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SUMMARY

Mutations and genetic variability affect gene expression and lifespan, but the impact of variations in gene
expression within individuals on their aging-related
mortality is poorly understood. We performed a longitudinal study in the short-lived killifish, Nothobranchius furzeri, and correlated quantitative variations in
gene expression during early adult life with lifespan.
Shorter- and longer-lived individuals differ in their
gene expression before the onset of aging-related
mortality; differences in gene expression are more
pronounced early in life. We identified mitochondrial
respiratory chain complex I as a hub in a module of
genes whose expression is negatively correlated
with lifespan. Accordingly, partial pharmacological
inhibition of complex I by the small molecule rotenone reversed aging-related regulation of gene expression and extended lifespan in N. furzeri by
15%. These results support the use of N. furzeri as
a vertebrate model for identifying the protein targets,
pharmacological modulators, and individual-to-individual variability associated with aging.

INTRODUCTION
Aging results from accumulation of molecular and cellular damage
and leads to progressive physiological failure and an increase in
mortality. Differences in aging and lifespan between individuals
of the same species are influenced by intrinsic (both heritable
and random variation) and extrinsic factors, such as nutrition (de
Cabo et al., 2014; Herndon et al., 2002; Pincus et al., 2011; Rea
et al., 2005; Shen et al., 2014). Well-established single-gene
mutations can increase longevity in model organisms (Bartke,
2011; Fontana et al., 2010; Gems and Partridge, 2013; Lee
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et al., 2003) and some loci influencing human or murine lifespan
have been identified (Beekman et al., 2013; Broer et al., 2015;
Deelen et al., 2014; Houtkooper et al., 2013; Willcox et al., 2008).
While genetic heterogeneity clearly influences lifespan, the
relationship between non-genetic variation and the specific
age-related phenotypes observed in individuals is not well understood. To the best of our knowledge, all available studies
on individual random variation and aging have been performed
in the roundworm, Caenorhabditis elegans. Pioneering studies
showed that the expression level of heat-shock proteins can predict individual lifespan, and this trait is not heritable (Rea et al.,
2005). This observation demonstrates that variability in the
absence of genetic heterogeneity may influence the lifespans
of individuals. Later studies identified the expression level of
the miR-71 microRNA (Pincus et al., 2011) and the frequency
of ‘‘mitoflashes’’ during an individual’s early adult life (Shen
et al., 2014) as predictors of lifespan. Accordingly, knock down
of mitochondrial proteins during development is necessary and
sufficient to cause life-extension in C. elegans (Dillin et al.,
2002b; Houtkooper et al., 2013). Taken together, these studies
suggest that conditions favoring longevity may be laid out during
development and early adult life.
Historically, the extension of similar studies to vertebrates has
been hampered by the lifespan of the available model organisms.
In the last decade, we developed the annual African turquoise killifish (Nothobranchius furzeri), the shortest-lived vertebrate that
can be cultured in captivity (Valdesalici and Cellerino, 2003), into
a model organism for aging studies. N. furzeri is particularly suited
to longitudinal studies: the maximum lifespan of this species is
3–12 months, depending on the genetic background (Terzibasi
et al., 2008). The highly inbred strain GRZ can have a lifespan
span as short as 3 months, while strains collected more recently,
such as the MZM-0410 strain used in this paper, have longer lifespans. N. furzeri is responsive to interventions that prolong the lifespan of other model organisms such as temperature, calorie restriction, and resveratrol (Terzibasi et al., 2009; Valenzano et al.,
2006a, 2006b), and many aspects of vertebrate aging are observed in N. furzeri (Cellerino et al., 2015), including mitochondrial

Figure 1. Survivorship of the Study Population, Correlation of Growth Parameters with Lifespan, and Differences of Gene Expression among
Groups with Diverging Lifespan
(A) Survivorship of the lifespan study population (n = 152). The red dashed line indicates the median survivorship, the dashed green line the 10% survivorship, the
dashed black vertical lines indicate the sampling ages. The boxes indicate the lifespan intervals of the short-lived, longer-lived, and longest-lived groups, respectively.
(B) Differences in survival between the first and the last quartile of increase in body weight.
(C) Distribution of absolute log2 fold changes for 21,191 genes between 10 and 20 weeks in each of the three lifespan groups. Lines represent medians, boxes
represent 25%–75% intervals, and whiskers represent 5%–95% intervals. Outliers are not shown. Differences in fold changes were tested by ANOVA.
(D) Distribution of absolute log2 statistical mean, a measure of up- or downregulation within a gene set, for all 136 annotated D. rerio KEGG pathways. Outliers are
not shown. Differences in fold changes were tested by Wilcoxon-Mann-Whitney test.
(E) Number of DEG sets between the short-lived and the longest-lived group at 10 and 20 weeks. The inbox lists the differentially regulated KEGG pathways at
10 weeks; pathways in bold are also differentially regulated at 20 weeks.
See also Tables S1, S2, S3, S4, S5, S6, and S7.

dysfunction (Hartmann et al., 2011). RNA sequencing (RNA-seq)based studies have demonstrated that the patterns of genomewide transcript regulation in the N. furzeri brain mimic those
observed in mammals (Baumgart et al., 2014), and new largescale studies are facilitated by the recent sequencing of the
N. furzeri genome (Reichwald et al., 2015; Valenzano et al., 2015).
Here, we perform a longitudinal study of gene expression in individual N. furzeri by obtaining two fin biopsies at two time points
during early adult stage, then correlate the specific gene expression signatures observed in these individuals during early adult
life with their age at death. To identify the most relevant genes
expression signatures for lifespan determination, we generated
a gene co-expression network using weighted gene co-expression network analysis (WGCNA) (Zhang and Horvath, 2005). This
approach allows us to correlate gene modules with external variables (lifespan in this case) and identified central hubs in the
network of longevity-related genes.
RESULTS
The lifespan of 152 male N. furzeri, strain MZM-0410, was recorded starting from week 5 (sexual maturity). Simultaneously,

we obtained two independent biopsies of the caudal fin at age
10 weeks and 20 weeks (corresponding to 15% and 30%
of maximum lifespan) from each individual that reached 20 weeks
(n = 130). Fins regenerate in fish, and this procedure is not likely
to impair survival of the experimental fish. Median lifespan for the
study groups was 40 weeks and 10% survivorship was 58 weeks
(Figure 1A). We then selected 45 individuals based on the age
of death divided into three groups of 15 individuals each:
short-lived (age of death 28–36 weeks), long-lived (age of death
45–50 weeks), and longest-lived (age of death 57–71 weeks,).
We excluded animals from analysis that died before 28 weeks
of age because several of these animals show negative growth
between 10 and 20 weeks (Tables S1 and S2), suggesting a disease or environmental component of mortality in the earliestdying group. The shape of the survival curve is similar to what recorded in this wild-derived strain in previous experiments (e.g.,
Terzibasi et al., 2009), and the broad distribution of individual lifespans could be related to residual genetic heterozygosity known
to be present in this newly inbred strain. We therefore analyzed
heterozygosity genome-wide and found that the number of
single nucleotide variations in MZM-0410 was 42 times higher
than in the highly inbred strain GRZ (Table S3). The hatch dates
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of the individuals were balanced in the three groups (Table S1) to
eliminate cohort effects. For each individual, the following information was recorded: age at sexual maturity (i.e., time when
nuptial livery was first visible), weight and length at 10 weeks,
weight and length at 20 weeks, and increase in weight and length
between 10 and 20 weeks (Tables S1 and S2). On the whole populations, growth was positively associated with lifespan (Figure 1D), but none of these parameters statistically correlated
with age of death within the 45 individuals used for the study (p
> 0.4, Pearson’s correlation, for details and additional analysis,
see Table S4). Within each sample, transcript abundance was
quantified by RNA-seq using as reference the N. furzeri genome
including 23,546 protein-coding genes (for mapping statistics,
see Table S5). To filter low-expressed genes than give unreliable
estimates of fold-changes, the 10% lowest expressed genes
(based on reads per kilobase of transcript per million [RPKM]
values) were eliminated from the analysis, and this resulted in
21,191 genes passing this filter.
For each of the 45 individuals, we normalized across samples
using size factors estimated with DESeq2 (Love et al., 2014),
then, for each of the 21,191 genes that passed the filter
described above, we calculated the fold-changes in gene
expression observed between the 10-week and 20-week biopsy.
We then calculated the median absolute fold-changes in gene
expression between 10 and 20 weeks for the short-, long-, and
longest-lived groups of fish separately. We found that largest differences were observed in the short-lived fish and the smallest
were observed in the longest-lived fish (p = 10 7, Wilcoxon
signed-rank test, Figure 1C). This demonstrates that the
longest-lived fish, as a group, globally display the smaller modulations in gene expression as a function of age. We further
tested the age-dependent expression observed in specific
gene sets using all 136 Danio rerio (zebrafish) KEGG pathways
as input and generally applicable gene enrichment (GAGE) analysis (Luo et al., 2009). The absolute statistical mean provided by
GAGE is a measure of the cumulative fold-changes observed
across samples within a given gene set; it was largest in the
short-lived and smallest in longest-lived groups of fish (p = 4 3
10 5, Wilcoxon signed-rank test, Figure 1D). Further, the number
of KEGG pathways differentially expressed between 10 and
20 weeks was largest in short-lived and smallest in longest-lived
groups of fish (Table S6) confirming the result from the singlegene analysis that an individual fish will experience comparatively little changes in gene expression between 10 and 20 weeks
of age if it will be among the longest-lived group.
Having characterized gene expression within groups of fish (as
determined by age of death), we next characterized gene expression between groups of fish. Specifically, we tested whether
short-lived and longest-lived fish differ either at 10 or at 20 weeks
of age in the expression of specific gene sets and pathways by
GAGE analysis using KEGG pathways and gene ontology:cellular
component (GO:CC) as gene sets (Table S7). The number of
KEGG pathways and GO:CC sets that were differentially expressed in a statistically significant manner between the shortlived and longest-lived groups of fish was 15 and 36, respectively,
when global gene expression was characterized at 10 weeks
(Figure 1E). By contrast, only two KEGG pathways were expressed in statistically different manner between the short-lived
and longest-lived groups of fish at 20 weeks: dre03010 ribosome,
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which was higher expressed in short-lived as compared to
longest-lived fish, and dre04512 ECM-receptor interaction,
which was lower expressed in the shortest-lived fish.
Characterization of Age-Dependent Gene Expression
Our analysis demonstrated that the differences in gene expression between the short- and longest-lived fish are largest at
the earliest time point, suggesting that non-genetic factors that
contribute to age of death are present early in life. To provide
a baseline for identifying these lifespan-determining factors
within individuals, we first needed to characterize average agedependent gene expression. We analyzed RNA-seq data from
brain, skin, and liver samples of male animals of five age
groups (5, 12, 20, 27, and 39 weeks) and five biological replicates
for each age (Baumgart et al., 2014; Reichwald et al., 2015)
(Figure S1; see also Table S8). We selected genes that were
differentially expressed between the first and the last age groups
(false discovery rate [FDR]-corrected p < 0.05, DESeq, and
edgeR, for the 100 top differentially expressed genes, see
Table S9). We analyzed to what extent each pair of consecutive
temporal steps differ by plotting the number of differentially expressed genes for each pairwise comparison and each tissue
separately. For all three tissues, the number of differentially expressed genes was highest for the comparison between 5 and
12 weeks, declined until 27 weeks, then increased between 27
and 39 weeks (Figure 2A).
To investigate common age-dependent regulation across tissues, we selected genes that were differentially expressed in at
least two tissues (n = 6,449) and their expression profiles were
clustered using fuzzy c-means clustering. The optimal number
of four clusters was determined by the vote of 42 cluster validity
indices including variations of the Dunn’s and Davis-Boulduin’s
indices as well as more recent indices as described (Guthke
et al., 2005). The age-dependent regulation was similar across
tissues. A representative cluster is displayed in Figure 2B.
The rest can be found in Figure S2 (see also Table S10). We identified the KEGG pathways differentially expressed as a function
of age in brain, liver, and skin using GAGE and tested whether
the expression level of the genes within the gene set was correlated with age (as originally suggested by Zahn et al., 2006,
2007). For each tissue, the majority of age-regulated pathways
were shared with at least another tissue and nine KEGG
pathways were age-regulated in all three tissues (Figure 2C;
Table S11).
Next, we asked whether any of the nine age-regulated pathways shared by all three tissues where differentially expressed
between the three lifespan groups. We observed that components of the dre03013 RNA transport pathway were expressed
at lower levels in the longest-lived versus short-lived groups of
fish when gene expression was characterized at 10 weeks
(FDR = 0.00017, GAGE) (Figure 2C, left). The dre03010 ribosome
pathway was expressed at lower levels in the longest-lived fish
as compared to the short-lived fish at both 10 and 20 weeks of
age (FDR = 0.014 and p = 0.048, respectively, GAGE) (Figure 2C,
right). Moreover, both the starting values of dre03010 ribosome
pathway expression and its fold-changes across time varied
between groups of fish; fold-change amplitude was largest in
the short-lived group. These data are reminiscent of Figure 1E
and suggest that the correlations observed in the fin biopsies

Figure 2. Characterization of Age-Dependent Gene Expression
(A) ‘‘Hourglass’’ pattern of age-dependent transcript modulation. The number of DEGs for each
pair of consecutive temporal steps is reported in
log2 scale for all three tissues. The number of DEGs
is highest for the comparison between 5 and
12 weeks, abruptly declines and strongly increases
for the comparison between 27 and 39 weeks.
(B) Fuzzy c-means clustering of DEGs in at least two
out of three tissues, one representative cluster (for all
clusters see Figure S2). The lines report cluster
expression profiles in brain, liver, and skin, respectively. Points represent means, and lines represent
confidence intervals. The expression of each gene
was scaled to SD and centered to the mean for each
of the three tissues separately. The number of genes
in each cluster is reported on top of each graph. The
optimal number of four was determined by the
maximum of the cluster validation index.
(C) Overlap of age-regulated KEEG pathways.
Generally applicable gene enrichment (GAGE)
analysis using as input correlation of gene expression with age using values at 5, 12, 20, and 27 weeks.
FDR-corrected p < 0.05. Values at 39 weeks were
excluded because this time point is past median
lifespan and may reflect selection effects.
(D) Normalized expression levels for all genes of
the categories ‘‘dre03013 RNA transport’’ and
‘‘dre03010 ribosome.’’ The gray dotted lines
correspond to the median in group 1 at 10 and
20 weeks (w), respectively. Lines represent medians, boxes represent 25%–75% intervals, and
whiskers represent 5%–95% intervals. Outliers
are not shown.
See also Figures S1 and S2 and Tables S8, S9,
S10, and S11.

between gene expression and age of death may be representative of similar correlations in other tissues.
Next, we investigated the relationship between age-dependent gene regulation and lifespan-associated gene expression.
For all 21,191 genes passing our expression filter, we computed
a correlation with age of death; this correlation was significant for
936 (p < 0.05, Spearman rank correlation). The expression of
these genes was analyzed in brain, liver, and skin across time using fuzzy c-means clustering (Table S12). For the genes positively correlated with age of death (n = 248), all three clusters
showed age-dependent downregulation in skin, whose profile
of gene expression is very similar to fins (Figure S1), but differ
in their regulation in the other two tissues.This association designates these genes as markers of skin biological age; functionally,
they may oppose skin aging (Figure S3). The largest fraction of
genes negatively correlated with lifespan (n = 688) were assigned
to a cluster showing upregulation in all three tissues (38%, 261,
Figure 3A) and are therefore markers of skin biological age; functionally, they may promote skin aging. The second cluster (36%,
251, Figure 3B) showed a U-shaped profile with a sharp decay
between 5 and 12 weeks and upregulation at later time points
in all three tissues. This behavior may indicate that these genes
show different profiles in short- and longer-lived individual, and
the population pattern may indicate higher mortality of those animals with early downregulation (see also Figure 2D, left). This

cluster shows the highest enrichment for genes coding
for proteins of the mitochondrial inner membrane (n = 20,
GO:0005743, fold-enrichment = 7.2, p = 1.3 3 10 9, Fisher’s
exact test, Benjamini-Hochberg correction; Table S13). Examining the expression of all genes of this class (GO:0005743) as
a function of age in the three lifespan groups showed that this
gene set was expressed at lower levels in the longer living
groups at 10 weeks (GAGE, FDR = 0.0078 and for short- versus
longest-lived fish; Figure 3B, bottom). It should be noted that
GO:0005743 was also detected with very high support as
downregulated in a meta-analysis of age-dependent transcript
regulation in mammals (de Magalhães et al., 2009). A third
cluster shows a pattern that is not consistent across tissues
(Figure 3C).
Identification of Co-regulated Genes that Are
Associated with Age of Death
Network analysis is useful to identify genes that are putative
hubs of gene co-regulation. Here, we applied the approach
of weighted gene co-expression network analysis (WGCNA)
(Zhang and Horvath, 2005). WGCNA groups genes into discrete
modules based on their topological overlap within a network
built from gene expression data. It also computes the eigengene of each module separately. The eigengene can then be
correlated with an external variable, in our case, age of death.
We used WGCNA to analyze the 936 genes correlated with age
Cell Systems 2, 122–132, February 24, 2016 ª2016 The Authors 125

Figure 3. Temporal Clustering of Genes
Correlated with Lifespan
(A and C) Fuzzy c-means clustering of 688 genes
negatively correlated with lifespan. Lines report
cluster expression profiles in brain, liver, and skin,
respectively. Points represent means and lines
represent confidence intervals. The expression of
each gene was scaled to SD and centered to the
mean for each of the three tissues separately.
(B) Normalized expression levels for all genes of
the category ‘‘GO:0005743:mitochondrial inner
membrane.’’ The grey dotted lines correspond to
the median in group 1 at 10 and 20 weeks (w),
respectively. Lines represent medians, boxes
represent 25%–75% intervals, and whiskers
represent 5%–95% intervals. Outliers are not
shown.
See also Figure S3 and Tables S12 and S13.

of death (Spearman correlation, p < 0.05). These genes were
segmented into five modules, and for each of these modules,
the correlation of the eigengene with age of death was
computed (Figures 4A and S4; Table S14). The cluster membership for a gene in each module is defined as the correlation
between the expression of a given gene and the eigengene of
the module. Genes with the highest module membership (i.e.,
the best correlation with the module eigengene) can be considered as hubs. We focused our attention on the module 2 (149
genes; Table S14) that shows the largest absolute eigengene
correlation with age of death ( 0.45, p = 10 5, BenjaminiHochberg correction, Figure 4B) with top enrichments for complex I of the respiratory chain (n = 6, GO:0045271, p = 6 3
10 5, Fisher’s exact test, Benjamini-Hochberg correction) and
mitochondrial small ribosomal subunit (n = 4, GO:0005761,
p = 6 3 10 5; Figure 4C; Table S15). Among the top ten hub
genes (Table S16) are genes coding for NADH ubiquinone
oxidoreductase A13 (NDUFA13) that is part of complex I of
the electron transport chain and mitochondrial ribosomal
protein S15 (MRPS15). Analysis of the gene network in this
module revealed that genes coding for NDUFs and MRPs
are tightly co-regulated (Figure 4D). This finding is consistent
with mouse studies where Mrps5 expression strongly correlates with expression of oxidative phosphorylation proteins
(Houtkooper et al., 2013), and expression of MRPs is negatively
correlated with lifespan across mouse strains (Houtkooper
et al., 2013).
Activity of Respiratory Chain Complex I Affects Lifespan
In order to test whether relevance of complex I for lifespan determination could be observed in a different context, we performed
two different experiments. First, we analyzed RNA-seq data from
skin samples of five animals of the shorter-lived strain GRZ at the
median lifespan of this strain; 12 weeks of age (Reichwald et al.,
2015; Terzibasi et al., 2008). These data were compared to samples generated from MZM-0410 animals of the same age. GAGE
126 Cell Systems 2, 122–132, February 24, 2016 ª2016 The Authors

analysis detected two KEGG pathways
with higher expression in GRZ, including
dre00190 oxidative phosphorylation
(FDR = 9 3 10 12), which contains complex I genes. This provides an independent confirmation that
higher activity of complex I is associated with short lifespan.
Second, complex I of the respiratory chain can be potently inhibited by small molecules, such as rotenone (ROT) (Singer and
Ramsay, 1994). This allowed us to ask directly whether partial inhibition of the respiratory chain affects fish lifespan. We treated
N. furzeri MZM-0410 chronically with 15 pM and 150 pM ROT
in the water, corresponding to 0.1% and 1% of the median lethal
concentration (LC50) for N. furzeri, respectively, starting at age
23 weeks. The lower concentration induced lifespan extension
(log-rank test, p = 0.0181) but the higher concentration induced
lifespan shortening (log-rank test, p < 0.0001, Figure 5).
Five animals treated with 15 pM ROT were taken after 4 weeks
of treatment and RNA-seq was performed from brain, liver, and
skin samples. These were compared with animals of the same
age treated with vehicle and with animals treated with vehicle
for 4 weeks starting at age 5 weeks (young controls). We
analyzed the response to ROT of all genes differentially expressed with age (FDR-corrected p < 0.05, EdgeR and DEseq)
detected in comparisons of old versus young controls (brain:
1,436 DEGs, liver: 839, skin: 1,830; Table S17). In Figure 6, these
data are shown as 2D plot with log2 of the expression ratio old
controls/young controls on the ordinates and log2 of the expression ratio old ROT-treated/old controls on the abscissa. In all
three tissues, the vast majority (90%) of genes upregulated
during aging were downregulated by ROT and vice versa resulting in highly significant negative regression (Figure 6).
In order to validate these data in a second, longer-living species, the same experiment was repeated in Danio rerio (zebrafish). Fish were treated for either 3 or 8 weeks starting at the
age of 36 months (approximate median lifespan) (Gerhard
et al., 2002; Kishi, 2004) with either vehicle or a concentration
of 3.75 nM, that corresponds to 1% of LC50 for D. rerio. Fish of
12 months treated with vehicle served as young controls. Treatment for 3 weeks resulted in a small number of differentially expressed genes (brain: 39, liver: 208, skin: 89; Table S18) but

Figure 4. Weighted Gene Co-expression
Network Analysis of Genes Correlated with
Lifespan
(A) Clustering of the 936 top genes correlated with
lifespan. Distance is based on topological overlap.
Vertical dotted lines indicate the borders of the
different modules that are also indicated by
different colors in the horizontal bar. Five clusters
containing more than 50 members each were
identified. All unclustered genes were dumped into
cluster 0. The bottom line indicates the signed
correlation of each gene with lifespan: green,
positive correlation; red, negative correlation.
(B) Correlation between the eigengene of the
‘‘blue’’ module and the age at death of the individual samples. Circles represent values at
10 weeks and triangles represent values at
20 weeks.
(C) Fold enrichment of gene ontologies in the
‘‘blue’’ module for mitochondrial ontology terms.
The red dashed line represents the expected value
of 1.
(D) Network of the most connected genes in
the ‘‘blue’’ module. Only edges corresponding to
topological overlap >0.1 are shown. Genes of
complex I are shown in red and mitochondrial
ribosomal genes in green.
See also Figure S4 and Tables S14, S15, and S16.

Sun, 2007; Lee et al., 2003). Further, it
was recently shown that complex I is
downregulated during early adult life in
the liver of a long-lived mouse strain and
in mice under life-long dietary restriction,
a condition that prolongs lifespan (Miwa
et al., 2014).
DISCUSSION

treatment for 8 weeks induced a substantially larger response to
ROT in all three tissues (brain: 280 liver: 979, skin: 1,713; Table
S19). In D. rerio, the majority of genes upregulated during aging
were downregulated by ROT and vice versa resulting in highly
significant negative regression (Figure 6). This effect was more
prominent in the liver (Pearson’s r = 0.757, 87% of the genes
showing reversal) and least in the skin (r = 0.317, 70% of the
genes showing reversal). These data are consistent with a large
body of experiments in C. elegans, where mitochondrial mutants
and RNA interference against genes of the mitochondrial respiratory chain induce life-extension (Dillin et al., 2002b; Kim and

Here, we have used the short-lived killifish
N. furzeri to perform a longitudinal study of
gene expression during adult life. N. furzeri
is the shortest-lived vertebrate that can be
cultured in captivity and replicates many
of the typical hallmarks of aging (reviewed
by Cellerino et al., 2015). The recent
sequencing of its genome (Reichwald
et al., 2015; Valenzano et al., 2015), and
the establishment of genome-editing techniques (Harel et al., 2015) makes it a
convenient model species for experimental investigations on aging in vertebrates. Here, we report the observation that individual
N. furzeri of different lifespans differ in their transcript levels at an
early adult age. Further, we observed that genome-wide the rate
of age-dependent gene modulation was lowest in the longestlived individuals, suggesting that they are characterized globally
by a slower aging rate.
While we suggest that short- and long-lived individuals
differ in the baseline and age-dependent modulation of their
gene expression at a young age, several confounding factors
may contribute to these differences: genetic heterogeneity,
Cell Systems 2, 122–132, February 24, 2016 ª2016 The Authors 127

Figure 5. Effects of Rotenone on Lifespan
Survival of rotenone- and vehicle-treated N. furzeri; 15 pM rotenone (n = 58,
solid red line), 150 pM rotenone (n = 22, dashed red line), and DMSO (n = 47,
blue line); p values, log-rank.

differences across the experimental cohorts and differences in
the growth parameters. The strain analyzed here shows residual
genetic heterogeneity, and we cannot exclude that genetic heterogeneity contributed to lifespan differences in our samples.
Alternatively, an obvious explanation for the differences in the
rate of age-dependent gene modulation between the lifespan
groups could be a higher growth rate (and therefore larger size
differences between 10 and 20 week) for the shortest-lived
group. We did not detect statistical differences in growth rate
between the groups and on the whole population growth was
positively, rather than negatively, correlated with lifespan. A
similar positive correlation between body size and lifespan was
reported in the F2 of a cross between the GRZ and MZM-0403
strains (Kirschner et al., 2012).
The comparison of longitudinal and cross-sectional datasets
highlighted ribosomal proteins as upregulated with age in all three
tissues and also differentially expressed among the three lifespan
groups, so that three groups differ both in the starting values at
10 weeks and the amplitude of age-dependent modulation that
is largest in g1 and smallest in g3. Cytosolic ribosomal proteins
are also upregulated with age in human brain, kidney, and muscle
(Zahn et al., 2006). Very recently, it was shown that in the rat brain,
transcription, translation output, and steady-state levels of cytosolic ribosomal proteins are increased upon aging and at the
same time expression of mitochondrial ribosomal proteins decreases (Ori et al., 2015), and protein biogenesis machinery is a
driver of replicative senescence in yeast (Janssens et al., 2015).
Also, the expression of ribosomal proteins is upregulated in
N. furzeri embryos undergoing diapause (Reichwald et al., 2015),
a condition that shows overlaps with aging. Therefore, increased
expression of ribosomal proteins appears as a possible conserved
biomarker of aging that deserves further functional analysis.
Intuitively, differences in gene expression between individuals
that differ in their aging rate should become larger as age progresses. However, we do not observe this consistently as differences between the longevity groups were larger at 10 weeks
than at 20 weeks, and numbers of differentially expressed genes
between adjacent age steps showed a U-shape. Our observations in N. furzeri are rather consistent with the results of a
large-scale study of human aging in the prefrontal cortex: rates
of age-dependent changes in gene expression are high during
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childhood, decline until age 20 years, rise again after 40 years,
and, by the age of 60, exceed those observed during teenage
years (Colantuoni et al., 2011).These observations are reminiscent of the ‘‘hourglass’’ model of comparative embryology. The
model, originally proposed to compare the morphology of embryos of different species, postulates that phenotypes are
more divergent at early developmental stages, converge at
mid-development, and diverge again later. Strong support in
favor of this theory came recently from comparison of agedependent transcriptomes across different species (Casci,
2011). In the human brain, differences in gene expression between areas are largest during prenatal development, decline after birth but, from adolescence onward, differential expression
among areas increases again (Pletikos et al., 2014).
The main result of this paper is that conditions favoring longevity
are laid out during early adult life when inter-individual differences
in gene expression are larger, and this result is consistent with
observations in C. elegans where knock down of complex I
genes or mitochondrial ribosomal proteins during development
is necessary and sufficient for life extension. (Dillin et al., 2002a;
Houtkooper et al., 2013; Kim and Sun, 2007; Lee et al., 2003).
Reduced mitochondrial mass and function is among the most
conserved hallmarks of aging (López-Otı́n et al., 2013; Zahn and
Kim, 2007) and is specifically observed also in N. furzeri at the
levels of gene expression, mitochondrial mass, and mitochondrial
functional parameters (Baumgart et al., 2014; Hartmann et al.,
2011). Mitochondrial biogenesis is intimately connected to conserved longevity pathways such as the mTOR- and IGF1-pathways (Bratic and Larsson, 2013). Improved mitochondrial function
is currently considered as a crucial component for the health-promoting action of physical exercise and calorie restriction (de Cabo
et al., 2014). However, knock down of complex I genes expression
induces life-extension in worms and flies (Copeland et al., 2009;
Dillin et al., 2002b; Kim and Sun, 2007; Lee et al., 2003). This
contradiction between physiological age-dependent regulation
and effects observed after genetic manipulations is also observed
for another major longevity pathway: the IGF-I pathway. Genetic
dampening of IGF-I signaling is life-extending in several models,
yet GH and IGF-I hematic concentrations decline during aging
(Barzilai et al., 2012). Also, expression of mitochondrial ribosomal
proteins declines during aging (de Magalhães et al., 2009; Baumgart et al., 2014; Ori et al., 2015), but knock down of MRPs induces
life-extension (Houtkooper et al., 2013).
The effects of ROT may also be explained by the mitohormesis
hypothesis postulating that life-extending interventions act via a
transient burst of free radical oxygen species that induce adaptive
stress responses (Ristow, 2014). In C. elegans, life-extending effects of calorie restriction or RNAi of the insulin signaling pathway
are blocked by antioxidants (Schmeisser et al., 2013; Schulz et al.,
2007; Zarse et al., 2012), and partial inhibition of complex I by ROT
prolongs lifespan, generates a burst of ROS, and antioxidants
block the life-extending effects of ROT (Schmeisser et al.,
2013). Increasing the dosage of ROT, however, is life-shortening
in N. furzeri, as it is expected by a hormetic effect. Life-extending
effects of metformin on mice (Martin-Montalvo et al., 2013) may
also be mediated by mitohormesis, since this drug can inhibit
complex I (Bridges et al., 2014), and effects of metformin in
C. elegans were directly linked to mitohormesis via induction of
peroxiredoxin (De Haes et al., 2014).

Figure 6. Effects of Rotenone on Gene Expression
Inverse effects of rotenone and age on gene expression in brain, liver, and skin of N. furzeri and D. rerio. The plots report log2 fold changes of the union of DEGs
between old and young control and between old rotenone-treated and old control. Effect of age is reported on the x axis and effect of rotenone on the y axis. A
negative slope of the regression line indicates that the effect of rotenone is opposite the effect of aging. The pie chart indicates the fraction of genes in the different
quadrants in clockwise direction from upper right (upregulated with age and ROT) to upper left (down with age and up with ROT); direction of regulation is
indicated by arrows.
See also Tables S17, S18, and S19.

We observed that treatment with a dose of ROT three orders
of magnitude below the LC50 can revert the transcriptional profile
of brain, liver, and skin to patterns characteristic of younger
animals. This effect was seen not only in N. furzeri, but was
replicated in D. rerio, showing that ROT effects are not linked
to the peculiar physiology of this short-lived species. In
D. rerio, effects of ROT were dependent of the length of treatment: treatment for 3 weeks had a smaller effect than a treatment
of 8 weeks. The median lifespan of D. rerio is in the order of 3
years (Gerhard, 2003; Herrera and Jagadeeswaran, 2004; Kishi,
2004), therefore 8 weeks represent 5% of median lifespan indicating that a relatively short treatment can cause rejuvenation of
the transcriptome.
In summary, our data suggest complex I as a new potential
target for prevention of age-related dysfunctions.
EXPERIMENTAL PROCEDURES
Animal Procedures
The N. furzeri strains MZM-0410 and GRZ (provided by Alexander Dorn,
Halle, Germany) were studied (Terzibasi et al., 2008). Animal maintenance

was performed as described (Terzibasi et al., 2009; Baumgart et al., 2014).
The lifespan of 152 single-housed male N. furzeri was recorded and tailfin
biopsies were taken at 10 weeks and at 20 weeks of age balancing the
contribution of the different hatches in the sampling (Table S1). Lethality of
rotenone was tested at different dosages for a 96-hr exposure. For longterm treatments, N. furzeri and zebrafish were housed in groups. Rotenone
was dissolved in DMSO at the needed concentration and pure DMSO was
use as control. Drugs were dosed again at each water change. Animal procedures were approved by the local German authority in the State of Thuringia (Veterinaer- und Lebensmittelueberwachungsamt, rotenone treatment:
reference number 22-2684-04-03-003/13, longitudinal study: reference number 22-2684-04-03-011/13).

RNA-Sequencing and Analysis
RNA was extracted using Quaziol (QIAGEN). Library preparation using Illumina’s TruSeq RNA sample prep kit v2 and sequenced on Illumina HiSeq2500,
50 bp single-read mode in multiplexing obtaining around 50–40 million reads
per sample. Read mapping was performed using Tophat 2.0.6 (Kim et al.,
2013) and featureCounts v1.4.3-p1 (Liao et al., 2014) using as reference the
N. furzeri genome (Reichwald et al., 2015) or Zv9.73. DESeq 1.14.0 (Anders
and Huber, 2010) and edgeR 3.4.2 (Robinson et al., 2010) were used to identify
DEGs for unpaired samples and the intersection of DEGs was assigned as
differentially expressed. Paired samples were analyzed with DESeq2 1.4.5
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(Love et al., 2014). Differences in fold changes across all the expressed genes
in the three groups were tested by ANOVA.
Clustering of Expression Profiles
Genes were clustered according to their temporal profiles using a fuzzy
c-means algorithm. We used the function cmeans from the package e1071
1.6-2 of the R programming language. The optimum number of clusters was
determined using a combination of several cluster validation indexes as
described (Guthke et al., 2005).
Weighted Gene Correlation Network Analysis
Weighted gene correlation network analysis (WGCNA) analysis was performed
using the WGCNA package in R (Langfelder and Horvath, 2008) using the unsigned correlation as option and setting the minimum cluster size to 50 members Input for WGCNA was a list of 936 genes showing a significant correlation
with lifespan after Benjamini-Hochberg correction.
Gene Set Enrichment Analysis and Gene Ontology
We used the R package gage 2.12.0 (Luo et al., 2009) in order to find significantly enriched KEGG pathways and gene ontology (GO) terms and DAVID
v6.7 (Huang et al., 2007a, 2007b) for analysis of gene modules.
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