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Time Series Microarray Experiments
Overview of Analyzing Software

Some | ssues
P-values
Multiple Hypothesis Testing
Permutation Test
Gene Set Enrichment Analysis

~

SAM: Significance Analysis of Microarrays
Algorithm
| nter pretation

STEM: Short Time-Series Expression Miner
Algorithm
Example
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Study dynamic biological process
Cell cycle (Spellman et al., 1998, Mol Bio Cell) @ time/development/age 2

Response to temperature changes (Gasch et al, 2000) @ time/development/age 3-8

Developmental studies (Arbeitman et al., 2002, Science) | g time/development/age >8

Immune response (Guillemin et al., 2002, PNAS) Sidlina vk e

B temperature

O other

Distribution of Microarray Data Sets in the
Gene Expression Omnibus

Distribution of microarray experiments by type. Sum-
mary of the 786 microarray datasets for human, mouse, rat,
and yeast in the Gene Expression Omnibus as of August

2005.
Source: Ernst and Bar-Joseph. 2006, BMC Bioinformatics.
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Experiment: AtGenExpress: Heat stress time course
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TAIR Accession ? ExpressionSet 1007967124
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About 80 % of microarray time series experiments are short:
3-8 time points.
Cost of microarray.
limited availability of biological material.

45
40
35
30
25
20
15
10
g Ly oup 5 1 : I

1 85 8131721252933 37 4145495357 6165697377

Number of Experiments

Number of Time Paints

Fig. 1. Distribution of lengths of times series in the SMD as of
June 2004.

NOTE: SMD (June, 2004): ~170 published
papers, ~30% are time series. Source: Ernst et al., 2005, Bioinformatics.
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Software for Static Gene Expression Data

Do not take advantage of the sequential information in
time series data.

Popular clustering: hierarchical clustering, kmeans
clustering, self-organizing maps.
ignore the temporal dependency among successive time points.
random permute the order of time points, the results would not change.

] 5 10 15 20

Software for Time Series Gene Expression Data
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Eisen et al.,

1998, PNAS

About
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http://rana.lbl.gov/EisenSoftware.htm
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(EXpression Analyzer and DisplayER) Shamir et al., 2005, BMC Bioinformatics
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[Currentty working on’ Data Sheet 1. |

http://www.cs.tau.ac.il/~rshamir/expander/expander.html
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TM4: !
(MultiExperiment Viewer) Saeed et al., 2003, Biotechniques

23 T1GR Multiple Array Yiewer 11| S =181
File Adjust Data MNormalization ﬂm& Analysis DISW Sort  Help
E[E A EE
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O il Glusters|
@ [ Cluster Information
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[y History
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flGRMtlltiE::perilmnt Viewer

http://www.tm4.org/mev.html
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Significance Analysis of Microarrays, Detect differentially expressed gene in time

series data. (Tusher et al., 2001, PNAS)

Significance Analysis of Microarrays

All Rights Reserved

{C) Trustees of Leland Stanford Junior University

GQuanttative Response
Ty urpaired data
Censored Survival data
Multiclass Response

One class Respornse

Choose Response Type

Pared data
DatainLog Scale? ( Logged (base 2) ( Unlogged
Web Link Option (~ Cjone I (® Name
Number of Permutations 200 %

@ |-Mearest Neighbors Implter
Imputation Engine

(" Row Average Impuiter

Random Number Seed I 1234567

« |

Academic version

SAM plot

X [ Microsoft Extel oldbwecles
 Accession Mo, 7 U ®ok s ovee st fone 1ok ce g ek sckisrer
i ex s[@]su
FEHY SRT B . L) AL i & e

£
Additional Sheets I_ ® slgnificanc 61
Mechan rumber of false positives: 10

Falsa Ciscovery Rata (%): 16

Mumber of Meighbors "

W%, |- m-A
= 5 pu i conrote s PR

ACT]
e

SAM Plotsheet

10

Generate Random S

Cancel

Observed Score

http://www-stat.stanford.edu/~tibs/SAM/

e

Expected Score




: 11/57

Extraction of Differential Gene Expression
(Leek et al., 2006, Bioinformatics)

X EDGE ‘!

297 Genes Called Significant
Gene MName P-Yalue G-value
gene 2621 0.004041
gene 1413 0.004041
gene 543 0.004041
gene 1315 0.004041
gene 2217 0.004041
gene 1087 0.012626

N - gene 542 0.012628

Optional Q-Value Arguments: gene 2954 0.012628
Specify lambda: yene 571 0.012858
; gene 1730 0.012858
Range: from: Il 0,95 [a%HI0.05
Single Hmﬂ - ’ - Accession ['-Jumber

Choose pi_0 method: passs R R IR R GENH

Select Your Option

Load/Save Expression Data and Covarates
Impute Missing Data

View Covariates

Transform Data

Display Boxplots

Display Hierarchical Clustering

Display Eigengenes and Eigenarrays

I E;mouther_E‘-oot-strap_u = I Q-PLOT | P-wALLE HISTOGRAMJ
CLUSTER SIGNIFICANT GENEﬂ

SAWE RESULTS | DOMNE

Identify Differentially Expressed Genes

http://www.biostat.washington.edu/software/jstorey/edge/

Timecourse differential expression method: Storey JD, Xiao W, Leek JT, Tompkins RG, and Davis RW.

(2005) Significance analysis of time course microarray experiments. Proceedings of the National Academy
of Sciences, 102: 12837-12842.
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R package,

Microarray Time Series and Network Analysis. Detect periodically
expressed gene. (Wichert et al., 2004, Bioinformatics)

L] M PRl |y T §eded ared Felmedl S it - P e PaElas
Dl e, geahl  [EbE LB e

o [ s bl 0 el L gy, s gy 1 g s brre = T

nrhvess ST el e ] s i rEE

Hicrosrray Tirs Ssrien sed Nefwork Gnalysis @

http://www.strimmerlab.org/software/genets/
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Mining of gene expression time series with dynémic time warping techniques

* .

(Criel and Tsiporkova, 2005, Bioinformatics)

% GenTXWarper

WarpMode  File

Seleck Templake Gene

Data Adjustrment

Offset  Anchor Warp Window  Match  Alon Help

Criginal timeseries

.ﬂﬂ%ﬁr{' !E|Z Log2 -”@ %e A |E|m c EJ ‘ﬁ’@. *

Best Matching Gernes

| Gene Mames

ATIG20230-257132_at
ATIGE20240-2571351_at
AT3IGE0250-257122_ak
ATIGZ0410-257621_at
AT IGE20490-257056_at
AT3G20510-257055_at
AT3G20670-256666_ak

at
AT3GE21055-256979_at
ATIEZ21070-256965_at
AT3G21190-253040_ak
AT3G21300-255034_at
ATIE21420-2565815_at
AT3GE21540-255166_at
AT3G21630-258173_ak
ATIGE21650-255176_at
AT3GE215850-257994_at

!
Al '
1 5
0.0 1.0 2.0 3.0 4.0 5.0 6.0 7.0 3.0 9.0 l
[
|
5
Aligned timeseries ,
i
5
0.0 1.0 2.02.5 Sl 4.5 5.56.065 7.5 3.59.0 i
| |
V! |

Matching Mode

Data Transformation @ NOME

Offsek aff Anchor : 0,0 Metric: EUCLID

| Gene M.

Fitscares
AT3GZ096,,, 0.0 ~
ATEG4548,,, 7.87 s
AT1G1399,,, 7.99
ATIGI041,., 817
AT3GZ260,,, §.69
AT3E2711,., 8.80
AT1G5974,,, 8,95
ATZG4502,,, 9,15
ATIG1889,,, 9,20
ATIES2E7.., 9.24
AT4GZ40Z,., 9.30
ATSG0425,,, 9,35
AT1GZ204..,
ATIG70ZS,.,
ATIG1R39,,,
ATHG4994,
ATIGZ409,,,
ATSG1315,,, 10,2 v

Fitscore : 9.53 Template gen : AT3E20960-256

http://www.psb.ugent.be/cbd/pap

ers/gentxwarper/
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Visual Exploration of Time-Series Data
(Hochheiser et al, 2003)

http://www.cs.umd.edu/hcil/timesearcher/
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+

&:
Order Restricted Inference for Ordered Gene ExpressioN clustering for time series.
(Peddada et al., 2005, Bioinformatics) http://dir.niehs.nih.gov/dirbb/oriogenl/index.cfm
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Cluster analysis of gene expression dynamics based on autoregressive equations
(Ramoni et al., 2002, PNAS)

http://genomethods.org/caged/




The Graphical Query Language: A GHMM-based tool for querying and clustering

Gene-Expression time-course data (Costa et al., 2005, Bioinformatics)

http://www.ghmm.org/gql
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Short Time-series Expression Miner
(Ernst and Bar-Joseph. 2006, BMC Bioinformatics.)

http://www.cs.cmu.edu/~jernst/stem/
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The p-values

Multiple Testing Corrections
Per mutation Test

Correlation Coefficient

Gene Set Enrichment Analysis




O
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— More than two samples

—* Two-sample (independent )«

—» Paired-sample
(dependent)

Significance Level: alpha

HO: no differential expressed.
Thetestissignificant = Reect HO

p: probability of observing your data under the
assumption that the null hypothesis is true.

p: probability that you will be in error if you reject
the null hypothesis.

p: probability of false positives
(Reject HO | HO true).




Q

The p-value is the probability that a gene’s expression level are different
between the two groups due to chance.
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False Positive = ( Reject HO | HO true)
= concluding that a gene is differentially expressed when in fact it is not.

Reject H, if P is less than alpha.
P < 0.05 commonly used. (Reject H,, the test is significant)

The lower the p-value, the more significant the difference between
the groups.

Type | Error (alpha): calling genes
as differentially expressed when
they are NOT

Type Il Error: NOT calling genes as
differentially expressed when they
ARE
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What are the odds of randomly sampling the red
marble by chance? It is 1 out of 20.

Sample a single marble (and put it back) 20 times.
Have a much higher chance to sample the red marble.

This is exactly what happens when testing several
thousand genes at the same time.

Population
20 marbles: + that the red marble is a false positive gene:
_ ' the chance that false positives are going to be sampled
19: Is higher the more genes you apply a statistical test on.
1:

Multiplicity of Testing
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Label reference sample with Cy3 and Cy5:
No genes are DE.
Differences are experimental error.

p-value=0.01: each gene would have a
1% chance of having a p-value of less
than 0.01, and thus be significant at the
1% level.

Example: 10000 genes
Expect to find 100 significant genes at the 1% level.
Expect to find 10 genes with a p-value less than 0.001.
Expect to find 1 gene with p-value less than 0.0001

Question:

Truly differentially expressed?, or a false positive results (because we are
analyzing a large number of genes? )?




Multiple testing correction adjusts the p-value for each gene to keep

23 /57

the overall error rate (or false positive rate) to less than or equal to the

user-specified p-value cutoff or error rate individual.

PCER: Per-comparison error rate

PFER: Per-family error rate
Q PWER: Family-wise error rate

FDR: False discovery rate

4 N 4

~
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most stringent

least stringent




The p-value of each gene is multiplied by
the number of genes in the gene list.

If the corrected p-value is still below the
error rate, the gene will be significant:

Corrected p-value= p-value * n <0.05.

If testing 1000 genes at a time, the
highest accepted individual un-
corrected p-value is 0.00005, making
the correction very stringent.

With a Family-wise error rate of 0.05 (i.e., the
probability of at least one error in the family),

the expected number of false positives will be
0.05.

Bonferroni, Carlo Emilio
(1892-1960)
- [talian mathematician

25 /57

- Bonferroni correction (1935-36)

- Bonferroni® Inequality




2 3 1 4 [’

This correction is the least stringent of all 4 options, and
therefore tolerates more false positives.

There will be also less false negative genes.
The error rate is a proportion of the number of called genes.

FDR: Overall proportion of false positives relative to the
total number of genes declared significant.

26 /57

Corrected P-value= p-value * (n/ R)) < 0.05
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The permutation test is a test where the null hypothesis allows to
reduce the inference to a randomization problem.

27 157

Randomization test
Works of R.A. Fisher and E.J.G. Pitman in the 1930s.

Possible to ascribe a probability distribution to the difference in the
outcome possible under null hypothesis.

The outcome data are analyzed many times

once for each acceptable assignment that could have been possible under
HO

and then compared with the observed result,

without dependence on additional distributional or model-based
assumptions.

Ref: Mansmann, U. (2002), Practical microarray analysis: resampling and the Bootstraap. Heidelberg.
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Perform a Permutation Test (general):

1. Analyze the problem, choice of null hypothesis

2. Choice of test statistic T

3. Calculate the value of the test statistic for the observed data: tobs

4. Apply the randomization principle and look at all possible permutations, this gives
the distribution of the test statistic T under HO.

5. Calculation of p-value:




%

v
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%

Pearson Correlation coefficient: great success in
computational biology, especially in clustering algorithm.

Advantage
it can group together genes with similar expression

profiles even if their units of change are different.
Disadvantage

The Correlation Coefficient can take negative values

and does not satisfy the triangle inequality and thus not

a metric.
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Used=1-r:
still not a metric, does not satisfy the triangle inequality.

Generalized version of the triangle inequality:
0.(% 2) <= 2(g,(x y)+0o,(y,2z) atransitive measure.

When using the correlation coefficient two highly dissimilar profiles
can’t be very similar to a third profile.
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Single-gene analysis may miss important effects on metabolic
pathways, transcriptional programs and stress response.

Study same biological system, little overlap statistically significant genes.

Gene Set Enrichment Analysis (GSEA) is a computational method that
determines whether an a priori defined set of genes shows statistically
significant, concordant differences between two biological states (e.g.
phenotypes) |

SAM => Gene Set Analysis
STEM => Gene Set Enrichment Analysis

GSEA-p

_ _ Source: http://www.broad.mit.edu/gsea/
Molecular Signature Database (MSigDB)

Subramanian, Tamayo, et al. (2005), Gene set enrichment analysis: a knowledge-based approach for
interpreting genome-wide expression profiles. PNAS 102, 15545-15550




SAM assigns a score to each gene in
a microarray experiment based
upon its change in gene
expression relative to the standard
deviation of repeated
measurements.

SAM plot: the number of observed
genes versus the expected
number. This visualizes the outlier
genes that are most dramatically
regulated.

False discovery rate: is the percent
of genes that are expected to be
identified by chance.

g-value: the lowest false discovery
rate at which a gene is described
as significantly regulated.

SAM: Significance Analysis of Microarrays
http://www-stat.stanford.edu/~tibs/SAM/
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Tusher VG, Tibshirani R, Chu G.(2001). Significance
analysis of microarrays applied to the ionizing
radiation response. Proc Natl Acad Sci 98(9):5116-21.




SAM Users guide and technical document
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class

\/

experimental unit

Paired data time courses: class label is -1, or 1 or -2 or 2.
One class time courses: class label is a 1.

NOTE: SAM summarizes each time course by a slope or a signed area, and
then treats the summarized data in the same way as it treats two class, one
class, or a two-class paired design.




>

Make variation in d(i) similar across
genes of all intensity levels
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large positive difference

order
statistics

)

large negative difference




)

Per mutation




VS

%

Pointsfor geneswith
evidence of induction
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Points for genes with
evidence of repression
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“——— in the original data.

John D. Storey (2002) A direct approach to false discovery rates, Journal of the Royal Statistical Society:
Series B (Statistical Methodology) 64 (3), 479-498.

The g-value gives the scientist a hypothesis testing error measure for each
observed statistic with respect to pFDR.

The p-value accomplishes the same goal with respect to the type | error, and
the adjusted p-value with respect to FWER.




4 39 /57

SAM Summarize each time course by a slope
(least squares slope of expression vs time), or
a signed area.

For two class unpaired data: N\ /
Slope: summarizes each time series by a slope. I
Compare slopes across the two groups.

Useful for finding genes with a consistent
increase or decrease over time.

Signed area: the time course profile is shifted so
that it is zero at the first time point.

Counting positive area above the line and
negative below the line.

Compares the areas across the groups. K

Useful for finding genes that rise and then
level off or come back down to their baseline.

AN
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Purpose: Identifying Significant Expression Patterns
(Clustering Short Time Series Gene Expression Data)

Unigue challenges

Thousands of genes are being profiled
simultaneously while the number of time
points is few.

Many genes will have the same
expression pattern just by random chance.

Generally require the estimation of many
parameters and are less appropriate
for short time series data.

Do not differentiate between real
and random patterns.

http://www.cs.cmu.edu/~jernst/stem/
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Selecting Model Profiles

select a set of distinct and representative
temporal expression profiles (Model Profiles),
selected independent of the data.

Genes
\

Assigning Genes to Model Profiles

Assign each gene passing the filtering criteria
to the model profile that most closely matches
the gene’s expression profile as determined
by the correlation coefficient.

Identifying Significant Model Profiles Cluster Model Profile

Algorithm can determine which profiles have
a statistically significant higher number of
genes assigned using a permutation test.

Grouping Significant Profiles

Significant model profiles can be grouped
based on similarity to form clusters of
significant profiles.
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0
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Expression values (log ratios), where the ratios are with respect to the

expression of the first time point (always be 0).

Select a set of model expression profiles all of which are distinct from

one another.

A parameter c: controls the amount of change a
gene can exhibit between successive time
points.

C=2:agene can go up either one or two
units, stay the same, or go down one or two
units.

: : nnl .. . :
ntime points, (2c+1) distinct profiles.
5 time points and c =1, would result in 81 model profiles.
6 time points and c =2, would result in 3125 model profiles.

Select mrepresentative profiles (a subset of

profiles)

Greedy approximation algorithm (see Ernst et al., 2005,
Bioinformatics).
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Given a set m of model
profiles and a set of genes
G, eachgenegin Gis
assigned to a model
expression profiles m in m
such that dist(e,, m) i is the
minimum over all m in m.

e, Is the temporal
expression profile for gene
0.

Ties: assign g to all of
these profiles (h), weights
1/h.

T(m,): The number of

43 /57

genes assigned to each
model profile. \ dist(e,, m)
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| dentify model profilesthat are significantly enriched for genes.
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Null hypothesis: the data are memoryless.

l.e., the probability of observing a value at any time point is independent of
past and future values.

Under null hypothesis:

any profile we observe is a results of
random fluctuation in the measured
values for genes assigned to that profile.

Model profiles that represent true biological function deviate significantly
from null hypothesis since many more gene than expected by random
change are assign to them.

Permutation Test: permutation is used to quantify the
expected number of gene that would have been assigned to
each profile if the data were generated at random.




5+ % 5
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Under the null hypothesis, the order of the observed values is random.
as each point is independent of any other point.

permutations are expected to result in profiles that are similar to the null
distribution.

Since there are n time points, each gene has n! possible permutations
(can be computed for small n).

For each possible permutation, assign genes to their closet model
profile.

Let s, be the number of genes assigned to model profile | in permutation |.

Set S= 5, then E=5/n! is the expected number of genes for each profile
model if theé data were indeed generated according to the null hypothesis.

Per mute) "
Gene profile Gene profile Gene profile Gene profile

O OO o O O
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Per mute> EEn
Gene profile Gene profile Gene profile Gene profile

O OO o O O

ASSUME; The number of genes in each profile is
distributed as a Binomial with parameters |G| and
E/|G|.
Thus the p-value of seening T(m) genes assigned to
profile m 1s P(X>= T(m)), where X~-Binomial (|G|, E/|G|).

Bonferroni Correction: consider the number of

genes assigned to m to statistically be significant if P(X>=
T(m)) < é/m.
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Graph theoretic problem

Graph (V, E):

V' : the set of significant model profiles.

E : the set of edges.
Two profiles v;, v, in V are connected with an edge iff dist(v,,v,) < /.
Cliqguesin this graph correspond to sets of significant profiles which .
are all similar to one another. a Cs“iqges"f
To identify large cliques of profileswhich are all very simifar

to each other.

Greedy algorithm: to partition the graph into cliques and thus to group
significant profiles.

Cluster for a significant profile C, ={p },

Initial C; ={p;}, look for a profile p; such that p, is the closet profile to p; that is not already
included in C..

If dist(p,, pJ<= / for all profiles p,in C;, add p, to C; and repeat process,
otherwise stop and declare C, as the cluster for p,.

After obtaining clusters for all significant profiles, select the cluster with largest number
of genes (by counting the number of genes in each of the profiles that are included in
this cluster), remove all profiles in that cluster and repeat the above process.

The algorithm terminates when all profiles have been assigned to clusters.
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Data: immune response data
from Guillemin et al. (2000,
PNAS)

Use hmuan cDNA microarray
to study the gene expression
profile of gastric AGS cells
Infected with various strains of
Helicobacter pylori.

H.pylori is one of the most
abundant human
pathogenic bacteria.

Cy3 (for the reference),
Cy5 (for the experimental
sample)

Analyze data from the
response of the wild-type G27
strain.
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Two replicates on the same
biological sample in which time
series data were collected at 5 time
points: 0, 0.5, 3, 6, 12 hours.

Select 2243 genes from 24192 array
probes.

Set m=50 model profiles and c=2.
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Colored profiles are
significant.
Profiles with the same ﬁ ﬁ

shade belong to the
same cluster.

Corr=0.7 1 =0.31in
grouping method.

one: 3 profiles,
one: 2 profiles,

five: single profiles.
Four of the 10 significant model profiles were significantly enriched for
GO categories.
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Profile 9 (O, -1, -2, -3, -4):
131 down-regulated genes during
the entire experiment duration.

This profile was significantly
enriched for cell-cycle genes
(p-value < 10™).

- - -

Many of the cycling genes
in this profile are known
transcription factors, which
could contribute to
repression of cell-cycle
genes, and ultimately, the
cell cycle.
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Profile 14 (O, -1, O, 2, 2)
contained 49 genes.

GO analysis indicates
that many of these
genes were relevant to
cell structure and
annotated as belonging
to the categories
cytoskeleton (p=9x 10°),

extracellular matrix (9x 10™),

membrance (2x 10°).

Structural elongation of cells is a known phenotypical response to pathogens, and
thus the enrichment of such genes in up-regulated expression profiles is consistent

with this biological response.
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Bidirectional Integration

Determine for a given model profile what GO terms are significantly
enriched.

Determine for a given GO category what model profiles were most
enriched for genes in that category.
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Comparing Data Sets

For a set of genes which had temporal response X in experiment A, which
significant responses did they have in experiment B?

use hypergeometric distribution to compute the significance of overlap
between gene sets of model profiles of two experiments.

Example

Compare the temporal response of gene infected with a wildtype pathogen
to those infected woth a knockout mutant version of the pathogen
(Guillemin, PNAS, 2002).

The response of genes when exposed to a certain chemical substance to
their response when not exposed. (Jorgensen et al., Cell Cycle, 2004 )
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Significant?
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Time Series Microarray Experiments
Overview of Analyzing Software

Some | ssues
P-values
Multiple Hypothesis Testing
Permutation Test
Gene Set Enrichment Analysis

SAM: Significance Analysis of Microarrays
Algorithm
| nter pretation

STEM: Short Time-Series Expression Miner
Algorithm
Example
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Reference: http://idv.sinica.edu.tw/hmwu/SMDA/TimeCourse/index.htm

) <

TG
hmwu@stat.sinica.edu.tw
http://idv.sinica.edu.tw/hmwu
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