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Recent evidence suggests that older adults may be a sensitive

population with regard to environmental exposure to toxic

compounds. One source of this sensitivity could be an enhanced

variability in response. Studies on phenotypic differences have

suggested that variation in response does increase with age.

However, few reports address the question of variation in gene

expression as an underlying cause for increased variability of

phenotypic response in the aged. In this study, we utilized global

analysis to compare variation in constitutive gene expression in the

retinae of young (4 months), middle-aged (11 months), and aged

(23 months) Fischer 344 rats. Three hundred and forty transcripts

were identified in which variance in expression increased from 4 to

23 months of age, while only 12 transcripts were found for which it

decreased. Functional roles for identified genes were clustered in

basic biological categories including cell communication, function,

metabolism, and response to stimuli. Our data suggest that

population stochastically induced variability should be considered

in assessing sensitivity due to old age.

Key Words: genomic variability; statistical analysis; retina;

significance analysis of microarrays.

Contrary to earlier hypotheses, longevity has not been

proven to have a preprogrammed limit but rather appears to be

due to genetic regulation of the body’s survival mechanisms

(Kirkwood, 2005). The ability of cells to respond to stressors

by homeostatic and repair mechanisms that prevent accumu-

lation of such defects as oxidative damage to lipids and

proteins or DNA damage is a major component of the aging

process and consequent long life (Rattan and Clark, 2005).

Although there appears to be a genetic component to longevity

(Cournil and Kirkwood, 2001), and a number of proposed

longevity genes have been identified (Fabrizio et al., 2004;

Lamming et al., 2005; Leslie, 2004; Longo, 2004; Quarrie and

Riabowol, 2004), the very complexity of the aging process

argues against simple genetic mechanisms.

A number of different processes have been proposed to

contribute to aging in mammals (Esiri, 2007; Johnson et al.,
1999; Ly et al., 2000; Rattan and Clark, 2005). The cumulative

effect of the damage that results is a general loss of cellular

function and the capacity to repair damage and maintain

homeostasis. As the damage occurs at the molecular level,

individual cells, tissues, and organs are impacted individually,

leading to heterogeneity of response. One process that may affect

response to environmental stressors is an age-related stochastic

deregulation of gene expression (Bahar et al., 2006). That is, DNA

damage in somatic cells leading to a decline in function and

survival. The stochastic nature of damage incurred would result in

an increased variance in response in an aged population.

The determination of aging for an organism or species is

often based on population survival rates (de Magalhaes et al.,
2005) and cannot be used to assess individual aging. In

addition, the difficulty in discriminating between physiological

age and chronological age makes determination of variance

difficult. Reports of age-related increases in phenotypic

variation have been accumulating for some time (Fraga et al.,
2005; Herndon et al., 2002; Hughes et al., 2002). However,

evidence for age-related variation in gene expression is much

less well established. Many of the gene variability studies have

been carried out on whole organisms such as Caenorhabditis
elegans (Golden and Melov, 2004) and Drosophila mela-
nogaster (Pletcher et al., 2002; Rogina et al., 1998) or on only

a few selected genes (Rogina et al., 1998). These studies

identified no age-related variability in gene expression,

possibly due to the limited number of genes examined, the

use of postmitotic species, or the use of whole animals in the

analyses, any of which could have reduced the ability to detect

changes in variance. A relatively few genomic variance studies

have been conducted on mammals or mammalian cells (Bahar

et al., 2006; Chowers et al., 2003; Pritchard et al., 2001; Somel

et al., 2006). Bahar et al. (2006), in an in vitro study on isolated
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cardiomyocytes from young (6 months) and old (27 months)

mice, reported cell-to-cell variation in gene expression that was

increased in cells from old animals. Their data support the idea

of stochastic aging effects at the cellular level, but as they were

carried out on individual cells, they do not address the issue of

the cell-to-cell interactions that are a critical component of

many systems, especially nervous tissue. Somel et al. (2006),

in a reexamination of data from eight separate rat or human

genomic studies, found significant age-related heterogeneity of

expression in five of the eight data sets. When they looked for

variability independent of expression, they found statistical

significance in only three data sets. They also reported no

enrichment of genes displaying heterogeneity for any func-

tional group. Thus, they concluded that there was a weak but

widespread age-related heterogeneity of expression in the rat

and human transcriptome which they attributed to an

accumulation of stochastic damage at the cellular level.

In this study, we examined variance in retinal gene expression

at three ages of Fischer 344 rats (4, 11, and 23 months). The use of

a specific tissue reduced the dilution problems inherent in whole-

animal studies, enhancing our capacity to detect differences. It

has been well established that the variance of gene expression is

related to mean gene expression (Hu and Wright, 2007). Age-

related changes in average gene expression could influence

susceptibility in older populations. However, in this study, we

were specifically interested in genes with age-dependent

expression variability beyond that explained by changes in

average expression levels. Our analyses were performed using

expression estimates that are on the log2 scale from the

original intensities, which largely stabilizes the mean-variance

relationship. Our analytic procedures further controlled for

average expression level in order to highlight variance

changes. In concordance with the study of Somel et al.
(2006) described above, transcripts were identified for which

variability increased with age, independent of expression

level. A small set of genes also showed decreased variability

of expression with age. In addition, and in contrast to the

Somel study, functional category analysis of transcripts whose

variability increased with age suggested enrichment in a

number of categories known to contribute to the aging process

(Johnson et al., 1999; Kirkwood, 2005).

MATERIALS AND METHODS

Animals. Fischer 344 rats were maintained at a colony at Charles Rivers

(Raleigh, NC) under normal conditions of ambient light (12-h light/dark;

approximately 45-foot candles). For this study, young adult (4 months), mature

adult (11 months), and aged (23 months) male rats were transferred to the

Environmental Protection Agency (EPA) animal facility where they were held

under conditions of 12-h light/dark (approximately 34-foot candles) with ad

libitum food (Purina 5001 Rat Chow) and water for a minimum of 5 days prior to

taking samples. All procedures were carried out in accordance with protocols

approved by the Laboratory Animal Care and Use Committee of the National

Health and Environmental Effects Research Laboratory of the EPA.

Sample preparation. The retina was chosen for this study as a model of

the central nervous system. Animals (eight to nine per group) were decapitated

by guillotine, eye globes were excised and slit open with 1% sodium dodecyl

sulfate–treated surgical tools, and the neural retina layer was peeled off, being

careful not to include the pigmented epithelium. All retinae were sampled

during the morning (approximately 9:00–11:00 A.M.) under ambient room light.

Isolated retinae were placed into 1.5-ml sterile tubes containing 500 ll

RNAlater (Ambion, Austin, TX). All samples were kept on ice during

dissections, held overnight at 4�C to perfuse the tissue, and stored at � 80�C
until extraction and analysis.

RNA extraction. RNA was extracted using an adapted Trizol/RNeasy

minicolumn protocol (Invitrogen, Carlsbad, CA). Tissues were homogenized in

1 ml Trizol, 200 ll of chloroform was added, tubes were mixed and

centrifuged, the aqueous layer was removed to a clean, sterile tube, an equal

volume of ice-cold isopropanol was added, and RNA was precipitated

overnight at � 20�C. Samples were then centrifuged, and the precipitated

RNA was washed two times with 500 ll ice-cold 75% EtOH to remove excess

salts, dried briefly to remove contaminating EtOH, and resolubilized in RNase-

free H2O. Contaminating DNA was removed with the Ambion DNA-free kit

and the final total RNA content determined spectrophotometrically on

a BioTech plate reader at 230, 260, and 280 k. RNA quality was verified on

an Agilent (Santa Clara, CA) 2100 Bioanalyzer using a RNA 6000 nanochip,

and the RNA was stored at � 80�C.

Affymetrix array hybridization. RNA from retinae of a single animal

(eight to nine biological replicates per age; 27 arrays total) was hybridized to

Affymetrix Rat 230A arrays (15,923 transcripts) by Expression Analysis

(Durham, NC) following the basic Affymetrix protocol. Starting with 10 lg of

total RNA, cDNAs were generated using Reverse Transcriptase (Invitrogen)

and a modified oligo(dT)24 primer that contains T7 promoter sequences

(GenSet, Paris, France). cDNAs were converted in turn to double-stranded

cDNAs using DNA polymerase I and DNA ligase which were then incubated

with T7 RNA polymerase and biotinylated ribonucleotides using an In Vitro

Transcription kit (Enzo Diagnostics, Farmingdale, NY) to generate cRNAs.

The cRNA products were purified and quantified prior to being fragmented,

diluted, and denatured in preparation for loading onto the GeneChips. The

loaded chips were incubated at 42�C for �16 h in a rotating oven at 60 rpm and

washed with a series of nonstringent (25�C) and stringent (50�C) buffers, and

the fluorescent signal was amplified using a biotinylated antibody solution.

Fluorescent images were detected in a GeneChip Scanner 3000, and expression

data were extracted using the MicroArray Suite 5.0 software (Affymetrix, Santa

Clara, CA). Data from these studies will be placed in the National Institute of

Environmental Sciences Chemical Effects in Biological Systems database

(Waters et al., 2003) under accession number (to be determined).

Data analysis. Data were preprocessed through GC Robust Multiarray

Analysis (GCRMA) normalization (Wu et al., 2004) using the Bioconductor

version 1.8 GCRMA package (Gentleman et al., 2004) to obtain gene expression

measurements. Box plots used for statistical quality control after GCRMA

normalization (see Supplement 1) show that the mean and variance of expression

was similar for each array. For each target gene studied, a regression (ANOVA)

model was used to account for the effects of age on mean expression:

yij ¼ lþ ai þ eij;
�
i ¼ 1; 2; 3; j ¼ 1; 2; . . . ; r

�
; ð1Þ

where yij is the expression level for age group i and replicate j, l is the overall
mean, ai is the main effect due to age group i, r is the number of replicates for
each group, and eij is an error term with mean zero. This model does not assume
a linear relationship between age and average expression as the effect for each
age group is fit as a separate value. After a standard ANOVA fit to model (1), the
absolute values of the residuals |eii| were examined for evidence of increasing or
decreasing variability with age. We then modeled the mean of the absolute values
of the residuals of the ANOVA model as a linear function of age:

jeijj ¼ b0 þ b1
�
agei

�
þ gij: ð2Þ

Estimated values of b1 that significantly differ from zero are used to identify

genes with age-dependent variance. Here the linear assumption was used because
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we were mainly interested in genes with a monotone pattern in the age-variance

relationship (e.g., the variability is not allowed to increase and then drop again to the

original level) and because we wished to increase power by limiting the scope of

alternative hypothesis. The linear assumption effectively filters out genes with non-

monotone patterns. Although this residual regression technique is very simple, it

has been shown to be powerful in standard settings (Somel et al., 2006). One

advantage to the regression approach is that standard microarray analysis

techniques (e.g., Significance Analysis of Microarrays [SAM; Tusher et al.,
2001]) can be applied directly to the |eij| values to identify genes in which expression

variation changes with age. The SAM method penalizes lowly expressed transcripts

and thus provides well-documented benefit in the form of shrinkage compared to

the use of standard regression or ANOVA. Moreover, the SAM permutation

procedure avoids parametric assumptions about the distribution of individual genes

and ensures that the approach is robust to possible lack of normality of the original

’ij, as well as lack of normality in the model (2).

The absolute residuals were obtained from Equation 2 and used in a standard

SAM regression model (samr package, version 1.20) (Tibshirani et al., 2005)

(termed the ‘‘quantitative’’ analysis setting). Genes with significant age-

dependent changes in residual variance were thus identified, using 500

permutations and a significance threshold false discovery rate (FDR) < 0.10.

SAM performs permutations to infer the null distribution of the d-scores, which in

the regression setting are essentially t-test statistics for the regression coefficient

b1, except that the values are shrunken toward zero to improve the FDR (Tusher

et al., 2001). To further validate the results obtained here, we also ran 10 sets of

1000 permutations and found the permutation results and numbers of significant

genes to be stable under these additional permutations. In order to compare the

effect of age on mean expression to the effect of age on variability of expression,

we found it helpful to have a directional statistic representing the overall effect of

age on mean expression. The ANOVA coefficient estimates are not easily

interpretable for this purpose, and so for these illustrations, we also computed the

SAM d-score for the linear effect of age on mean expression

For analysis of functional categories, GeneSpring 7.2 software was used to

determine p values for mean differential expression among age groups and to

identify common biological functions among genes whose variance changed

with age. Annotations on all probes with significant deviation from control

values were expanded and updated using NCBI Entrez Gene ID, Unigene, and

PubMed databases. To examine functional categories quantitatively, Gene

Ontology (GO) analysis (Ashburner et al., 2000) was carried out for each of the

GO ontologies (i.e., biological function, cellular component, and molecular

function) using a p value cutoff of < 0.05.

RESULTS

Age-Dependent Variability

Applying the SAM procedure on Equation 2, we found 340

genes in which variation in expression significantly increased

with age and 12 genes in which variation decreased (SAM

q value < 0.1). Figure 1 displays the expression levels in

individual retinae at the 3 ages (4, 11, and 23 months) for the 4

transcripts that had the most significant increases in variance.

Increased scatter in gene expression levels at 23 months of age

is evident. Similarly, Figure 2 shows the individual expression

levels in the 4 transcripts for which variance significantly

decreased. Here, the decreased scatter in expression is obvious

at 23 months of age. The distributions by age of mean

variances for all 340 transcripts for which variance increased

with age are shown in Figure 3A. It can be seen that the

distribution of the variances (for these 340 transcripts)

increases from 4 to 11 to 23 months of age (a rightward shift

of the densities). Figure 3B is a graph of residual error

variances for all 15,923 transcripts across ages, using the

residual variance at 4 months as a baseline. Although the

majority of genes showed no significant differences (genes in

gray), the pattern of increased (blue) or decreased (red)

variance is clearly visible for the significant transcripts. Some

of the nonsignificant transcripts also appear to show substantial

changes. However, the SAM procedure does not reflect the

residual variances alone. The SAM statistic penalizes genes

with very low expression in order to achieve improved FDR

values (Tusher et al., 2001) and the permutation procedure

provides robustness against influential outliers. The biology of

specific genes and functional categories are discussed below.

Change in Mean Expression versus Variances

To simultaneously consider the effects of age on mean gene

expression and residual variability, we plotted the SAM d-scores

for the respective tests (Fig. 4). SAM d-scores can be understood

as a modified t-statistic by adding a penalty term to the

denominator. This term penalizes lowly expressed transcripts

and gives the test more power. The larger the d-score, the greater

the evidence against the null hypothesis. This plot is to assess

whether there is an association between the change in variability

and the change in gene expression. Genes in which variation in

expression significantly increased with age are indicated in blue

and genes with decreasing variability in red. Figure 4 shows that

the residual variance in gene expression does not depend highly

FIG. 1. Three hundred and forty genes were identified for which variation

in expression significantly increased with age (10% FDR). Individual

expression values for the four genes showing the greatest significance in

variation with age were plotted, illustrating the range of expression levels at

each age (x-axis). Bars indicate mean values.
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on changes in expression level, although a subset of genes does

appear to show a positive relationship.

To further investigate the degree of correlation between the

change of variance and the change of expression level, the

ANOVA p value for mean age dependence was regressed on

the SAM residual variance q value for the 352 genes with

significant age-dependent variance (Fig. 5). Due to the finite

number of permutations and specifics of the SAM FDR

estimation procedure, the q values are quantized, and several

transcripts may have tied q values. The regression is used here

as a rough guide as standard normality regression assumptions

are not expected to hold. Nonetheless, the extremely modest

relationship (R2 ¼ 0.024) indicates no correlation between gene

expression variability and significant expression changes with

age. We present Figure 5 as a further visual aid.

As a further investigation of this relationship, Table 1 shows

the relative proportion of genes, within the lists of genes whose

variance significantly changed, for which constitutive expres-

sion in the retinae also changed at least marginally significantly

from 4 to 23 months of age (ANOVA, p < 0.10). Within the

list of genes whose variance increased with age, only 20.3%

(69/340) showed significance at the � 1.25-fold level and

< 8% (27/340) at the � 1.5-fold level, with a larger proportion

being up versus downregulated (62.3 vs. 72.4%, at 1.25- and

1.5-fold respectively). Of the 12 transcripts which showed

decreased variance, 83.3% showed significant expression

changes at the 1.5-fold level, and all were significantly

downregulated from 4 to 23 months.

Examination of the trajectory of changes in variance over

time shows that level and direction of changes are transcript

dependent. From Figure 3B, it can be seen that for those

transcripts with overall increased variance from 4 to 23 months,

variance decreased from 4 to 11 months in some transcripts

before increasing from 11 to 23 months, increased steadily

from 4 to 11 to 23 months in some transcripts, or increased

more rapidly from 4 to 11 months or from 11 to 23 months in

other transcripts. If one looks at those transcripts from the

increased variance list with significantly changed expression

FIG. 2. Twelve genes were found in which variation in expression

significantly decreased with age (10% FDR). As before, individual expression

values for the top four genes significantly changed with age were plotted,

illustrating the range of expression levels at each age for transcripts with

decreasing variance (x-axis). Bars indicate mean values.

FIG. 3. Panel (A) shows the distributions by age of mean variances for all

340 transcripts for which variance increased with age. A rightward shift of the

densities from 4 to 11 to 23 months of age indicates an increase in the mean of

the distribution. In panel (B), the residual error variances for all 15,923

transcripts across ages are graphed, using the residual variance at 4 months as

a baseline. The majority of genes showed no significant differences (genes in

gray). However, the pattern of increased (blue) or decreased (red) variance is

clearly visible for the significant transcripts identified as described in the

‘‘Materials and Methods’’ section.
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(Table 1), expression levels changed more from 11 to 23

months than from 4 to 11 months (68 vs. 5 transcripts,

respectively). For the 12 transcripts with overall decreased

variance from 4 to 23 months, all show a consistent downward

trend in variance over time, though there are some differences

between transcripts in when the decrease occurs. As stated

above, the majority of these transcripts (83.3%) showed

a significant decrease in expression levels as well. These

expression changes occurred most often from 4 to 11 months.

Functional Category Analysis.

Genes whose variance increased with age were grouped into

biological functions based on GO classifications (Ashburner et al.,

2000). This allowed evaluation of all transcripts for which

annotation was available. Examination of the data revealed that

a range of basic physiological processes were impacted

(Supplement 2 and Fig. 6). The largest group (94/340) was cell

metabolism defined here as those processes involved in bio-

synthesis. Within this group, 56 transcripts played a role in

protein metabolism (Table 2), 29 transcripts were involved in

DNA or RNA metabolism, and the remaining in lipid (3 tran-

scripts) or carbohydrate metabolism (6 transcripts). Seventy-nine

out of the 340 transcripts fell within the general category of cell

functions comprised of energy metabolism (22 transcripts), cell

growth and maintenance (18 transcripts), transcription or

regulation of transcription (17 transcripts), and transcripts

related to proliferation/differentiation (10) or neurogenesis

(12). The next largest grouping (55/340) dealt with response to

stimuli. A large proportion of this category was genes involved

in the stress response. Transcripts with roles in immune or

inflammation responses were highly represented (26 transcripts),

along with genes for oxidative stress (6) and apoptosis (6).

Included in this category were signal transduction genes (17) as

they play critical roles in how the cell responds to its environment.

The smallest group of identified transcripts (48/340) was related

to cell communication and largely linked to extracellular

functions. The main contributors to this category were transcripts

whose protein products relate to synaptic function such as

receptors (5 transcripts), ion channels (8 transcripts), and synapse

structure or function (12 transcripts). Also included in the cell

communication category were transcripts with roles in cell

adhesion (9), cytoskeleton (10), and extracellular matrix (4). A

further 19% were either unidentified expression sequence tags

(49 transcripts) or could not be annotated as to function

(15 transcripts).

Analysis of those transcripts with age-related increased

variance by GO (Ashburner et al., 2000) (Table 4) closely

matched the functional categories determined by the expanded

gene annotation study. Under the biological function ontology,

biosynthetic processes, regulation of metabolism, and response to

stimuli were highly represented. Within these groups, protein

synthesis, transcription, and immune or stress response, re-

spectively, were particularly emphasized. When the data set was

analyzed using the cellular component GO, the results indicated

that the transcripts related to organelles, especially protein

complex and ribosomes, predominated. Analysis based on the

molecular function GO identified a relatively few transcripts at the

limits set (� 3 transcripts, p � 0.05). Among the subcategories

identified were ‘‘structural constituent of ribosome,’’ ‘‘RNA

binding,’’ and ‘‘voltage-gated ion channel activity.’’

Only 12 gene transcripts had age-related reduced variability

of expression (Table 3). Of the 12 transcripts for whom

variance decreased with age, functional annotation was avail-

able for nine. Proteins generated by these genes ranged across

several physiological processes including heat shock protein-

related functions, cell metabolism, and growth and structural

components.

FIG. 4. A plot of d-scores of change in mean expression versus change in

variance visualizes whether the degree of change in variance depends upon the

level of change in expression. Data show that the pattern of change in variance

in gene expression does not depend on the changes in expression level. Blue

circles are genes in which variation in expression significantly increased with

age, and red crosses are genes with decreased variability.

FIG. 5. Comparison of SAM q values for variance significance versus

ANOVA p values for expression level significance across genes again shows

no correlation between gene expression variability and significant expression

changes with age (R2 ¼ 0.024).
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DISCUSSION

Mechanisms of Aging

Within the limitations set by genetics, the schedule of aging

is neither a fixed nor predetermined feature of life. Each

organism’s lifespan and relative health within that lifespan is

influenced by what stressors they are exposed to and by their

innate capacity to respond to those stressors. In a normal healthy

adult, stressors are compensated for by innate homeostatic

mechanisms. Ultimately, however, the cumulative effect of

insult results in decreases in the ability to maintain homeostasis

and a loss in functional capacity. Thus, within a population,

individual organism’s age at individual rates, resulting in

increased phenotypic heterogeneity. A number of mechanisms

have been proposed as contributing to the aging process, many

of which are at the molecular level. Age-related damage has

been attributed to oxidative stress effects on protein, lipids, and

DNA structure (Droge and Schipper, 2007; Sawada and Carlson,

1987); errors in the mitotic machinery of dividing cells (Ly

et al., 2000); dysregulation of calcium homeostasis (Esiri, 2007;

Toescu et al., 2004) and energy metabolism (Rowe et al., 2007);

defects in protein synthesis (Morais et al., 2006; Tavernarakis,

2007); and loss of protective and recovery mechanisms (Singh

et al., 2006; Vernace et al., 2007). The heterogeneity in the

aging processes could be expected to be reflected in a similar

heterogeneity in the control mechanisms for these same

processes. Here we report on how age affects the variability of

gene expression in the rat retina and whether that variability can

be associated with known mechanisms of aging.

The Fischer 344 and other albino rat strains have been used

previously to study the aging process in the retina (DiLoreto

et al., 1994; Lin et al., 1997). A characteristic progressive loss

of peripheral retina photoreceptor cells is preceded by loss of

retinal pigmented epithelial cells (RPEs), extension of Mueller

cell processes through gaps in the Burch’s membrane, and

migration of neuronal cell bodies into the choroidal space. And

a dramatic decline in the thickness of the outer nuclear layer

has been described in the male Fisher 344 rat retina beginning

at 12 months of age. Although retinal degeneration can be

accelerated by exposure to increased light intensity, reducing

the ambient light to levels that have minimal degenerative effect

does not eliminate the peripheral retinopathy found, demon-

strating that there is a true age-related effect (Lai et al., 1978). In

addition, many of the characteristic pathologies found in the

aging albino rat retina are reminiscent of changes found in

human retinopathies such as age-related macular degeneration

(AMD) (Sullivan et al., 2003).

Statistical Analyses

The natural dependence of mean and variance in microarray

expression measurements complicates the interpretation of age-

dependent variability in gene expression. Thus, we employed

a multistep procedure, starting with expression measurements

on the logarithmic scale, followed by ANOVA-adjusted

analyses of residual variance and final comparisons of age-

dependent mean changes versus variance changes. A sub-

stantial number of genes exhibited increasing variation with

age, while a considerably smaller number exhibited decreased

variation with age. This latter set, moreover, might be

explained in terms of decreased mean expression (note that

the transcripts with decreasing variance mostly appear on the

lower left quadrant of Fig. 4). The overall results support the

concept of life-long stochastic changes at the genomic level

contributing to increased expression variability in an aging

population.

Increased Variability in Cell Metabolism Functions

Approximately 28% of the genes from the list of transcripts

whose variance increased with age involved cell biosynthetic

processes. The concept of age-related changes in the rate of

TABLE 1

Number of Transcripts for Which Expression and Variability

Both Were Changed between the Ages 4 and 23 months in Rat

Retina

4–11

months

11–23

months

4–23

months

# Genes % Total # Genes % Total # Genes % Total

Increased variance

� 1.253p < 0.10 Up 4 1.18 34 10.00 43 12.65

p < 0.05 4 1.18 30 8.82 39 11.47

p < 0.10 Down 0 0.00 18 5.29 26 7.65

p < 0.05 0 0.00 12 3.53 19 5.59

� 1.503p < 0.10 Up 1 0.29 15 4.41 19 5.59

p < 0.05 1 0.29 15 4.41 18 5.29

p < 0.10 Down 0 0.00 1 0.29 8 2.35

p < 0.05 0 0.00 0 0.00 3 0.88

Decreased variance

� 1.253p < 0.10 Up 1 8.33 0 0.00 0 0.00

p < 0.05 0 0.00 0 0.00 0 0.00

p < 0.10 Down 7 58.33 5 41.67 7 58.33

p < 0.05 6 50.00 4 33.33 6 50.00

� 1.503p < 0.10 Up 0 0.00 0 0.00 0 0.00

p < 0.05 0 0.00 0 0.00 0 0.00

p < 0.10 Down 5 41.67 3 25.00 7 58.33

p < 0.05 4 33.33 2 16.67 6 50.00

Note. Using an arbitrary cutoff � 1.253, 69/340, or 20.29% within our list

of genes with increased variance (SAM, FDR 10%) showed a significant

change (ANOVA, p < 0.10) in constitutive expression, with slightly more up

versus downregulated (62.32% of total changed were upregulated). Using

a more stringent 1.5-fold cutoff, < 8% (27/340) showed significant change,

with a greater proportion (70.37%) being upregulated. Less than 2% of genes

with increased variance were significantly changed from 4 to 11 months. Of the

12 transcripts which showed significant decreased variance, 58.33% showed

significant expression changes at the 1.5-fold level, all of which were

downregulated from 4 to 23 months. With a more stringent cutoff for the

second ANOVA filtering step (p < 0.05), similar results were obtained.
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protein synthesis is not new (Mariotti and Ruscitto, 1977;

Rattan, 1996). Transcripts related to protein metabolism (see

Table 1) were the most highly represented group in any

category. Fifty-six genes ranging in function from protein

translation, posttranslational modification, transport, and turn-

over showed increased variance with age. ‘‘Protein biosynthe-

sis’’ and ‘‘ribosomes’’ also were found to be significantly

enriched in the biological processes and cellular component GO

ontologies, respectively (Table 4). In addition, transcripts within

the RNA binding category of the molecular function GO were

largely linked to ribosome-related proteins. Transcripts for

components of both the small (6 transcripts) and large (11

transcripts) cytoplasmic ribosomal subunits were identified (see

Table 1). In addition, gene transcripts with roles in ribosome

conformation (Nola) and protein translation initiation (Eif4h,

Eif2s10) or elongation (Eef1a1) showed increased variance. The

activity of translation initiation factor, Eif2, has been shown to

decrease with age in rat brain (Vargas and Castaneda, 1983) and

that of elongation factor Ef1a in Drosophila (Shikama and Brack,

1996), rodents (Vargas and Castaneda, 1981), and in a cell-free

mammalian system (Moldave et al., 1979). Altogether, trans-

lation initiation, elongation, and ribosomal competency de-

termine the rate of protein synthesis. These data suggest that

basic protein machinery required for synthesis of new proteins is

particularly susceptible to the stochastic damage associated with

aging.

An accumulation of proteins with altered structure or

conformation also has been associated with aging (Hipkiss,

2006; Rattan et al., 1992). We found a number of transcripts

related to protein posttranslational modification (e.g., Ick, Ppt2,

Galnt2) or secondary structure (e.g., Dnajb9, Hyou1) to show

age-related increased variance. Together with increased variance

for a number of transcripts related to protein turnover (e.g.,

Ube2l6, Fbxo6b, Asrgl1), an accumulation of damaged and/or

dysfunctional proteins could result in the function of cells or

tissues being affected. We also found potential disruption of

protein availability within the cell itself. Transcripts related to

protein movement including intracellular transport (e.g., Kif13a,

Dnch2, Sec63), golgi functions (e.g., Golga, Bst2), endocytosis

(Ap1s1, Plvap), exocytosis (Clpb), and even transport into the

mitochondria (Tomm7 and 34) were affected.

Closely connected to protein synthesis machinery is

upstream DNA/RNA function. Twenty-six transcripts related

to DNA or RNA metabolism were identified with increased

variance (see Supplement 2). These covered a wide range of

functions from DNA replication (Parp9, Ciz1, Fhit) and

FIG. 6. The Pie chart portrays the relative number of genes in basic biological categories within the set of genes whose variance was significantly increased

with age. Biological function subgroups within the individual categories are further depicted in accompanying bar graphs.
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nucleosome interactions (Trim24) to RNA metabolism (e.g.,

Zgpat, Psrc2, Ddx24), transcription (e.g., Polr2a, LOC502374,

Tceb2), splicing (e.g., Dhx38, Srrm2, Prp2), and transport

(LOC680025, Hnrpa1). Somatic DNA damage accumulating

over time is thought to contribute to the aging phenotype

(Dolle and Vijg, 2002). Increased variance in any of the above

parameters would lead to increased heterogeneity in the

capacity of an aging population to maintain normal cellular

synthetic functions.

Increased Variability in Cell Functions

Genes linked to energy metabolism were highly represented

in those transcripts showing increased age-related variability in

expression (see Supplement 2). Twenty-two transcripts with

functions either in ATP generation (e.g., ATP5g1, Gatm, Aco2)

or electron transport were listed. Reduced nicotinamide

adenine dinucleotide phosphate dehydrogenase (ubiquinone)

and cytochrome C oxidase subunits were particularly prevalent.

These transcripts are included in the GO category for

‘‘hydrogen ion transporter activity’’ under molecular function.

It has been reported in several studies (Figueiredo et al., 2008;

Zahn et al., 2006) that an overall decrease in expression of

electron transport chain genes occurs with aging. Zahn et al.
(2007), in a cross species comparison, reported that the

expression of mitochondrial electron transport chain genes was

downregulated with age in all four species examined (Mus
musculus, Homo sapiens, D. melanogaster, and C. elegans).
The electron transport chain is a tightly regulated process. Loss

of energy production efficiency could result in numerous

general adverse downstream events as ATP production is

essential for almost every aspect of cell survival.

Increased Variability in Cell Growth and Maintenance

A wide range of general cell growth and maintenance

functions were potentially impacted by an increase in

TABLE 3

Twelve Gene Transcripts Were Identified for Which Variance

Decreased with Age

Gene name

DescriptionGenebank Common

NM_031672 Slc15a2 Solute carrier family 15, member 2;

proton-mediated short chain peptide

transporter

BE108354 NA Transcribed sequence

AI548699 Galk1 Galactokinase 1; roles in galactose and

carbohydrate metabolism

AI715339 Bfsp1 Beaded filament structural protein 1;

cytoskeletal component, role in RNA

processing

BM392117 LOC687978 Similar to glycogen synthase 1; important

role in glucose storage and homeostasis

AI236229 NA Transcribed sequence

BI275818 Serpine2 Serine proteinase inhibitor, clade E, member

2; roles in neurogenesis, cell

differentiation and cell migration

BE117558 NA Transcribed sequence

BG371900 Crygb Crystallin, gamma B; possible role in

anti-stress response similar to small heat

shock proteins, alpha crystallins

J00717 Crygc Crystallin, gamma C; possible role in anti-

stress response similar to small heat shock

proteins, alpha crystallins

BG669096 Mpz Myelin protein zero; major structural

component of peripheral myelin

NM_053771 Lim2 Lens intrinsic membrane protein 2; ligand of

galectin-3 which may play a role in anti-

apoptosis in Müller cells

Note. NA, not applicable; in contrast to transcripts with increased variance

where there was little correlation between expression levels and level of

variance, most of these transcripts also showed decreased mean expression

levels.

TABLE 2

Gene Name and Function with Roles Related to Protein

Metabolism Are Presented

Protein metabolism

Function # Genes Gene name

Translation Initiation 3 Wbcr1, Eif2s10, Eef1a1

Ribosome General 1 Nola
60S subunit 11 Rplp1, Rplp2, Rpl21,

Rpl23, Rpl34, RPL35,

RPL35a, Rpl37, Rpl37a,

Rpl38, Rpl41
40S subunit 6 Rps21, Rps23, Rps24,

Rps27, Rps28, Rps29

Mitochondrial 1 Mrpl4

Secondary structure 4 LOC56764, Dnajb9,

Dnajc7, Hyou1

Modification 6 Ick, RGD1560550, Ppt2,

Galnt2, Sh3glb1,

RGD1562284
Transport Cytoplasmic 5 Abcb9, Tloc1, Nup188,

Lman2l, Sec63

Golgi apparatus 3 RGD1305350, Golga2,

Bst2

Endocytosis 2 Ap1s1, Plvap

Exocytosis 1 Clpb

Mitochondrial 2 LOC685620 (Tomm7),
Tomm34

Catabolism Initiation 9 Ube2l6, Ube4b, Ubl5(2

transcripts), Fbxo6b,

Psmb8, Asrgl1, Rhobtb2,

Samd4b

Inhibition 2 Spin2c, Pil6

Note. This functional category was the most highly enriched for transcripts

for which variance increased with age.
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variability. Genes involved in both growth (Plac8, Sh3bgrl3)

and inhibition of growth (Cdkl3, Bai3) showed increased

variance and were found to be significantly enriched by GO

analysis. Interestingly, transcripts related to cell cycle (Fgf2,

Cgrl1) and proliferation (Chn2, Ifitml) also showed increased

age-related variance, again in both promoting and inhibitory

roles. This may relate to the loss of RPEs followed by the loss

of peripheral retina photoreceptor cells that has been associated

with aging in the retina (Lin et al., 1997). Chowers et al. (2003)

in a study of variability in gene expression in adult human

retina found that age contributed significantly to variability,

though they did not try to identify which genes contributed to

that variability. The retina is embryonically derived from

a pouch of the forebrain and possesses many of the features and

complexity of the brain. Thus, it is not surprising that a number

of transcripts related to neurogenesis (12 transcripts) also

showed age-related variance.

Increased Variability in Cell Communication

In a further parallel to the brain, the retina showed many

transcripts related to extracellular communication to be enriched in

our gene list. Genes with roles in synaptic function including ion

channels (Cacna1g, Kcnh3, Clcn2), receptors (Htr5a, Chrm5,

Gabra4), exocytosis (Ppfiz4, Nxph3), and synaptic structure

(Dlg2) were represented. Voltage-gated ion channel activity, in

particular for calcium exchange, was found to be significantly

enriched by the molecular function GO analysis. Transcripts

related to extracellular matrix (Itih3 and sarcoglycan) and cell

adhesion (Icam1 and integrin a1) were also found. Associated

with both extracellular and intracellular communication, we

identified 10 transcripts with roles in cytoskeleton structure

and function, including Wiskott-Aldrich syndrome protein-

interacting protein member 1 (Wipf1) and actin-related protein

2/3 complex, subunit 1a (Arpc1a) which participate in actin fil-

ament organization.

Response to Stimuli

A decline in immune response capacity is often cited as

a major risk factor in the aging population (Hook and Harding,

1998). We found increased heterogeneity of expression for

a number of transcripts related to inflammation and stress.

Members of the major histocompatibility complex, comple-

ment system, microglial activation, and antigen presentation

were highly enriched, suggesting differing levels of respon-

siveness between older animals. ‘‘Response to stimuli,’’

including the immune response, was the second largest

category seen in the GO analysis. The presence of transcripts

in the apoptosis pathway (Ca3 and Bid) or in oxidative stress

management (Aco1 and Txnrd2) also indicates variance in the

capacity to respond to environmental stressors. These apoptotic

transcripts are included in the ‘‘hydro-lyase activity’’ category

in the molecular function GO.

Age-Related Decreases in Expression Variability

Only a relatively few transcripts had an age-related decrease

in variance. The transcripts for which we were able to identify

function covered a range of biological processes. Two

TABLE 4

Functional Analysis of Transcripts with Increased Variance Was

Determined by ‘‘Biological Processes,’’ ‘‘Cellular Component,’’

or ‘‘Molecular Function’’ GO Analysis

Category

Genes in

category

Genes in

list

p
Value

Biological processes

GO:45926: negative regulation of growth 22 3 1.23 3 10�02

GO:45792: negative regulation of cell size 20 3 9.42 3 10�03

GO:9058: biosynthesis 426 18 5.88 3 10�03

GO:44249: cellular biosynthesis 362 15 1.41 3 10�02

GO:9059: macromolecule biosynthesis 182 10 7.14 3 10�03

GO:6412: protein biosynthesis 157 10 2.49 3 10�03

GO:19222: regulation of metabolism 554 19 3.68 3 10�02

GO:31323: regulation of cellular

metabolism

527 18 4.34 3 10�02

GO:6355: regulation of transcription,

DNA-dependent

445 16 3.76 3 10�02

GO:6732: coenzyme metabolism 55 4 3.38 3 10�02

GO:45892: negative regulation of

transcription, DNA dependent

30 3 2.85 3 10�02

GO:50896: response to stimulus 744 28 2.98 3 10�03

GO:9607: response to biotic stimulus 323 18 2.46 3 10�04

GO:6952: defense response 313 17 5.05 3 10�04

GO:6955: immune response 279 16 4.11 3 10�04

GO:6950: response to stress 398 15 3.05 3 10�02

GO:15992: proton transport 31 4 4.69 3 10�03

GO:6818: hydrogen transport 33 4 5.89 3 10�03

Cellular component

GO:5622: intracellular 2376 61 2.10 3 10�02

GO:43226: organelle 1923 50 3.93 3 10�02

GO:5773: vacuole 71 5 1.71 3 10�02

GO:5764: lysosome 69 5 1.52 3 10�02

GO:5737: cytoplasm 1482 44 5.34 3 10�03

GO:43234: protein complex 762 26 7.78 3 10�03

GO:30529: ribonucleoprotein complex 88 9 8.90 3 10�05

GO:5840: ribosome 63 8 4.71 3 10�05

GO:5830: cytosolic ribosome 29 5 3.14 3 10�04

GO:5843: cytosolic small ribosomal

subunit

16 3 4.30 3 10�03

GO:16283: eukaryotic 48S initiation

complex

16 3 4.30 3 10�03

Molecular function

GO:16835: carbon-oxygen lyase activity 28 3 2.20 3 10�02

GO:3735: structural constituent of

ribosome

73 9 2.38 3 10�05

GO:3723: RNA binding 103 7 6.75 3 10�03

GO:5244: voltage-gated ion channel

activity

144 8 1.26 3 10�02

GO:5245: voltage-gated calcium channel

activity

33 4 5.31 3 10�03

GO:15078: hydrogen ion transporter

activity

41 4 1.15 3 10�02

Note. Only those nodes with � 3 genes and a p value � 0.05 are included in

the table.
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crystallin genes were identified (Crygb and Crygc) which are

thought to play roles analogous to heat shock proteins in

protecting proteins from damage. A third protein, lens intrinsic

membrane protein 2 (Lim2), is a ligand for galectin 3 whose

transcript and protein expression has been shown to increase in

retinal Müller cells following light-induced degenerative

changes and may represent an endogenous antiapoptotic action

(Uehara et al., 2001). Two genes, glycogen synthase 1

(LOC687978) and galactokinase 1 (Galk1), are important in

glucose storage and metabolism, while two others are structural

components for cytoskeleton (Bfsp1) and peripheral myelin

(Mpz). Bfsp1 is also known to bind RNA and may play a role

in RNA processing, thus may also participate in cell growth

and maintenance functions. Also identified were solute carrier

family 15 protein (Slc15a2), which participates in cell function

by transporting small peptides, and serine proteinase inhibitor

(Serpine2), which regulates proteolysis and has multiple roles

in cell differentiation and migration.

What contributes to a decrease versus an increase in variance is

unclear. Examination of individual animal values for a given

transcript in our list of transcripts with decreased variance often

showed a very large range of expression levels in the 4-month

animals. The transcripts identified mainly have roles in pro-

tection or cell growth and their expression might be inducible or

could occur at somewhat different times in individual animals,

contributing to greater variability in young animals where

function is optimal. In addition, the retina recycles the outer

segments of rod and cone photoreceptor cells daily, a process that

has been shown to decrease with age (Lin et al., 1997). It has been

reported that variance in gene expression is related to mean

expression levels (Hu and Wright, 2007). Therefore, the decrease

found for the small number of transcripts with decreased variance

may be related in part to age-induced decrease in expression as

reflected in lost functional capacity.

CONCLUSIONS

We employed statistical analysis to determine age-dependent

gene expression variability beyond that explained by changes

in average expression levels. Analysis of transcript function

showed that age-related variability in the retina occurs in

a number of important biological pathways known to be

affected by aging. Data reflect a shift in a population’s capacity

to continue cell proliferation and growth, to synthesize or

turnover proteins, and to maintain synaptic function and cell

communication. Variance in immune- or stress-responsive

genes could contribute to increased heterogeneity in the ability

to respond to stressors or represent the response to differing

degrees of cumulative damage or both. Changes in the capacity

of any of these networks would affect how an environmental

stressor might impact an individual in their initial response, in

their recovery, and ultimately in the level of damage sustained.

Zahn et al. (2007) found coordinate aging in gene expression

across nine different mouse tissues, with 24-month old animals

showing the greatest coordination in aging across tissues. Thus,

the variance measured in the rat retina would be expected to

mirror more inclusive whole-body effects.

Increased variance reduces the power to discriminate differ-

ences in gene expression (Pritchard et al., 2001). This variance

would be reflected in downstream biological processes and could

adversely impact our ability to identify age-related functional

changes. What can be shown to occur in a laboratory rat colony

housed under identical conditions would be likely to occur to

a much greater degree in a genetically variable human population

exposed to a wider range of insults over a long lifetime. These

data support the need to consider changes in population response

dynamics when assessing risk factors.
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