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The challenge of properly analyzing
massive amounts of data
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Circadian Rhythms are physiological
rhythms regulated by an internal clock
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Dis-regulation of circadian processes can
cause physiological changes and disease
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Molecular circadian experiment
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Three challenges of rhythm detection
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Incorrect methods can lead to
incorrect identification of rhythmicity
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Diurnal transcriptome atlas of a primate across major
neural and peripheral tissues
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Diurnal gene expression patterns underlie time of the day-specific functional specialization of tissues.
However, available circadian gene expression atlases of a few organs are largely from nocturnal
vertebrates. We report the diurnal transcriptome of 64 tissues, including 22 brain regions, sampled every
2 hours over 24 hg Pmagubis (baboon). Genomic transcription was highly
rhythmic with up§to 81.7% of protein-coding geneslshowing daily rhythms in expression. In addition to
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Well-behaved methods will have uniformly
distributed p-values in null conditions

1

A \ ) A

1

=1
=

Uniform distribution
of p-values

counts
J/
counts

=
o

iy AT e A — 0
¥ i 0 Rhythmicity 1 O 1

. P-value
statistic (1)

Time series generated
from Gaussian noise

|

Rhythm

detection
method

Hutchison et al. 2015



Well-behaved methods will have uniformly
distributed p-values in null conditions
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Simulation of null data allows for the
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Leading methods in the field have
artifactually low p-values
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Different gene rhythmicity is found when
accurately calculating p-values
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Outline

Introduction

Statistical inaccuracies in p-value calculation

— Computational correction
* Hutchison et al. 2015

— ldentification of errors
 Hutchison et al. 2015
 Hutchison & Dinner 2017

Methodological improvements in rhythm
detection

Future directions



Outline

* Introduction
 Statistical inaccuracies in p-value calculation

 Methodological improvements in rhythm

detection
— Adapting empirical Bayesian methods to rhythm

detection
 Hutchison et al. 2018

e Future directions



Three challenges of rhythm detection

Sampled every 1 h 75 Sampled every 2 h 75 Sampled every 4 h
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Introducing empirical Bayes variance estimation
via bootstrapping improves rhythm detection
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Hughes et al. 1h liver dataset
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Bootstrap eJTK performs better on
sparse data than other methods
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Zhang et al. 2h 12 tissue dataset
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Bootstrap eJTK reveals greater
rhythmicity across tissues
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Looking at commonly rhythmic genes
reveals novel rhythmic pathways
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Circadian future directions
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Collaborations s
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—Joseph Bass group at Northwestern U
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Pancreatic beta-cell enhancers regulate rhythmic
transcription of genes controlling insulin secretion

Behavioral rhythm Physiologic rhythm

Light cycle . .
BTy Slee V?ake Insulin secretion
%::% Fas Feed cycle
>
lEntrainment / N --
@ Brain
clock
Synchrony Genomic rhythm
?\ N /—\ .
N Core & @ Cycling RNAs
’ ® p — °
Peripheral clock: /| D .
clock H3K27Ac H3KAMe2 /s /S y &3 4%,
~———_ :-® — e g % ,\W ° .. A
P )~ H2Az H2B Cell-spefcific . Cycling genes RN = EXOC)’_“C gene
i Time network
Pancreatic
islet B cell nucleus
26

Perelis et al. 2015



A Conserved Bicycle Model for Circadian Clock
Control of Membrane Excitability
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Effects of Diurnal Variation of Gut Microbes and High-Fat
Feeding on Host Circadian Clock Function and Metabolism

Leone et al. 2015
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Future Interests
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Rhythm detection approaches
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Non-parametric methods avoid arbitrary
amplitude thresholds, but we want amplitude
relative to measurement uncertainty
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Bootstrap eJTK outperforms other
rhythm detection methods
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Asymmetric waveforms improve
rhythm detection
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Expression

Expression

JTK CYCLE picks the best reference
waveform match as its measure of
rhythmicity
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Expression

JTK CYCLE picks the best reference
waveform match as its measure of

Expression
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Expression

JTK CYCLE picks the best reference
waveform match as its measure of
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Expression

Expression

Asymmetric waveforms improve
rhythm detection
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Picking the best Kendall Tau p-value
underestimates the true p-value
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The Bonferroni correction results in
overestimates of p -values
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Expression

The Bonferroni correction results in
overestimates of p -values
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Empirically calculating the p-values Via
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Bootstrap eJTK shows increased
consistency compared to other methods
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