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Summary

Aging and age-related pathology is a result of a still incompletely
understood intricate web of molecular and cellular processes. We
present a C57BL/6J female mice in vivo aging study of five organs
(liver, kidney, spleen, lung, and brain), in which we compare
genome-wide gene expression profiles during chronological
aging with pathological changes throughout the entire murine
life span (13, 26, 52, 78, 104, and 130 weeks). Relating gene
expression changes to chronological aging revealed many differ-
entially expressed genes (DEGs), and altered gene sets (AGSs)
were found in most organs, indicative of intraorgan generic
aging processes. However, only < 1% of these DEGs are found in
all organs. For each organ, at least one of 18 tested pathological
parameters showed a good age-predictive value, albeit with
much inter- and intraindividual (organ) variation. Relating gene
expression changes to pathology-related aging revealed corre-
lated genes and gene sets, which made it possible to characterize
the difference between biological and chronological aging. In
liver, kidney, and brain, a limited number of overlapping
pathology-related AGSs were found. Immune responses
appeared to be common, yet the changes were specific in most
organs. Furthermore, changes were observed in energy homeo-
stasis, reactive oxygen species, cell cycle, cell motility, and DNA
damage. Comparison of chronological and pathology-related
AGSs revealed substantial overlap and interesting differences.
For example, the presence of immune processes in liver pathol-
ogy-related AGSs that were not detected in chronological aging.
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The many cellular processes that are only found employing
aging-related pathology could provide important new insights
into the progress of aging.

Key words: aging dynamics; database; gene expression;
in vivo; pathology.

Introduction

Aging is a complex process comprising a wide variety of interconnected
features and effects, like progressive functional decline, gradual dete-
rioration of physiological function, and decrease in fertility and viability.
(Maslov & Vijg, 2009). Deterioration of physical health is the principal
factor associated with aging, but has proven difficult to mechanistically
dissect or translate into consistent biomarkers. As gene expression is
involved in or affected by most cellular processes, whole-transcriptome
analysis offers a unique opportunity to better define the aging process at
a molecular level. Numerous transcriptome studies thus have provided
new insights into aging mechanisms in multiple species, genotypes, and
organs (Swindell, 2007, 2009; Zahn et al., 2007; de Magalhaes et al.,
2009; Park et al., 2009; Swindell et al., 2012). Fairly consistent changes
in the immune system and in metabolic rate were observed during aging
(Park et al., 2009; Swindell, 2009). Also, several mechanisms have been
postulated that are involved in aging at the cellular level, such as the
prevailing theory: the free radical or oxidative damage theory of aging.
The latter proposes that macromolecular damage, either due to normal
toxic by-products of metabolism or inefficient repair/defensive systems,
accumulates during life span and causes aging (Parkes et al., 1998;
Garinis et al., 2008; Treiber et al, 2011). In addition, molecular
pathways involving the IGF-1/GH axis (Bluher et al., 2003; Holzenberger
et al., 2003) and mTOR (Harrison et al., 2009; Anisimov et al., 2010)
have been implicated in the aging process.

A next step could be to correlate the commonly used pathophys-
iological aging end points to molecular and cellular phenotypes to
investigate general health deterioration and loss of homeostasis
in aging. For this, whole-transcriptome changes could serve as a
surrogate for the molecular phenotype of aging, as the state of
the transcriptome is generally considered to determine the cellular
phenotype (Kim & Eberwine, 2010). Correlation studies however
demand extensive time series over the entire life span of an organism
in multiple organs. Unfortunately, aging transcriptome studies often
compare just two age groups (young vs. old) (Barger et al., 2008;
Park et al.,, 2009; Southworth et al.,, 2009); use model organisms
with prolonged or reduced longevity (Swindell, 2007; Schumacher
et al., 2008); use samples from a (human) population (Zahn et al.,
2006; Grondahl et al., 2010), adding unwanted genetic and envi-
ronmental variation; or do not use a full genome platform (Zahn
et al., 2007).

Here, we measured the whole transcriptome in female C57BL/6J mice
in a controlled in vivo aging study and incorporated temporal as well as
physical-health aspects into our analysis. Biological samples were taken
at regular time intervals during the entire murine life span. Next
to whole-transcriptome analysis of five different organs, also patholog-
ical analyses were performed to address health and physiological
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deterioration. This allows for the conventional temporal monitoring of
aging during life span (‘chronological aging’), but also link gene
expression to age-related pathology providing novel insights into
‘biological aging’. For example, our study suggests a correlation between
immune response and the level of oxidative stress during aging in liver,
whereas these processes were not found in the temporal analysis.
Chronological aging in liver predominantly shows energy-related met-
abolic and mitochondrial gene expression changes. This exemplifies the
added value of the additional pathology-related aging analysis per-
formed in this study.

Results

Survival and age-related pathology

Using whole-transcriptome data during aging, we investigated six cross-
sectional age groups spanning the adult life span of C57BL6/J female
mice (Fig. 1). Given the differences in aging as well as gene usage per
organ, we investigated liver, kidney, spleen, lung, and brain for
age-related pathology and gene expression changes. Survival and
cause-of-death pathology has been reported previously in studies on a
concurrent longevity cohort of female mice (n = 50, (Wijnhoven et al.,
2005; Melis et al., 2008). The most prevalent causes of death were
neoplasms, inflammation, and general conditional decline. To show that
the stringent standardized conditions under which the survival cohort
was kept and made them representative for murine aging, we
performed an identical survival study several years later. The survival
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Fig. 1 Survival curves longevity cohorts. (A) Survival curves of the concurrent
female wild-type longevity cohort (C57BL/6J 1, n = 50) of this study. A control
female cohort (C57BL/6J 2, n = 50) from several years later. (B) Survival
percentages for the intercurrent age groups used in this study as deducted from
cohort C57BL/6J 1.

curves of both cohorts were quite similar, with a median life span of
103 weeks of age and a maximum life span of 133 weeks (Fig. 1A).

Age-predictive value of pathological parameters

There are several known organ-specific pathological parameters that are
predictive of chronological aging in mice. We analyzed in total 18
different pathological parameters. Significant aging effects were
observed for almost all parameters (Table 1 and Table S1, Supporting
information). However, their dynamics during life span vary considerably,
and the profiles over age differed considerably (Table S1, Supporting
information). A generally accepted marker of aging at organ level is
accumulation of lipofuscin (Gray & Woulfe, 2005), and also levels of
karyomegaly have been proposed as a putative aging marker (Thoolen
et al., 2010). We have scored lipofuscin accumulation during aging in a
mitotic organ (liver) as well as a postmitotic organ (brain). We observed a
promising relationship with chronological aging in both organs. Karyo-
megaly appeared to be a promising marker in liver, but the correlation
with aging in kidney appeared to be low and nonsignificant. Glomerular
membrane thickening in the kidney however can be used as a good
predictor for chronological aging in this tissue.

Unfortunately, good correlation of predictive parameters does not
mean that they are good biomarkers for chronological aging for each
individual mouse. Hence, we analyzed how individual organ samples
could be age-identified by these pathological parameters. Figure 2A
illustrates to what extent the pathology was indicative for chronological
age. Virtually, none of the parameters resulted in a perfect separation
between ‘young’ (gray) and ‘old’ (black) in this analysis. To estimate the
bias, we looked for their performance, that is, correctly identified
samples, only from the two youngest time points and the two oldest
time point (Table S2, Supporting information). Based on all age class
predictions (Table S2, Supporting information), the overall best corre-
lating pathological parameters per organ for chronological aging were:
lipofuscin accumulation in brain and liver, glomerular membrane
thickening in kidney, decrease in lymphocytolysis in spleen, and
increased peribronchiolar lymphoid proliferation in lung.

The observation that almost no individual mouse showed a consis-
tently ‘young’ or ‘old’ phenotype across the multiple organs (Fig. 2)
feeds into the increasing awareness that chronological age and
biological age are different features. Our results indicate that there is
ample inter- and intraindividual variation, despite the fact that some
pathological parameters give a good general indication of young and old
age. Biological aging was not consistently reflected by the various
pathological parameters over the multiple organs and hardly any of the
individuals showed an identical ranking for all these parameters,
especially in older animals (Fig. 2B). Given that several pathological
parameters (= biological aging) were highly correlated with chronolog-
ical aging based on average scores per age group, we assume that
despite inter- and intraindividual (organ) variation, it is still valid to
analyze chronological aging in the context of the ‘average aging process’
in this population.

Gene expression related to chronological aging

As next step, we investigated the changing molecular phenotype of
aging as embodied by whole-transcriptome gene expression of three
randomly selected samples from each time point. For this, whole-
transcriptome gene expression profiling (35 283 transcripts) was
performed on all age groups in all five organs. We first investigated all
gene expression profiles together in a principal component analysis

© 2013 The Anatomical Society and John Wiley & Sons Ltd
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Table 1 Relationship chronological aging and pathological markers. The pathological markers are either quantified on a continuous scale, an ordinal scale using four or five
levels of severity, or on occurrence (absent/present). The values indicate the mean (continuous), median (ordinal), or percentage (binary) for each age class with the number
of analyzed mice between brackets. The lipofuscin index in liver was calculated combining the abundance, intensity (ordinal), and size (ordinal) of lipofuscin spots. The last
column indicates age prediction as indicated by the significance of a difference between age classes (Table S2, Supporting information)

Chronological age in weeks Correlation
Pathological chronological Pathology
Organ parameter Scale 13 26 52 78 104 130 age* PPCGT  AGSE
Liver Focal lymphoid proliferation AP 33(9) 33 (9) 7 (6) 100 (7) 80 (10) 100 (2) 0.0020 3 26
Scattered extramedullary hematopoiesis ~ 0-5 19 1(9) 0(9) 1(10) 1(10) 4(3) 0.1000 67 9
Karyomegaly 0-5 39 39 39 3.5(10) 4 (9) 5(3) 0.0020 330 45
Intranuclear droplets % 0 (9) 0 (9) 0(9) 30 (10) 89 (9) 33(3) 0.0005 18 4
Hepatocellular vacuolization 0-5 1(9 1(8) 29 3(10) 4 (10) 1(3) 0.0005 96 16
Ito cell vacuolization 0-5 0(9) 0(9) 3(8) 2 (8) 3(7) 3(3) 0.0050 29 12
Lipofuscin index§ # 0.6 (9) 549  39(10) 87 (100 112(10) 231(33) 2x 1077 626 125
Kidney  Karyomegaly 0-5 19 0(9) 1(10) 1(10) 1(10) 2(3) 0.3067 18 4
Lymphoid proliferation AP 0(10) 0(9) 56 (9) 30 (10) 40 (10) 33(3) 0.0255 10 25
Glomerular membrane thickening§ 0-5 0(10) 0(8) 0(9) 2 (10) 2.5(10) 4(3) 3x10° 279 238
Tubular degeneration 0-5 0 (10) 0(9) 0(8) 1.5 (10) 1.5 (10) 2(3) 0.0008 398 61
Spleen Lymphocytolysis§ 0-5 3 (10) 28 1.5(8) 1.5 (10) 0 (10) 0(3) 0.0004 65 8
Iron laden macrophages 0-5 0 (10) 0(8) 25(8 3(10) 2 (10) 1(3) 0.0050 31 11
Lung Peribronchiolar lymphoid proliferation§ A/P 10 (10) 0 (8) 50 (10) 89 (9) 89 (9) 50 (2)  0.0005 33 5
Brain Vacuolisation white matter 0-5 0(9) 0(7) 1(10) 2 (10) 3(10) 53 1x107° 173 83
Lipofuscinosis in neurons§ 0-5 0(9) 0(7) 0(8) 2 (10) 2 (10) 25(2) 7x10°° 148 1
Periventricular GFAPY 0-4 1(9) 0 (6) 2 (10) 2 (10) 19 3(3) 0.0050 77 29
Hippocampus GFAPY 0-4 1(9) 0 (6) 2 (10) 2 (10) 2 (9) 4 (3) 0.0020 67 33

*P-value, red values are not-significant.

+PPCG: Pathological parameter correlated genes.

1AGS: Overrepresented altered gene sets.

§Pathological parameter with the best correlation to chronological aging.
{/GFAP: Glial fibrillary acidic protein IHC staining.
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Fig. 2 Age prediction by pathological characteristics. (A) For each pathological
parameter, a clustering was performed in which each sample was assigned to one
of the two main clusters that were identified as 'young’ (gray) or ‘old" (black) based
on the average age of the samples in each cluster (Table S2). (B) To enable detailed
comparison within individuals, the most evidential pathological marker for each
organ is shown at an ordinal scale from one (light gray) to four (black). White
indicates missing values. The color bar indicates organ: brain (green), kidney (blue),
liver (red), lung (yellow), and spleen (black).

© 2013 The Anatomical Society and John Wiley & Sons Ltd

(PCA) (Fig. S1 and Data S1, Supporting information). The PCA plot
revealed that the strongest variance in gene expression could be found
between organs, so much that all samples from each organ clustered
together (Fig. S1, Supporting information). Therefore, we continued our
analyses per organ. Firstly, we looked at several established longevity-
related genes based on literature: mTOR, p16, Gh, Igf, Pten, Sirt1, TgfB,
Tert. Interestingly, none of these genes showed an evenly graded gene
expression profile during life span (Fig. S2, Supporting information), and
we conclude that their involvement in aging could not unambiguously
be confirmed from the results from this experiment. To still identify
genes affected during life span, we determined differentially expressed
genes (DEGs, FDR < 0.05): 6973 in liver; 2325 in kidney; 925 in spleen;
1025 in lung; and 15 in brain (Data S1, Supporting information). This
implies that liver here appears to be the organ with the most consistent
transcriptome changes during aging. Organizing the DEGs in heatmaps
revealed marked gene expression differences in mice of 130 weeks
illustrated by clusters of genes that are exclusively highly expressed in
these mice (Fig. 3). In the associated PCAs, the samples showed quite a
distinct order that largely agrees with chronological aging (Fig. 3).
Altogether, there are many genes that show regulated gene expression
during aging.

We compared the DEGs from different organs for overlapping genes
(Data S1 and Table S3, Supporting information). As expected, most DEGs
(88%) are exclusively found in one organ. The number of overlapping
DEGs rapidly decreased when more tissues were compared at the same
time. Only one gene was found to be differentially expressed in all
organs tested: Lilrb4 (Affymetrix probe-set identifier 1420394 _s_at)
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Fig. 3 Age-related gene expression. Differentially expressed genes (DEGs) in

chronological aging. The first column shows heatmaps after clustering of the

DEGs. The second column shows PCA of the gene expression values from the
DEGs. The colors indicate chronological age according to the first column.

(Data S1A, Supporting information). Expression of Lilrb4 increases during
aging, and the produced protein is an immunoglobulin-like receptor that
is involved in regulation of immune tolerance (Data S1B, Supporting
information). Five of the 11 other DEGs that are found in at least four
organs are immunoglobulin lambda and kappa complex related (Data
S1A, Supporting information), and all DEGs showed increased gene
expression during aging.

Cellular processes related to chronological aging

Identifying DEGs is just a first step in discovering functional processes
involved in aging. We connected gene expression to cellular processes by
testing the top 10% genes with the most significantly changed gene
expression per organ for over-representation of genes that are
functionally related, such as in a pathway or cellular process (Tomlins
et al., 2007). We observed many altered gene sets (AGSs): 122 in liver;
203 in kidney; 307 in spleen; 59 in lung; and 82 in brain (Data S2,
Supporting information). We would like to issue a word of caution with
regard to results in brain, because the low amount of brain DEGs (15)
makes over-representation of gene sets prone to false discovery.
Nevertheless, the observed AGSs in these different organs encompass
a pleiotropic collection of pathways and cellular processes. Plotting the
gene expression of selected AGSs (as described in the M&M) revealed
that several of them showed a continuously increasing or decreasing
profile during aging (Fig. S3, Supporting information). This means that
the genes of associated pathways and cellular processes are collectively
regulated during aging.

We compared AGSs from different organs for overlap (Data S2 and
Table S3, Supporting information). Similar to the DEGs, most AGSs
(79%) are exclusively found in one organ. The number of overlapping
AGSs rapidly decreased when more tissues were compared at the same
time. No common AGS was found in the four remaining organs tested.
In all organs, except liver, many gene sets involved in immunological
processes are changed during aging. Despite the observed overlapping
AGSs, plotting the gene expression profiles revealed a decrease in
immune-related gene expression in the spleen during aging as compared
to an increase in immune-related gene expression in kidney and lung for
several exemplarily AGSs (Fig. S4, Supporting information). This stresses
that each organ generally has a specific aging course, which corrobo-
rates the pathology data.

Gene expression related to pathological aging parameters

We investigated if it is possible to better define the specific progression
of aging in organs by employing organ-specific pathological markers
rather than chronological aging time. As a first step toward discovery of
the molecular mechanisms underlying the changing pathology during
aging, we correlated all pathological parameters with gene expression
profiles for each organ. This resulted in a wide range of pathological
parameter correlated genes (PPCGs), from 3 (focal lymphoid prolifera-
tion, liver) to 626 (lipofuscin index, liver) (Table 1, Data S3, Supporting
information). As an example, we plotted the gene expression (Fig. 4) of
the top ten annotated genes that are most strongly coexpressed (either
positive or negative) with the pathological parameters, which in each
organ correlated the best with chronological aging (Table 1). Notably,
even though these parameters were selected because they correlated
per organ the best with chronological aging, the heatmaps ordered by
each parameter showed that in all cases the chronological age order is
reshuffled in a specific way (Fig. 4). This indicates that the biological
aging of each organ is different than the chronological aging.

© 2013 The Anatomical Society and John Wiley & Sons Ltd
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Cellular processes related to pathological aging and
comparison to chronological aging

For each pathological parameter in each organ, we used the changes in
expression of correlated genes (using the top 10% correlated genes per
parameter as input) to find biological processes related to pathological
aging. Data S4 (Supporting information) gives a full overview of the
correlated biological processes for all parameters and tissues. The
number of altered gene sets (AGS) per pathological aging parameter is
also indicated in the last column of Table 1.

To indicate how pathological aging-related biological processes can
be compared to chronological aging processes, we used the most
significantly correlated parameters lipofuscin (liver) and glomerular
membrane thickening (kidney) as an example. Data S4 (Supporting
information) shows which biological pathways and/or processes do
overlap between chronological aging and pathological aging and which
are specific for pathological aging. In liver, we find overlapping processes

© 2013 The Anatomical Society and John Wiley & Sons Ltd

and components related to deterioration of mitochondrial function and
lipid metabolic processes. Interestingly, this mitochondrial dysfunction
was also correlated with karyomegaly severity in this tissue (Data S4,
Supporting information). The large majority of the lipofuscin-related
AGSs, not overlapping with chronological aging, are involved in
immunological cellular responses. This immune response was not shown
by the chronological aging generated AGSs (Data S2 and Fig. S3,
Supporting information). A comparable analysis for the parameter
glomerular membrane thickening (kidney) shows that overlapping
functional pathways with chronological aging are among others
processes involved in cell migration, adhesion, motility, angiogenesis,
and extracellular matrix components (compare responses shown in
Fig. S3 and Data S4, Supporting information). Also, several immune
responses and EMT-related processes apparent in chronological aging
are corroborated in pathological aging analyses (Data S4, Supporting
information). Our results allow comparable analyses for the investigated
pathological parameters and tissues indicated in Table 1. This database
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thereby creates a good starting point for further aging research and can
provide important new insights into the processes of aging.

Discussion

In this comprehensive study, we systematically analyzed in vivo aging of
C57BL6/) mice, based on regular samples taken during their life span
(13, 26, 52, 78, 104, and 130 weeks of age) from five organs for
pathology and gene expression analyses. The average survivorship of the
female mice in these studies (see concurrent survival cohort data in
Fig. 1) is comparable to previous findings (Kunstyr & Leuenberger,
1975). We identified pathological hallmarks that are correlated with
chronological aging and employed these to assess individual pathology-
related (biological) aging. Besides the generally accepted aging marker
lipofuscin accumulation, several other hallmarks of aging were revealed
in five different tissues (e.g., glomerular membrane thickening, lymph-
ocytolysis in spleen, and lymphoid proliferation in kidney and lung). The
majority of our findings was supported by the few large-scale studies
available that specifically report on non-neoplastic or degenerative
lesions in relation to aged C57BL/6J or BL/6-related mice (Bronson &
Lipman, 1991; Lipman et al., 1999; Haines et al., 2001). However, the
dynamics of these aging hallmarks as described in our study is novel. In
addition, its cell vacuolization can be considered a novel hallmark of
aging.

Chronological and biological aging, as defined by pathological
parameters, were functionally characterized by gene expression profil-
ing, with the aim to confirm or discover underlying mechanisms for
aging and to investigate their temporal progression during life span. The
pathological parameters in our current study demonstrated that signs of
aging are predominantly organ-specific. The gene expression profiles
confirmed this organ-specific regulation both in chronological and
biological aging. However, analyses based on individual genes as well as
on functionally related gene sets gave one recurrent result: the genes
commonly changing in multiple organs during aging were related to
immune processes. The pronounced involvement of the immune system
was found previously in other large-scale age-related gene expression
studies (Zahn et al., 2007; Park et al., 2009; Swindell, 2009). In the
comprehensive meta-analysis study of Swindell, immune responses were
similarly the most commonly regulated processes over all organs
examined, but also biological processes like cellular respiration and
other mitochondrial-related processes in liver were significantly regu-
lated. Our study allows for monitoring of temporal dynamics of these
and other possible age-related processes during the entire murine life
span, which is an attractive extension for the aging field. We have
chosen to analyze the aging processes in a temporal chronological and
pathology-related (biological) manner.

Functional characterization of gene expression pinpointed immune
responses that steadily increase or decrease with age, depending on the
organ type, for instance a decreasing expression of immune-related gene
sets in spleen, but an increasing expression in kidney and lung. The
temporal analysis showed that the decreasing expression in spleen
occurred quite sudden after 104 weeks, but increasing expression in the
other organs was more gradual. This may indicate increased immune cell
infiltration upon cell death or cellular senescence in the organs with age,
but an overall decline in functionality of the immune system in spleen.
The intercurrent pathological observation of lymphoid proliferation (in
lung, kidney, and liver) and lymphocytolysis in spleen could partially
reflect these transcriptome changes.

Our study demonstrated that the most apparent gene expression
changes observed in the liver were related to electron transport chain,

metabolic processes, and the mitochondrial membrane, which can reflect
increasing mitochondrial and cellular dysfunction over time. The conse-
quences of aging for mitochondria and oxidative phosphorylation have
extensively been reviewed (Lesnefsky & Hoppel, 2006), and decreased
levels in electron transport chain have been shown in aging human organ
and other species (Zahn et al., 2007). Previous data support the finding
that the rate of oxidative phosphorylation decreases during aging (Okatani
et al., 2002). Our results indicate that mitochondrial processes and
oxidative phosphorylation increased moderately from very young adult-
hood to mature adulthood, remained constant until 78 weeks of age and
then decreased considerably during the remainder of the life span (104 and
130 weeks). The mTOR- and PTEN-signaling pathways had similar
dynamics in liver. Deregulation in both pathways has been associated
with metabolic changes during aging and can affect cancer susceptibility
(Keniry & Parsons, 2008; Zoncu et al., 2011). In other organs too, we
found gene expression changes that have been associated with cancer. In
kidney, the gene expression profiles revealed an up-regulation during
aging of processes like cell motility, cell migration, and angiogenesis.
Several cancer associated pathways were likewise up-regulated in spleen:
increased cell cycle and DNA damage responses were apparent, especially
during the final stages of the life span.

Our study furthermore showed that the pathological biomarker for
ROS, lipofuscin accumulation (Jung et al., 2007), gradually increased
over time, in mitotic as well as postmitotic organs. This supports the
hypothesis that ROS and free radicals contribute to protein, lipid, RNA,
and DNA damage accumulation and homeostatic imbalance during
aging in our study. Interestingly, the gene most strongly coexpressed
with lipofuscin accumulation in liver was Clec7a (Fig. 4A), which is an
innate immune receptor and can mediate production of ROS in the cell
(Goodridge et al., 2011). Part of the correlated pathways to biological
aging in liver revealed additional processes that were linked to ROS, such
as angiotensin Il-induced production of ROS (Data S4, Supporting
information). Another interesting result linking lipofuscin accumulation
to increased ROS was the fact that biological aging analyses in liver
yielded pathways related to reactive oxygen species and numerous
immune-related responses, while these responses were not identified by
chronological aging analyses. These results suggest a correlation
between immune response and the level of oxidative stress during
aging in liver and moreover exemplify the added value of pathology-
related aging analyses. Combining temporal responses spanning the
murine C57BL/6J life span and gene expression patterns linked to aging
pathology, our study provides more information on the intricate
processes involved in aging.

Processes identified being differentially regulated during aging, like
mitochondrial dysfunction and the regulation of immune-related
processes, are able to greatly increase ROS in cells (West et al., 2011;
Cui et al., 2012), thereby potentially causing collateral DNA and other
macromolecular damage. Because our data did not show a substantial
regulation of DNA repair pathways over time or over biological aging,
and considering DNA repair responses are mostly post-transcriptionally
regulated in mice, we expect this damage to accumulate slowly over
time and influence age-related disease in most organs, be it at different
rates. We have previously shown that mutations, caused by intrinsic DNA
damage, increased at different rates during aging in several organs in
mice from the same intercurrent aging cohorts that were used in our
current study (Melis et al., 2008). Reversely, in vivo defects in DNA
damage repair machinery have demonstrated to promote (segmental)
accelerated aging phenotypes (Wijnhoven et al., 2005, 2007).

In this extensive study, we analyzed the process of aging on multiple
levels: biological and chronological aging were assessed, combining
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age-related pathology, and gene expression profiling. We proposed
several distinguishable and potentially novel pathological hallmarks that
are highly correlated to chronological aging in different organs. But
because of inter- and intraindividual variation, the pathological hallmarks
are additionally useful to study pathology-related, biological aging. In
this study, it was evident that the immune responses played the most
distinguished role in both chronological and biological aging, but
manifested itself with highly organ-specific dynamics. Our results
furthermore support several aging hypotheses at the cellular level, like
processes that can cause increased levels of ROS, an imbalanced
metabolic or energy homeostasis or increased mutational load. Our
study enables studying temporal dynamics of genes and processes
spanning the entire life span over multiple organs.

Experimental procedures

Experimental design

Female C57BL6/) mice were randomized in different groups, that is,
longevity cohorts (described in Wijnhoven et al. (Wijnhoven et al., 2005)
(n =50), or cross-sectional cohorts (n = 10-20). In cross-sectional
cohorts, mice were sacrificed at a fixed age of 13, 26, 52, 78, 104, or
130 weeks. The microbiological status was monitored every 3 months
during the entire studies. Mice were bred in-house and accommodated
under pathogen-free conditions, strict standardized day per night
(12 : 12 h) regime, consistent temperature (20 °C), and controlled air
pressure. Moreover, to minimize confounding effects on health status,
mice were housed in small groups of 4-5 in MacRolon Il type cages with
sufficient cage enrichment. Standard lab chow (Hope Farms, the
Netherlands) and water were supplied ad libitum. Complete autopsy
was performed on the mice; organs were isolated from each animal and
stored for further histopathological analysis. Organ from liver, kidney,
spleen, lung, and brain (frontal lobe of cerebellum) were snap frozen for
gene expression profiling.

Histopathology

Organ samples of each animal were preserved in a neutral aqueous
phosphate-buffered 4% solution of formaldehyde. Organs required
for microscopic examination were embedded in paraffin wax,
sectioned at 4 um, and stained with hemotoxylin and eosin. Detailed
microscopic examination was performed on the intercurrent cohort
samples and on all gross lesions suspected of being tumors or
representing major pathological conditions. For each animal, histo-
pathological abnormalities, tumors, and non-neoplastic lesions were
recorded.

The difference between the age groups of binomial data was tested
using a chi-squared contingency table test. The difference between the
age groups of ordinal data was tested using Kruskal-Wallis rank sum
test. To determine to which extent, the pathology was indicating aging,
the following analysis was performed. For each pathological variable, the
samples were clustered based on severity, using hierarchical clustering
and the complete agglomeration method (with binary distance if
required). The average age of each of the two main clusters was
calculated. The allocation of each sample to either a ‘young’ cluster or an
‘old" age group was recorded (Fig. 2) and was afterward compared to
the chronological age of this sample. A pathological parameter was
considered aging related if samples of 13 and 26 weeks old were
allocated to the young age groups, and if samples from 104 and
130 weeks old were allocated to the old age group.
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Microarray analysis

Total RNA was isolated from liver, kidney, spleen, lung, and brain, using
the RNeasy Midi kit (Qiagen, Valencia, CA, USA). RNA quality was tested

using automated gel electrophoresis [Bioanalyzer 2100; Agilent tech-

nologies, Amstelveen, the Netherlands (RIN > 7)I. RNA samples (n = 3
per time point per organ, 90 samples in total) were labeled and
hybridized to Mouse GeneChip 430 2.0 (Affymetrix, Santa Clara, CA,
USA) arrays according to the manufacturer’s protocol. All raw data

passed the quality criteria, but relevant effects of labeling batches were
detected. The raw data from each organ were normalized using the

robust multiarray average algorithm (Irizarry et al., 2003) and annotated
according de Leeuw (de Leeuw et al., 2008). The data were corrected

for labeling-batch effects using a linear model with group-means

parameterization and coefficients for age (fixed) and labeling batch

(random). The resulting normalized expression values were analyzed for

differentially expressed genes (DEGs) by fitting natural cubic splines as a
function of chronological age, as described by Storey et al. (2005), using

a false discovery rate corrected P-value cut off of < 0.05 (Storey &

Tibshirani, 2003). The temporal profiles of the DEGs were explored using
agglomerative hierarchical clustering and principal components analysis.
Altered gene sets (AGSs) were determined using over-representation
analysis and gene set analysis. For over-representation analysis, the top
10% of most significant differentially expressed genes (Tomlins et al.,

2007) in each organ were tested for disproportionally high numbers of
functionally related genes, using the hypergeometric test (P < 10~3). For
gene set analysis, a priori defined functionally related sets of genes were
tested for concordant aging effects, using the Wilcoxon rank test
[P < 107° (Michaud et al., 2008)]. Gene sets were defined by the Gene
Ontology, Metacore (https:/portal.genego.com/) and a predefined list of

gene sets (Table S4, Supporting information). The profile of an over-
represented gene set was determined based on the genes in the top

10% (y) by calculating the eigengene x (Alter et al, 2000), and the
direction by ¥cor(x,y): a negative score resulted in reversion of the

eigengene.

Coexpression was quantified using p,, and py,.,, where p indicates

Spearman rank correlation, x = a phenotypic variable, y = a gene, and
z = age. P-values for p,, were determined using a permutation based
Spearman rank correlation test (ordinal data), or using a chi-squared
contingency test (binomial data) and for py,., a conditional Spearman

correlation test (ordinal data) or a Cochran-Mantel-Haenszel test
(binomial data). A score for coexpression was calculated as the
negative sum of the logs of the P-values of the correlation and the
conditional correlation test. This methodology corrects for correlations
with age. In order to define AGSs, the coexpression scores were
subjected to gene set analysis and over-representation analysis (using
the top 3% (1000) highest coexpression scores). Gene expression data
have been submitted to the public Gene Expression Omnibus, number

GSE34378.
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Fig. S1 Principal component analysis (PCA) plot depicting the samples plotted
against the first two principal components calculated from the gene
expression values of the perfect-match probes.
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Fig. S2 Gene expression dynamics of several literature based age-related
genes during murine life span.

Fig. S3 Dynamics of average, age-related gene expression changes of
selected organ-specific, altered gene sets (AGSs).

Fig. S4 Organ-specific gene expression dynamics of common immune related
altered gene sets (AGSs) in kidney, spleen and lung.

Table S$1 Dynamics of the average values of the age-related pathological
parameters (cf. Table 1) during murine life span.

Table S2 For each pathological parameter a clustering was performed in
which each sample was assigned to one of the two main clusters, that were
identified as predicted ‘young’ or ‘old’ based on the average age of the
samples in each cluster.

Table S3 The organ intersections in differentially expressed genes (DEGs)
(Data S1, Supporting information) and functionally related altered gene sets
(AGSs) (Data S2, Supporting information).
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Table S4 Predefined list of aging-related gene sets based on literature.

Data S1 List of genes that were differentially expressed (FDR corrected
P-value < 0.05) in any of the organs.

Data S2 Lists of altered gene sets (AGSs) that were found to be involved
in aging in the different organs after gene set analysis (GSA), over-

representation analysis (ORA) and Metacore over-representation analysis

(M-ORA).

Data S3 List of genes that showed significant correlation (P-value < 0.001)
with any pathological parameter in any of the organs.

Data S4 Lists of altered gene sets (AGSs) correlated to the pathological
parameters in five organs after gene set analysis (GSA), over-representation
analysis (ORA) and Metacore over-representation analysis (M-ORA).
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