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Circadian Rhythms are physiological
rhythms regulated by an internal clock
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Many hormonal and physiological
processes display circadian rhythms
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A molecular transcriptional set of
feedback loops controls circadian
rhythms in eukaryotes
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Outline

* Biological and Statistical Background
— Circadian experiments
— Challenges in rhythm detection
— Current rhythm detection methods
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Molecular circadian experiment
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Molecular circadian experiment

W N

12 h light
12 h dark

o

http://animal-dream.com/data_images/mouse/mousel.jpg

http://www.livercure.org/wp-content/uploads/2012/09/5b.jpg

per time point

.

https://online-shop.eppendorf.com.my/MY-en/Laboratory-Consumables-44512/Tubes-44515/ http://assets.illumina.com/content/dam/illumina-marketing/images/home/systems/web-graphics-hiseq2500-real.png
Eppendorf-Safe-Lock-Tubes-PF-8863.html

28



Three challenges of rhythm detection
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Rhythm detection approaches
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Outline

* Biological and Statistical Background

* Improvements to JTK CYCLE
— Empirical JTK_CYCLE (eJTK)

* Searching for asymmetric waveforms
e Calculating accurate p-values
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Traditionally, JTK _CYCLE did not
search for asymmetric waveforms
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Asymmetric waveforms improve
rhythm detection sensitivity
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Calculating p-values from simulated data

a statistical summary of the data
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observed value
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Calculating p-values from simulated data
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Calculating p-values from simulated data
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Generating p -values
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(Total #) +1

p-value =

76



Compare experimental results to null
distribution to generate p-value

Order of p-values p-value
1 0.18
2 0.27
3 0.36
4 0.45
5 0.55
6 0.64
7 0.73
8 0.82
9 0.91
10 1.00

Tau =2.5
1
0
0.0 0.5 1.0 1.5 2.0 2.5
Tau
(# > observed value)+1
p-value =

(Total #) +1
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Compare experimental results to null
distribution to generate p-value

Order of p-values p-value
1 0.18
2 0.27
3 0.36
4 0.45
5 0.55
6 0.64
7 0.73
8 0.82
9 0.91
10 1.00

Tau =2.5
p-value = 0.09
1
0
0.0 0.5 1.0 1.5 2.0 2.5
Tau
(# > observed value)+1
p-value =

(Total #) +1

78



P-values are uniform under the null

distribution

Order of p-values p-value 1
1 0.18
2 0.27
3 0.36 P
4 0.45
5 0.55
6 0.64 0

1 N
7 0.73 Rank order of p-value
8 0.82

| (# > observed value)+1

-value =

9 0.91 P (Total #) +1
10 1.00 79




P-values are uniform under the null

distribution
Order of p-values p-value 1
Over-estimates
1 0.18 True signals rejected
2 0.27
3 0.36 P
4 0.45 Under-estimates
False signals accepted

5 0.55
6 0.64 0

1 N
7 0.73 Rank order of p-value
8 0.82

| (# > observed value)+1

-value =

9 0.91 P (Total #) +1
10 1.00 80




Expression

Expression

Kendall Tau p-values underestimate

the true p-values

Period | Phase |t p-value
24 4 0.4 0.3

24 8 1.1 0.001
24 12 0.8 0.02

o

8 16

24
Time

32

40

81




Expression

Expression

Kendall Tau p-values underestimate

the true p-values

o

8 16

24
Time

Period | Phase |t p-value
24 4 0.4 0.3
24 8 1.1 0.001
24 12 0.8 0.02
1.0 —
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[ =— Null
7))
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= 0.6}
>
a
© 0.4}
E
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Rank order of p-values g,



Expression

The Bonferroni correction results in
overestimates of p -values

Expression

p-value | # ref. Bonf.
0.4 0.3 12 1
1.1 0.001 |12 0.012
0.8 0.02 12 0.24
10 T T T T T T T
0.8} .
(7]
()
—3
5> 0.6} :
o <
=
CCB -g' 0.4} .
"g — Phase and Asymmetry
0.2 - Only Phase
m— Null
0 8 16 24 32 40 48
i OO ] ] ] ] ] ] ]
Time 0 4000 8000 12000

Rank order of p-values .,



Expression

Expression

The Bonferroni correction results in
overestimates of p -values

-_—
o

o
oo

Bonferroni
adjusted p-values
o
o

©
I

(@)
N

16 24 32 40 48
Time

o
o

o

(@)

p-value | # ref. Bonf.
0.4 0.3 132 1
1.1 0.001 | 132 0.132
0.8 0.02 132 1
- Phase and Asymmetry
i - Only Phase
= Null
0 4000 8000 12000

Rank order of p-values
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Empirically calculating the p-values Via

A X
| LA

\ /\/\ N’ \ \ '\/ \

Simulate 1 million time series from
noise to get empirical distribution of

null p-values

10 I I I | | I I
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Simulated data comparison

Noise: 0.2

Noise: 0.6

Noise: 1.0

86



Simulated data comparison

Rhythmic? Noise: 0.2 Rhythmic?
Positive Negative
Noise: 0.6
Positive Negative
Noise: 1.0
Positive Negative
87




Simulated data comparison

ID | Score | Classification | Rhythmic?
A |01 Positive 1
B [0.2 Negative
C ]0.22 Positive T
/7
D |0.3 Negative ru.e ] Ry
" Positive %
E [031 Positive Ry
} Rate ’
F |0.5 Negative ,?
) (TPR) ‘
G | 0.6 Negative ,’
H | 0.78 Negative o
0 k
0)
TPR = True Pos. / Positives=TP / 3 False
Positive
FPR = False Pos. / Negatives=FP /5
/ Neg / Rate

(FPR)



Simulated data comparison

ID | Score | Classification | Rhythmic?
A |01 Positive 1
B [0.2 Negative
C [0.22 Positive T
/7
D |0.3 Negative ru.e_ Ry
" Positive %
E [031 Positive Ry
} Rate ’
F |0.5 Negative ,?
) (TPR) ‘
G | 0.6 Negative ,’
H | 0.78 Negative o
0 k
0)
TPR = True Pos. / Positives = TP / 3 False
Positive
FPR = False Pos. / Negatives=FP /5
/ Neg / Rate

(FPR)



Simulated data comparison

ID | Score | Classification | Rhythmic?
A |01 Positive 1
B |0.2 Negative
C ]0.22 Positive T
/7
D |0.3 Negative rug ] Ry
. Positive %
E [031 Positive Ry
. Rate y
F |0.5 Negative ,?
: (TPR) ‘
G | 0.6 Negative ,’
H | 0.78 Negative ///
0 k
0)
TPR = True Pos. / Positives=TP / 3 False
Positive
FPR = False Pos. / Negatives =FP /5 Rate

(FPR)



3
“ ID | Score | Classification | Rhythmic?
o A 0.1 Negative Positive 1
Z B |0.2 Negative Negative
C ]0.22 Negative Positive
D (0.3 Negative Negative Tru.e ]
. "y Positive
E [0.31 Negative Positive
. . Rate
F |0.5 Negative Negative
. . (TPR)
G | 0.6 Negative Negative
H |0.78 Negative Negative
0 ©

Threshold: 0.05

TPR = True Pos. / Positives=0/ 3

FPR = False Pos. / Negatives=0/5

Simulated data comparison

False
Positive
Rate
(FPR)



Simulated data comparison

% ID | Score | Classification | Rhythmic?
“ A |01 Positive Positive 1
oh B [0.2 Negative Negative
z C ]0.22 Negative Positive
. . True
D |03 Negative Negative .
. "y Positive
E [0.31 Negative Positive
. . Rate
F |0.5 Negative Negative ®
. . (TPR)
G | 0.6 Negative Negative
H |0.78 Negative Negative
o ©

Threshold: 0.1

TPR = True Pos. / Positives=1/3

FPR = False Pos. / Negatives=0/5

False
Positive
Rate
(FPR)



Simulated data comparison

ID | Score | Classification | Rhythmic?
8’ A |01 Positive Positive 1
“~ B |02 Positive Negative
. C 10.22 Negative Positive
Q0
O . . True
=z D |03 Negative Negative .
. "y Positive
E [0.31 Negative Positive
. . Rate
F |0.5 Negative Negative ®
. . (TPR)
G | 0.6 Negative Negative
H |0.78 Negative Negative
o ©

Threshold: 0.2

TPR = True Pos. / Positives=1/3

FPR = False Pos. / Negatives=1/5

False
Positive
Rate
(FPR)



Simulated data comparison

ID | Score | Classification | Rhythmic?
A |01 Positive Positive 1 2"
/7

»w B [0.2 Positive Negative Ry
S /

C |0.22 | Positive Positive - ® Ry

/7
. D (0.3 Negative Negative rue Ry
bo . .
0 . " Positive ‘.
Z E ]0.31 | Negative Positive Ry
. . Rate /
F |0.5 Negative Negative ® O ,?
. . (TPR) ,
G | 0.6 Negative Negative ,’
H |0.78 Negative Negative ///
o ©
Threshold: 0.22 0 1
TPR = True Pos. / Positives=2 /3 False
Positive
FPR = False Pos. / Negatives=1/5
/ Neg / Rate

(FPR) o



Simulated data comparison

ID | Score | Classification | Rhythmic?
A |01 Positive Positive 1 2"
/7
B (0.2 Positive Negative Ry
/7

4 C 0.22 | Positive Positive ® O Ry
a " . True %

D |0.3 Positive Negative . Ry

. " Positive ‘.
o E |0.31 | Negative Positive Ry
= . , Rate ‘.
< F |05 Negative Negative ® O L’
. . (TPR) ,
G | 0.6 Negative Negative ,’
H |0.78 Negative Negative ///
o ©
Threshold: 0.3 0 1
TPR = True Pos. / Positives=2 /3 False
Positive

FPR = False Pos. / Negatives=2 /5 Rate

(FPR) 0s



Simulated data comparison

ID | Score | Classification | Rhythmic?
A 0.1 Positive Positive 1 ® 2°
/7
B (0.2 Positive Negative Ry
/7
C |0.22 | Positive Positive Ry
. . . True ¢ o R4
2 D |03 Positive Negative . ,
= o — Positive ‘.
E [0.31 Positive Positive Ry
o F 105 Negative Negative ¢
g (TPR) .
< G |06 Negative Negative !
H |0.78 Negative Negative ///
o ©
Threshold: 0.31 0 1
TPR = True Pos. / Positives=3 /3 False
Positive
FPR = False Pos. / Negatives=2 /5 Rate

(FPR) o6



Simulated data comparison

ID | Score | Classification | Rhythmic?
A |0.1 | Positive Positive 1 e o .
/7
B (0.2 Positive Negative Ry
/7
C |0.22 | Positive Positive Ry
" . True ¢ o 4
D |0.3 Positive Negative . Ry
. » » Positive ‘.
»w E 031 Positive Positive Ry
@)
o . _ Rate ¢
F |0.5 Positive Negative ® O ,?
. . (TPR) ,
w G |06 Negative Negative ,’
Q
< H | 0.78 | Negative Negative ///
o ©
Threshold: 0.5 0 1
TPR = True Pos. / Positives=3 /3 False
Positive
FPR = False Pos. / Negatives=3/5
/ Neg / Rate

(FPR) 07



ID | Score | Classification | Rhythmic?
A |01 Positive Positive
B [0.2 Positive Negative
C [0.22 | Positive Positive
D [0.3 Positive Negative
E |0.31 | Positive Positive
6; F |0.5 Positive Negative
“ G |06 Positive Negative
o H |0.78 Negative Negative
)
pa

Threshold: 0.6

TPR = True Pos. / Positives=3 /3

FPR = False Pos. / Negatives=4 /5

Simulated data comparison

1 e o o .
True ¢ ,/
Positive o
Rate ® //

(TPR)
o ©
0 1
False
Positive
Rate

(FPR) o8



Pos.

Simulated data comparison

00

ID | Score | Classification | Rhythmic?
A |0.1 | Positive Positive 1 e o o o
B (0.2 Positive Negative /,’
C |0.22 | Positive Positive 4
True ¢ 9o o’
D |0.3 Positive Negative . Ry
o — Positive ‘.
E [0.31 Positive Positive Ry
. } Rate y
F |0.5 Positive Negative ® O ,?
— . (TPR) ‘
G | 0.6 Positive Negative ,’
H |0.78 Positive Negative ///
o ©
o Threshold: 0.78 0 1
TPR = True Pos. / Positives=3 /3 False
Positive
FPR = False Pos. / Negatives=5/5
/ Neg / Rate

(FPR)
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Simulated data comparison

ID | Score | Classification | Rhythmic?

A 0.1 Positive Positive

B [0.2 Positive Negative

C [0.22 | Positive Positive

D [0.3 Positive Negative

E |0.31 | Positive Positive

F |0.5 Positive Negative
8 G | 0.6 Positive Negative
- H |0.78 Positive Negative

00

Threshold: 0.78

(]
PR = True Pos. / Positives =3/ 3

FPR = False Pos. / Negatives=5/5

True
Positive
Rate
(TPR)

False

Positive

Rate

(FPR) 100



Simulated data comparison

ID | Score | Classification | Rhythmic?

A 0.1 Positive Positive

B [0.2 Positive Negative

C | 0.22 | Positive Positive

D |0.3 Positive Negative

E |0.31 | Positive Positive

F |0.5 Positive Negative
8 G | 0.6 Positive Negative
- H |0.78 Positive Negative

00

Threshold: 0.78

Q
PR = True Pos. / Positives =3/ 3

FPR = False Pos. / Negatives=5/5

True
Positive
Rate
(TPR)

False

Positive

Rate

(FPR) 01



eJTK outperforms other methods on
simulated data
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eJTK outperforms other methods on
simulated data

Noise: 0.25
Shape: Sine
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eJTK outperforms other methods on
simulated data

Noise: 0.25
Shape: Ramp

Noise: 0.25
Shape: Sine 10
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eJTK identifies ontologies missed by
other methods

0 0 2 2 2 6] 3 3 oxidation reduction
0 0 0 0 0 1 1 1 iron/heme
0 0 6 6 6 6 5 6 gluathione
0 0 2 2 2 2 2 1 drug metabolism
o -
0 0 0 0 0 1 0 1 alternative splicing )
=
0 0 1 1 1 1 0 0 NAD(P)-binding domain 3
«Q
1 1 1 1 1 1 1 1 response to radiation 8
[
1 0 0 0 0 0 0 0 behavior ©
=}
0 0 0 0 1 0 3 3 biosynthetic process (@)
(7]
0 0 0 0 0 3 3 1 fraction
0 0 0 0 1 4 8 2 metabolic process
0 0 0 0 0 2 2 2 pigmentation
0 0 0 0 0 1 0 1 lipid particle
1 0 1 1 1 0 1 0 transferase
0 0 0 0 0 1 1 0 microsome
0 0 0 0 0 0 1 0 membrane
0 0 0 0 0 1 0 0 endoplasmic reticulum
< X I X < < < H “" 1 1
s 8 E s E X X & Hutchison et al. “Improved statistical
© © ©
Z X o | | I ege o
< = ¥ T x methods enable greater sensitivity for
- | B . . - ”
Method x 0 rhythm detection in genome-wide data”.
S

PLoS Computational Biology. 2015 (11) 3
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Outline

* Biological and Statistical Background

* Improvements to JTK CYCLE
— Empirical JTK_CYCLE (eJTK)

* Searching for asymmetric waveforms
e Calculating accurate p-values

* Hutchison et al. (2015) “Improved statistical methods
enable greater sensitivity for rhythm detection in
genome-wide data”. PLoS Computational Biology. (11) 3



Outline

* Biological and Statistical Background

* Improvements to JTK CYCLE
— Empirical JTK_CYCLE (eJTK)

— Bootstrap eJTK (BootelTK)

* Bootstrap resampling time series
 Empirical Bayes variance estimation



Three challenges of rhythm detection

7.5

7.0 7.0
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L 5.5

& 5.5 -
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5.5 -
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e Sparse sampling of data
* High noise of measurements
* High rate of arrhythmic genes 108



Bootstrap resampling to propagate
uncertainty from expression to rhythmicity

Initial time series data

Uncertainty in expression measurement

Uncertainty in rhythmicity



Averaging data to get error bars
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Averaging data to get error bars
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Averaging data to get error bars
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Averaging data to get error bars
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Averaging data to get error bars
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Expression

(0))

Averaging data to get error bars
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Expression

Averaging data to get error bars
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Averaging data to get error bars

8




Can we measure uncertainty in ordering?

8
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Can we measure uncertainty in ordering?

8
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Resample time series to ‘replicate’ experiment
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Resample time series to ‘replicate’ experiment

8
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Expression
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Resample time series to ‘replicate” experiment
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Resample from each point to obtain
simulated time series
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Expression
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Resample from each point to obtain
simulated time series
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Run eJTK on each resampled time
series to get distribution of Tau values
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Expression

Expression

D

Expression

Average Tau values to get summary
statistic mean value
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Bootstrap resampling to propagate
uncertainty from expression to rhythmicity

Initial time series data

l Average data QWW
5 6
Uncertainty in expression measurement -

l Bootstrap replicates SWW

Uncertainty in expression ordering
l Run eJTK on replicates

0 8 16 24 32 40 48
Time

Uncertainty in rhythmicity =———» Summary statistic
Average

distribution .



Expression

(o))

Expression

(o)

\l

(@)

\j

(o))

Low replicate numbers reduce
confidence in variance estimates
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Expression

Empirical Bayes approach: Improving
variance estimates by pooling them

(o)

\J

(@)

\j

(o))

Replicate 1 Replicate 2

N A e

0 8 16 24 32 40 438
Time

gt i Mg b

8 16 24 32 40 438
Time

o

129



Empirical Bayes: Baseball batting
average analogy

Player Hits At-Bats | Avg.

A 4 10 0.400
B 30 100 0.300
C 250 1000 0.250

Modeled after “Understanding empirical Bayes estimation (using baseball statistics)”
David Robinson Sept 30, 2015



Empirical Bayes: Baseball batting
average analogy

|
0.35

Player Hits At-Bats | Avg.
A 4 10 0.400
B 30 100 0.300
C 250 1000 0.250
8 _ ——p—
0 ] _—
S g _
o
. —:—l_( —h—h\
o
| | | I
0.15 0.20 0.25 0.30
Average

Modeled after “Understanding empirical Bayes estimation (using baseball statistics)”

David Robinson Sept 30, 2015
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Empirical Bayes: Baseball batting
average analogy

Player Hits At-Bats | Avg. Adj. Avg.
A 4 10 0.400 0.263
B 30 100 0.300 0.269
C 250 1000 0.250 0.252
8 _ ——p—
3 -
S g _
o
. —:—l_( —h—h\
o —
| | | I 1
0.15 0.20 0.25 0.30 0.35
Average

Modeled after “Understanding empirical Bayes estimation (using baseball statistics)”

David Robinson Sept 30, 2015
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Empirical Bayes approach: Improving
variance estimates by pooling them
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Empirical Bayes approach: Improving
variance estimates by pooling them
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E

mpirical Bayes approach: Improving

variance estimates by pooling them
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Outline

* Biological and Statistical Background

* Improvements to JTK CYCLE
— Empirical JTK_CYCLE (eJTK)

— Bootstrap eJTK (BootelTK)
* Bootstrap resampling time series

— New to rhythm detection
* Empirical Bayes variance estimation

— Common in differential expression analysis
— New to rhythm detection



BootelJTK outperforms eJTK on
simulated data
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BootelTK is sensitive to the intra-point
variance relative to the variance of the
entire time series

12

eJTK Tau: 0.57
BootelJTK Tau: 0.67
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BootelTK is sensitive to the intra-point
variance relative to the variance of the
entire time series

12

eJTK Tau: 0.57
BootelJTK Tau: 0.67
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BootelTK is sensitive to the intra-point
variance relative to the variance of the
entire time series

' 3

24
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eJTK Tau: 0.57
BootelJTK Tau: 0.67
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BootelTK is sensitive to the intra-point
variance relative to the variance of the
entire time series

jrmaseend

24
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eJTK Tau: 0.57
BootelJTK Tau: 0.67
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BootelJTK outperforms alternative
methods, including a combination of

eJTK and ANOVA
0.8 | —eJTK-ANOVA
0.7 | —BootedTK
——RAIN adj.

0.6 | —ANOVA
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S 04
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Hughes et al. 1h liver dataset
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Hughes et al. (2009) “Harmonics of Circadian Gene Transcription in Mammals.”
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Hughes et al. 1h liver dataset
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12 h dark ey “ “
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Hughes et al. (2009) “Harmonics of Circadian Gene Transcription in Mammals.” 144
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Comparison of downsampled dataset
results
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Comparison of downsampled dataset
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Comparison of downsampled dataset
results
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Comparison of downsampled dataset
results
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Comparison of downsampled dataset
results
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Comparison of downsampled dataset
results
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Comparison of downsampled dataset
results
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Comparison of downsampled dataset
results
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BootelJTK are more consistent as
results are downsampled

BootelTK results eJTK results
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Zhang et al. 2h 12 tissue daset
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Zhang et al. (2014) “A circadian gene expression atlas in mammals: Implications for biology and
medicine.” PNAS (111) 45
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Count

Boote)TK is more stringent than eJTK
for most of the tissues
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Count

Is BootelTK too stringent and missing
rhythmic genes?
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ChlP-Seq corroboration shows no
decrease in core clock target
enrichment in BootelJTK
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Overlap statistics show clusters of
tissue types

BootelJTK results
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Brain tissue overlaps are a major
difference between BootelJTK and eJTK
results
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Brain tissue overlaps are a major
difference between BootelJTK and eJTK

results
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Brain tissue overlaps are a major
difference between BootelJTK and eJTK

results

BooteJTK result BootelTK - eJTK results
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Brain tissue overlaps are a major
difference between BootelJTK and eJTK
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Method-exclusive genes

Adrenal-Hypothalamus rhythmic
overlap is a large difference between
BootelJTK and eJTK results
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Method-exclusive genes

Adrenal-Hypothalamus rhythmic
overlap is a large difference between
BootelJTK and eJTK results
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The hypothalamus and adrenals are
involved in an endrocrine feedback loop

GRMR Hippocampus
e Adr o0 003 003 003 001 004 004 0.04 00 01 0.02
' ( 9: @ Lung 001 0 002 002003 0 003 001 005 003 0 -0.06
7 / Kidney ©0.010.01 0 0 -0.06-0.02-0.02-0.01 0.02 0.02 0.02 0.03
""" GR ‘Q V ) ]
H.‘V' p"th‘-‘l‘lmuS Liver 0.03 002001 0 -0.03-0.04-0.01-0.02-0.03 0.03 -0.03 -0.04
) WFAT 003 002 003 003 0 005 005 0.03 0.05 0.02 0.02
CRH/VP
Aorta 002001 0 001004 0 002 001 003 002 -0.01-0.04
""" & PR P BFAT 004 003004002007 0 0 -0.03004-0.02-004-0.05
Pituitary
Heart 0.01 002001001005 0 0 0 004 004 001 0.03
Mus -0.02 0.02-0.01 002002001 0 001 0 001-002-0.03
ACTH

Hypo 0.06 0.05-0.050.04 0.06 0.06-0.04 0.04 0.04 0 EUREFINY

BS 001 0 0 0 001 0 0 001 001 0 005

Glucocorticoids ' Adrenal

Cere 005 003 004 003 004 0.04 0.04 0.04 0.05 0

S
D > 5 F 8 - £ » o @
f £ 2 Q2 gt £ 8 =2 & B 5
3§32 ee=zg" 8
en.wikipedia.org/wiki/Hypothalamic—pituitary—adrenal_axis 2 (I] I

eJTK overlap > BootelJTK overlap

elJTK overlap < BootelJTK overlap
165



Outline

* Biological and Statistical Background

* Improvements to JTK CYCLE
— Empirical JTK_CYCLE (eJTK)

— Bootstrap eJTK (BootelTK)
e Greater consistency than eJTK
* More stringent than eJTK
* Differences in results are biologically supported
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* Biological and Statistical Background
* Improvements to JTK CYCLE

 Comparing rhythmicity across conditions

— A method that produces accurate p-values for
differential rhythmicity
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Dis-regulation can be more than
changes in expression level
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Previous approach only looks at p-
values relative to threshold

P-value
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We can estimate the variance in our
Tau score based on the noisiness of
the time series
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Our method outperforms the p-value
threshold method at identifying
differential rhythmicity
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Many studies compare protein level
and RNA level rhythmicity
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We find fewer differences between
MRNA and protein time series than
the p-value threshold method does
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We find fewer differences between
MRNA and protein time series than
the p-value threshold method does
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Outline

Biological and Statistical Background
Improvements to a Rhythm Detection method
Comparing rhythmicity across conditions
Future Directions



Future direction: Combining information
across tissues and conditions
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Future direction: Combining information
across tissues and conditions
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Questions?

Biological and Statistical Background

Improvements to JTK_CYCLE
— EmplrlcaIJTK CYCLE (eJTK)

Searching for asymmetric waveforms
* Calculating accurate p-values

* Hutchison et al. (2015) “Improved statistical methods enable greater
sensitivity for rhythm detection in genome-wide data”. PLoS Computational
Biology. (11) 3

— Bootstrap eJTK (BootelJTK)

* Bootstrap resampling time series
— New to rhythm detection

Empirical Bayes variance estimation
— Common in differential expression analysis
— New to rhythm detection

Greater consistency than eJTK
More stringent than eJTK
Differences in results are biologically supported

Comparing rhythmicity across conditions

— A method that produces accurate p-values for differential
rhythmicity

Future Directions

— Combining information across conditions and tissues for rhythm
detection
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