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Gene Expression Profile of ..
Aging and Its Retardationby
Caloric Restriction

Cheol-Koo Lee," Roger G. Klopp,®
Richard Weindruch,** Tomas A. Prolla®*

The gene expression profile of the aging process was analyzed in skeletal muscle
of mice. Use of high-density oligonucleotide arrays representing 6347 genes
revealed that aging resulted in a differential gene expression pattern indicative
of a marked stress response and lower expression of metabolic and biosynthetic
genes. Most alterations were either completely or partially prevented by caloric
restriction, the only intervention known to retard aging in mammals. Tran-
scriplional paiterns of calorie-restricted animals suggest that caloric restriction
retards the aging process by causing a metabolic shift toward increased protein
turnover and decreased macromolecular damage.

27 AUGUST 1999 VOL 285 SCIENCE www.sciencemag.org
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CASE Rescaled Distance Cluster Combine
Label Num

CASE 10 15
Case 13 13 Label Num
Case 40 40
Case 10 10
Case 3 3
Case 25 25
Case 14 14
Case 36 36 Case 46
Case 16 16 case 11
Case 48 48 Case 34

Case 5 5 Case 48
Case 47 47 Case 25

Case 3
Case 47
Case 2
Case 50
Case 8

Case 33 3 Case 16

Case 45 45 One is based [
Case 37 37 on 50 genes el

Case 43 43 . Case 44
Case 21 21 with random Case 18

Case 8 8 variation. The Kk

Case 46 46 Case 6

Case 15 15 other is Case 33
Case 28 28 based On 50 Case 40

Case 50 50 Case 23

Case 27 27 genes Case 9

Case 49 49 Case 42

Case 42 42 Comprising 5 Case 12
Case 6 6 clusters of 10 PBaila

Case 20 20 Case 5

Case 19 19 genes, Case 4

Case 24 24 Case 10
Case 22 22 Case 31
Case 44 44 Case 15
Case 12 12 Case 32
Case 26 26 Case 20
Case 29 29 Case 30
Case 34 34 Case 26
Case 7 7 Case 21
Case 30 30 Case 7

Case 17 17 Case 14
Case 31 31 Case 1

Case 41 41 Case 36
Case 4 4 Case 28

(
(
(
(
[
(
[
(
(
[
(
[
[
(
[
(
(
[
[
[
(
[
[
(
(
[




Cluster Analysis: Four Caveats

1. Its Not New.

Czekanowski, J.
Objectiv kriterien in der
ethnologie.
Korrespondenzblatt der
Deutschen
Gesselschatft fur
Anthropologie,
Ethnologie, und
Urgeschichte, 1911, 47,
1-5.

Harsh, C. M. Three
applications of cluster
analysis to an
annoyance study.
Psychological Bulletin.
33, 1936, 773.

2. It has well-recognized
problems.

Everitt, B. S. Cluster analysis:
A brief discussion of some of the
problems. Brit J Psychia, 120,
1972, 143-45.

“...availability of computer
calculation methods has led
many psychiatrists to using the
new data techniques uncritically.
Spurious findings may result. The
available clustering techniques
should be validated, as by
applying them to sets of data of
known structure. Most present
methods may be defective.”

3. It can be
very
computationally
demanding.

4. |t may not
answer a
particular
Investigator’s
guestions.


http://gateway1.ovid.com/ovidweb.cgi?S=IDNJHKLGBBBFAP00D&Search+Link=%22Everitt%2c+B+S%22.au.
http://gateway1.ovid.com/ovidweb.cgi?S=IDNJHKLGBBBFAP00D&Search+Link=%22Everitt%2c+B+S%22.au.

The Major Activities of
Statisticians/Data Analysts

¢+ Measurement
¢ Design

¢+ Inference

+ Estimation

+ Classification



Measurement
"I'n phys cd sdencethefird essertid
depinthedredion d learn ng any
sug ect istofind prinddes d
nunericd reckon ng and practicad e
et hods far nmeasuri ng sone qudaity
connected wthit. | dtensaytha
when you can neasure wha you are
speaki ng abou, and expressitin
nunbers you knowson# h ng abou
It; bu when you canna neasure it,
when you cannd expressitin
nunbers your know edgeis d a
meagre and unsaidad oy k nd it
may bethe beg nnng d know edge
bu you have scarcd yinyour

s o, WA o

Sa ence
(Lord Kelvin)



Estimation of differential expression by
Bayesian Technigues

|1

\ Measurement Error

Within this Gamma-Gamma
model set-up, the posterior
distribution of true differential
expression can be derived:
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The Bayes estimate (BE), which lies between the mean and
the mode of this distribution, is used as an estimate of the
true differential expression:

Newton et al. J Computational Biology (8: 37-52, 2001).



Des on

@ | To consult the

gl statistician after
an experiment s
finl shed 1s often
merely to ask
him toconduct a
post nortem
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can perhapssay




Pooling Samples on Chips - |

Assumptions

Necessary

The value obtained from a pool of N subjects on a
single chip equals the value that would be obtained

from the mean of those same subjects measured on
separate chips.

For Convenience

Data are normally distributed.

N per condition is equal and evenly divisible by 2.
Homogeneity of variance.




Pooling Samples on Chips - I

Non-pooled Pooled into 2 equal
groups per condition
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som e
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1. A cut-off that does not vary with sample size implies that the
variability of the metric under the null hypothesis is the same
regardless of the number of observations on which it is
calculated. This can easily be proven to be in contradiction to
several well established statistical theorems.

2. Even if the sample size is constant, this implies that the
variability in expression measurements is constant across
conditions, species, genes, etc. This seems implausible and is
contradicted by data:

Human Brain Tissue Mouse Adipose Tissue
3 Samples in Duplicate Aliquots 3 Samples in Duplicate Aliquots
Clontech System Columbia 2-dye system
Gene to gene correlation Gene to gene correlation
in absolute difference = in absolute difference =

Data courtesy of Antonio Tataranni & Anthony Ferrante



Some Key Questions to Address

> Is the difference in expression for the swuch-and-such gene statistically
significant?

> Is there statistically significant evidence that any of the genes under study
exhibit a difference in expression across groups.

» What is the best estimate of the number of genes for which there is a true
difference in gene expression?

> What is the confidence interval around that estimate?

> If we set a threshold above which we declare genes ‘interesting’ and worthy
of follow-up study, what proportion of those genes are likely to be genes for
which there is a real difference in expression and what proportion are likely to
be false leads?

» What proportion of those genes not declared ‘interesting’ are likely to be
genes for which there is a real difference in expression (i.e., misses or false
negatives)?

» For genes declared interesting, what is the best estimate of the difference in
expression and the confidence interval around that estimate?

Allison, et al. (in press). Statistical methods for the analysis of microarray
gene expression data: a mixture model approach. Computational Statistics &
Data Analysis.



Assumptions

1) For each gene, the measurements of gene
expression have a finite population mean
and variance;

2) For each gene under study, there is a
measure of expression available for each
case and this measure has sufficient
reliability and validity to be useful (we use
the word ‘case’ generically to refer to any
organism or tissue on which expression is
measured).



The Challenges When the Sample
IS not Extremely Large

e Given low power, many false null hypotheses will be
retained and important genes will not be followed-up.

e Without the near-perfect power and strict control of
a,, Offered by extremely large samples, individual
gene testing provides no direct information about the
number of genes for which there is a true difference in
expression, the false positive rate, or the false
negative rate.

e Ordinary estimates of effect size calculated only for
the statistically significant results will be Dbiased
upward even when those estimates are maximum
likelihood estimates and asymptotically unbiased
when considered across all results regardless of
significance.



Under the null hypothesis, the distribution of p-values is
uniform on the interval [0,1] regardless of the sample size
and statistical test used (as long as that test is valid).

Under the alternative hypothesis, the distribution of p-
values will tend to cluster closer to zero than to one.



Why a Mixture Model Approach (MMA)?

ng Group A Group B P_Values
() |Al| A2 | A3 | BL | B2 | B3 | (t-tesy
N P 127 566 | -747 | -663 | 0.16982
......... o
378 T e o1 s T o9 36 048675
634 50 | 66 | 95 | -163 | -193 | -230 | 0.00027

No difference in gene expression

Difference in gene expression




Mixtures of Betas

Any distribution on the interval [0,1] can be modeled as a mixture of v+1
separate component distributions where the jt component is a beta
distribution with parameters r; and s;. The beta’s PDF is:

When r=s=1, the beta distribution is a uniform distribution.

The log of the likelihood for the collection of k p-values from a model with
v+1 components can then be expressed as:

L= I 2B D) + 2, B(r,5)(X)

X; is the p-value for the it test,

A, is the probability that a randomly chosen test from the collection of tests is for a gene for which there is
no population difference in gene expression,

A, is the probability that a randomly chosen test is for a gene from the jth component distribution for which
there is a true population difference in gene expression.



The Weindruch et al. Cortex
Data (Old Ad Lib vs. Old CR)

Null-Simulated Cortex-Real

Estimated parameters: A; =.29; r,=.78; s, =3.87.



Posterior (Bayesian) Probabilities

Group B

Gen e & P-Values
e Al | A2 | A3 B1 B2 B3 (t-test
1 74 | o | 157 566 | -747 | -663 0.16982
2 12 1 124 | 14 | 438 | 420 | 373 0.00142
3 |18 -68 | 21 -15 29 -36 0.48675

6§4 50 | 66 | 95 | -163 | -193 | -230 0.00027

Gene P-Values
Q) (t-test
1 0.16982
............ e
............ e
..... S e
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Use of posterior probability

POSTERIOR PROBABILITY OF THERE BEING AREAL
DIFFERENCE IN EXPRESSION LEVEL

0z 0.4 0.6 0.a
Ordinary {frequentist) pwalue {from t-test)



Relationship between Fold Change and
Posterior Probability

Likely
False
Positives

Likely
False
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Rank of Pbeta

Correlation = 0.671



Some applications of MMA

6000

M74180

5000

4000

= W75705
2000 Fold Change of 3.3

Fold cange of 2.7

Rank of Abs fold

ePosterior probability

of 0.95 - ———— ————

/ d 1000 2000 3000 4000 5000 6000 7000 .POSterlor prObabIIIty
.P-Value Of OOOO]‘ Rank of Pbeta Of 044
*Encodes a protein eP-value of 0.49
homologous to mouse -
macrophage LO6451 *Encodes a pI’OteIn
stimulating protein -Fold change of 2.2 homologous to mouse

' cyclophilin

ePosterior probability
of 0.68

*P-value of 0.06

signaling protein



Empirical Bayes (EB) Estimation of

Gene-Specific Effects
¢ Why T SAcYacUr Shernctin, ol Compng e, CRL: Prue,

Bim= & L VYanance Exlimatian & 1o T hins atsan

of Hon-significant Results

Esfiimated QTL EMee
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Now It Gets Interesting!

Gene |Estimated |Estimated Protein Seguence
Expression | Linkage QTL | Characteristic
Difference

1

2

3

4

Kk

Empirical Bayes may be ideally suited.

Where will the computing and bioinformatics power
come from?




Suggestions for Advancing

not trivial analytic
ertakings (yet) and

Provide major + Understand that these
infrastructure for analytic 9=
software hardening. bas

Expand pipeline of and

IC science grantees
reviewers need to

statisticians.

Demystify (we need
experts not gurus).

be orePared to budget
for rea

help.

¢+ NIH should not need to

Convene blue-ribbon shoulder this burden
panel to issue guidelines  alone. This research
(not rules). Impacts and Is of interest

to the EU, FDA, EPA,
USDA, NSF and others.
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