting gene families such as mitochondrial genes that are
associated as a group with age, but where each specific transcript does not reach statistical
significance.

To address this, we used weighted gene correlation network analysis (WGCNA) [27] to
define a consensus set of modules of genes with similar expression patterns that were shared
across the five datasets described above using 6767 probes with detectable expression in all
five series. Twenty seven distinct consensus modules were detected, which are identified
here by numbers (Fig. 5A). We then generated correlations for each probe against each of
the covariates we had considered above, i.e. Age, PMI, Gender, PC1 and PC2 from the
genetic analysis and hybridization batch. These gene significance measures were then
correlated with module membership for each gene within a module such that a correlation
coefficient, and associated p value, was assigned for each module and variable (Fig. 5B).
Most of the tested relationships were not statistically significant. Only one module showed
association with PMI, none were associated with gender or the two genetic measures PC1
and PC2. Only hybridization batch and age showed a number of significant correlations
(Fig. 5B).

Of the modules that were associated with age, a subset (modules numbered 5,7,8,9 and 10 in
Fig. 5B) had negative correlations with module membership and gene significance for age
(R between −0.13 and −0.25; P from 0.05 to 3×10−4) while a separate group (16,17,18, 19
and 20) showed positive correlations (0.21<R<0.28, 0.003<P<5×10−5). In general, these
were not contaminated by associations with other covariates that we examined, although
there were significant correlations between gene significance and module membership for
modules 8 and 9 (R = −0.32, −0.31; P=2×10−6, 4×10−6 respectively) and modules 16 and 19
(R = 0.18, 0.16; P=0.009, 0.02 respectively) with hybridization batch, suggesting some
possible overlap between these two variables. We next examined the individual genes that
contributed to each module, using the DAVID tool to annotate Gene Ontology categories for
each list of genes in the five modules significantly (P<0.05) negatively correlated with age
compared to the five with positive correlations and five randomly selected modules that
showed no correlation with age (Table 2). In four out of five of the negatively correlated
modules, the cellular component GO category with lowest P value was mitochondrion or
mitochondrial lumen. The GO terms for biological processes included two models (light
yellow and green) of generation of precursor metabolites and energy. In contrast, nuclear
lumen or intracellular lumen was the most significant cellular component GO term for the
modules that were positively correlated with age. In this set of modules, the most significant
GO terms for biological processes pointed to different aspects of gene expression, including
transcription, histone acetylation, chromatin modification, DNA metabolic processes and
RNA processing. The randomly selected modules that did not show association with aging
had varied GO terms without a clear theme. Overall, these results suggest that there are
biologically relevant gene expression networks within the human brain and that
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mitochondrial gene expression tends to decrease with chronological age while there is a
positive association with control of gene expression from the nucleus.

Discussion
In the current study, we reassessed the associations between gene expression and
chronological age in the human brain. We have previously shown that such human brain
samples can be used to demonstrate genetic effects on expression and DNA methylation [19]
and also that there are robust associations between the extent of DNA methylation and
chronological age [23]. Specifically, we designed the experiment to use two relatively well-
powered sample series to examine age associations, and also considered the effects of
regional variability in the brain.

The main outcome of the work is that a set of specific associations between age and
expression are robust enough to survive comparison across two replicate series. The
observed effect sizes are often modest, which indicates that associations with age may be
difficult to identify smaller sample series. We saw fewer significant associations in the
replication compared to the discovery dataset, in accordance with the fewer samples tested.
This contention is largely consistent with the small number of age vs. gene expression
associations nominated by previous studies[5,6,10,12,13]. However, we note that we were
specifically focused on linear patterns of gene expression change with chronological age as
we predict that these will be the most readily replicated across studies. It has been suggested
that some genes show more complex patterns of change with age [13,19], perhaps having
higher or lower expression in midlife. The current, covariate adjusted datasets, may be
helpful in testing for such additional patterns of association in the future. However, overall,
our data supports the idea that in the human brain there are distinct and measureable patterns
of gene expression changes with age.

We were able to replicate several age vs. expression associations using samples where
neurons where enriched using LCM. This is consistent with previous suggestions that at
least some markers of neurons and glia do not change with age [5]. One limitation is that the
series for LCM was less well powered than the original discovery dataset and it might be
interesting to see if more associations are recovered with additional samples. Additionally, it
should be noted that while LCM enriches for cell types, the separation is imperfect and
tightly associated cells such as astrocytes may also contribute some signal in the LCM
series. We also note that the expression data from the LCM tissue series was generated with
a different amplification protocol and that one measure of RNA quality (RNA Integrity
number/RIN) showed a wide range in the recovered cell samples. While these technical
aspects did not appear to bias measurement of housekeeping genes such as GAPDH, and
normalization of the overall datasets produced a relatively consistent estimate of gene
expression, it remains possible that individual probes might behave differently under
different amplification protocols and may have more variance in isolate cells than in bulk
samples. Despite these limitations, we found associations with age and showed that some
were congruent with those in bulk tissue. However, we note that it is likely that the false
negative rate, i.e. true associations between age and gene expression, may be higher in the
Purkinje cell data than in bulk tissue leading to an underestimate of the true aging signal.

An open question is whether different tissues and cells age at different rates, which has been
suggested previously [10]. We did not directly test this idea, but we were able to compare
two different brain regions in the evolutionarily newer frontal cortex compared to the
cerebellum. Published data suggest that there is a difference in the rate of aging in these two
brain regions [7] and, supporting this, more genes were detected as having age associations
in the frontal cortex than the cerebellum. However, age vs. gene expressions associations
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that were replicated in the Purkinje cells, a principal neuronal population in the cerebellum,
included some that were not significant in the bulk cerebellum (e.g. GPX3). It is therefore
possible that some age-associations are masked in bulk tissue but revealed in some neurons,
although this remains speculative without further work on other cellular populations. It is
also important to note that there are samples with expression values that appear to be outliers
from the rest of the population (e.g. GPX3 and VPS18 in the cerebellum in Fig. 2).
Sampling variability may be difficult to control in human post mortem studies such as the
one presented here, and, along with other technical difficulties with such sample series,
probably limits power to detect modest associations. Despite these difficulties, we were able
to confirm that there was a similar overall pattern of age-related associations in the frontal
cortex of an independently ascertained and assayed series from Colantuoni et al [13],
suggesting our approach can identify robust associations that are predictive of other series.
Further testing this proposal will require the development of additional large, well-powered
series in the human brain.

Of interest is that a recent discovery/replication study performed using gene expression in
human blood samples [14] also identified relatively few robust associations with age.
Sixteen transcripts were significant in both datasets with correlation coefficients in the range
of 0.35–0.5. However, the list of nominated transcripts in the current study and the work of
Nakamura et al do not overlap. This might either be due to differences in overall genes
expression between tissues, to differences in the way genes change with age in different
tissues or to technical differences between studies. We were able to examine the top hit in
the blood study, NEFL, as this gene encodes the light chain of neurofilaments, which are
abundantly expressed in the brain as well as in naive memory T and CD4 T cells. In contrast
to the data from Nakamura et al., who reported a statistically significant positive correlation
between NEFL expression and age in two independent cohorts, we were not able to replicate
this result in our brain samples using probe ILMN_1659086 (Supplementary Fig. S4).
Outside of technical and population differences of the samples, this supports the idea that the
brain may age differently from other tissues. Along with the replication of associations of
age in Purkinje cells, the lack of significant association between age and a marker of
neurons in the brain supports the idea discussed above that differences in cellularity with age
are not a primary driving factor for our observed associations. However, accumulation of
reactive glia or vascular gene expression changes are still likely to occur with age and may
contribute to some signals.

The five genes for which we have the greatest level of support for a significant association
with chronological age were RHBDL3, NR3C2, GPX3, VPS18 and SGSH. RHBDL3 was
cloned previously as a homologue of the Drosophila melanogaster rhomboid protease that
plays a role in epidermal growth factor signaling and is expressed in the mouse brain as well
as in other organs[32], and has no known connections to aging. Given the robust
associations seen here, we propose that RHBDL3 might have value as a marker of aging,
although this should be confirmed or refuted in other tissues and species. NR3C2 encodes a
mineralocorticoid receptor that may play a role in sarcopenia and other age-related
phenotypes [33]. The relevance of NR3C2 in brain function is not clear but the expression of
this gene in the brain and in isolated neurons suggests that it may have an unidentified role
in neuronal function that might be explored in future studies. GPX3 appears to play a role in
antioxidant defenses and knockout increases volume of stroke in mice [34] and may
therefore support the hypothesized contribution of oxidative stress to aging. VPS18 is a
human homologue [35] of a yeast gene involved in vacuolar protein sorting that may play a
role in the endosome/lysosome system in mammalian cells. Finally, SGSH encodes a
lysosomal enzyme, N-sulfoglucosamine sulfohydrolase that degrades heparin sulfate and
mutations in which cause the lysosomal storage disease Sanfilippo syndrome A[36].
Therefore, these different genes do not appear to be biologically related to each other,
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although VPS18 and SGSH are both related to lysosomal processing, which may have lesser
capacity in aging tissues.

The lack of biological similarity between the single genes that survived replication initially
appears surprising. However, it is possible that looking for correlations at the level of single
genes does not allow us to detect subtler, but potentially meaningful, changes in transcripts
across classes. Our data would appear to support this contention. Using network analysis,
which should be sensitive to consistent but small (i.e. sub-significant) events across related
transcripts, we were able to identify mitochondrial pathways as showing negative
correlations with age. Of interest is that no single mitochondrial gene was identified that was
replicated across tissues; the network changes are therefore distinct from the single gene
expression changes.

Whether any of the observed changes are causally related to aging phenotypes or are
consequential to, or even epiphenomena of, the aging process cannot be determined from
these data. Some of the changes in mitochondrial genes have been suggested to play a
central role in aging and hence it is possible that some of the signals reported here are
causal. However, to confirm this would require manipulation of those genes in appropriate
model systems that would allow measurement on the effects on longevity. This would be
most interesting if some of the proposed associations, such as RHBDL3, can be further
replicated. The current data may therefore have utility for developing new hypotheses about
aging and perhaps in the generation of biomarkers of the aging process.
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Figure 1.
Consistency of probes that show association with chronological age across the two datasets
in frontal cortex (left) and cerebellum (right). Each point shows the estimated effect size for
the association between age and expression of a given probe that was detected in both the
discovery (x axis) and replication (y axis) datasets. Points are colored from blue to black by
FDR adjusted P value in the discovery datasets and sized by FDR adjusted P value in the
replication datasets and thus larger, darker points are those that are more highly significant
in both datasets. There is an overall correlation in each dataset between effect sizes that is
highly significant (P<2×10−16; see text for details). The red horizontal and vertical lines
indicate an effect size of 0 in each dataset and the orange lines indicate the range of effect
sizes more than 0.115, which is the least significant effect size in the discovery dataset for
frontal cortex. The majority of the probes that were significant outside this threshold were
congruent in discovery and replication datasets.
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Figure 2.
Replicated age associations. Each plot shows the association between age (x axes) and
residuals of expression (y axes) for discovery (red) and replication (blue) datasets. Genes
that were significant and replicated in either the Frontal Cortex (left hand panels) or the
Cerebellum (center panels) were also tested in laser-captured Purkinje cells from a subset of
the discovery dataset (right panels). These included the genes RHBDL3 (A), NR3C2 (B),
GPX3 (C), VPS18 (D) and SGSH (E). Values of R2 and associated P values are given in
table 1.
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Figure 3.
Technical replication of age-associations by qRT-PCR. (A–C) We performed quantitative
reverse-transcriptase PCR (qRT-pCR) for RHDBL3 (A), SGSH (F) and NR3C2 (C) and
plotted the residuals of expression after correction for co-variates on the y-axes against age
on the x-axes. In each panel, the red lines show a linear regression and the pale red line
shows the 95% confidence interval of the fit to the line.(D) Comparing all three genes tested
here for their association (estimated as R) between age and residuals of expression for each
of the genes usgin qRT-PCR (x axis) or in the array study (y axis). Error bars in both
directions indicate the 95% confidence interval for effect size estimate with each technique.
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Figure 4.
Validation in an independent sample series. (A,B) Comparison of estimated effect sizes for
the relationships between age and gene expression. Each point shows the estimated effect
size for the relationship between age and expression of a detected gene in the work of
Colantuoni et al, 2011 (y axes) compared to the frontal cortex data from this work (x axes)
in the discovery (A) or replication (B) datasets. Data points are colored by −log of FDR
adjusted P values in the Colantuoni dataset and sized by −log of FDR adjusted P values in
our datasets and thus larger, darker datapoints represent more highly significant associations.
(C–F) Normalized, covariate adjusted expression of age associated genes were plotted for
each individual sample in each of three datasets; the discovery (red) and replication (blue)
datasets from this study and the data from Colantuoni et al (green). These included
RHDBL3 (C), NR3C2 (D), VPS18 (E) and SGSH (F) (see table 1), all of which showed
significant age-associations in all tested datasets. GPX3 (shown in figure 2) was not
included, as a probe for this gene was not annotated in the Colantuoni et al dataset.
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Figure 5.
Weighted gene correlation network analysis. (A) Dendrogram for consensus modules across
five tested datasets (discovery and replication datasets in Frontal Cortex and Cerebellum,
plus LCM enriched purkinje cells). Each line is a single gene where height (y-axis) indicates
dissimilarity. Branches of the dendrogram with similar expression patterns are captured into
modules identified with different colors as indicated below the dendrogram. Grey indicates
genes that were not assigned to any specific module. (B) For each module (numbered on the
left hand side of the table where colors match those in panel A), module membership for
individual genes was correlated with gene significance for each of the covariates of post
mortem interval (PMI), Gender, Age, principal component 1 (PC1) and 2 (PC2) of the
genetic analysis and hybridization batch as indicated along the bottom. Each value shows
the correlation coefficient (with P values in parentheses below each), color-coded as shown
on the scale on the right of the plot. NA; Not applicable.
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