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Chapter 1

I ntroduction

1.1 A brief introduction to circadian biology in mammals

Organisms on Eartaxhibit 24hour patterns, or circadian rhythms in their physiology to
adapt and anticipate a cyclic environment. These rhythms can be observed in various organisms
and at different levels of organizatiéh For example, crop plants such as rice flower according
to clocks in their leaves and stems, which sense climate and temperature in different world regions
8 In mammals, hormone release, food intake, digestion, immunity, and sleep are important
functions subject to circadian dynamfs and the expression of proteins and gene transcripts are
subject to circadian regulatidi>*2 Circadian rhythms are defined to be endogenous, that is, they
exist in the absence of their external stimuli, or zeitgebers. In the presence of one or more
zeitgebers, circadian rhythms will entrain, or adjust their timing to follow said zeitgebers. The
entrainment process optimizes mammalian physiology in response to changing energetic demands

from the present and future environmental state

Molecular circadianrhythms

Nevertheless, 2#hour molecular oscillators, commonly referred to as circadian clocks,
generate these rhythms, and the individual genetic components of these clocks differ amongst

species* Mammalian circadian clocks consist of intemnected feedback loops of transcription


https://www.zotero.org/google-docs/?dHScEL
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https://www.zotero.org/google-docs/?IYZ2W5

factors whose expression and repression occur within -ho@4 period 3. In mice, core
components of the clock involve positive elemer@$o¢k and Bmall) and negative elements
(Per1,2 and Cry1,2 *° In the cytosol, PER and CRY proteins heterodimerize and thentee
the nucleudo repress transcription atliox gene elements (including their own transcription) by
inhibition of CLOCK-BMAL1 heterodimers. Accumulated PER and CRY products in the cytosol
are then degraded over a span ohddirs, prompting their transcription once agasnthe cycle
renews, and providing the basis for circadian oscillations in th&éélMeanwhile, Ebox-driven
factors Reverb-alpha andRor-alpha repress and promdBenall transcription respectively by
binding to ROR/REVERB Response Element (RRE) in Bimallpromotert® 20, E-boxes, RREs,
and D boxes (DBP binding elements) are widely distribwt@tin promotersof mammalian
genomes. Consequently, circadian transcription factors regulate widespread gene expression
rhythms via RREs, E boxes, and D boxes, generating peaks in expression corresponding to their
own daily peak phased. Remarkably, it is estimated that about 50% of the mouse genome is
under circadian contrd?.

However, genomavide expression profiling suggests that while core clock function may
be similar within the cell, other forms of regulation and functional demands generate tissue
specific rhythms in clockontrolled genes and may result in differenceshythmicity across
tissues'?. Structurally, clocks function to coordinate activity throughout the whole body, and thus
local tissue specificity may fall within a clock systémThus, we can describe coordination in

whole bodytimekeepingas possible emergent properties of this sygtem

Tissuelevel organization

Traditionally, the circadian system is thought to therarchically organized; a master

clock, the Suprachiasmatic nucleus (SCN) within the hypothalamimich consists of
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approximately 20,000 neurons, sends temporal information to peripheral clocks. SCN neurons
receive direct input from the light/dark cycle via the retina and exchange neuropeptide,
neurotransmitter, and electrical signals to synchronize and adjussmiassillation to match

the light cycle. From there, SCN neurons output time of day cues to peripheral clocks through
communication mechanisms that are not well underst&odimportantly, SCN neurons
synchronize spontaneously and therefore maintain their oscillation indefimiteiyo, whereas
peripheral clocks display damped oscillatiansvitro, likely due to gradual dephasing without
intercellular communication to other clocks?S. Thus, peripheral clocks (within individual cells)

may sustairoscillations butdepend on signals from the SCN to maintain a coherent phase. These
signals may include sympathetic and parasympathetic pathways, hormonal rhythms, and
temperaturé?,

However, growing evidence suggests a more intricate coordination. Peripheral clocks are
weakly phaseynchronized with the master clock and can coordinate rhythms with other
peripheral tissues independent of the SCNWhile the SCN primarily aligns with the light/dark
cycle, peripheral clocks strongly respond to feeding and temperature®ybletably, the feeding
cycle can uncouple peripheral clocks from the S@hle clock dysfunction in specific tissues,
like the liver, can lead to shifts in gene rhythms in other tis§i#@sStrong evidence suggests that
signals facilitating intetissue coordination may be metabolic. Glucose, glucocorticoids, insulin,
and other common metabolic factors gaotentiallyinfluence the clock, and it is possible that
multiple metabolic signals are simultaneously modulating peripheral clocks and tissue rhythms
30,31_

Likewise, t is yet unknown how direct and indirect pathweyrsd their properties enable

local peripheral tissue rhythms, while also generating whotyy synchrony within the clock
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system32 The central clock may offer insights into some technical aspects oftisgee
coordination.Genetic perturbations of tissue clocksow a vast genomic reprogramming, which
may also reveal direct and indirect souréé@g>. Such a prevailing hypothesis motivates a
guantitative understanding of genomale circadian rhythms and their changes upon perturbation
locally or systemically, thereby motivating this body of work. Moreover, circadian-tissere
communication may eese desynchrony during clock disruption, which often occurs during
diseasé? 113536 Specifically, mice studies that knock out and measure rhythmic gene expression
in individual tissues show significant celbecific and global effects, suggesting disruptions in

pathways meant to relay time cues to tissue clécks®®

Importance of genomic analyses to mammalian circadian biology

Inter-tissue communication

Ultimately, genomenalyses may help to unravel clock coordination, especially between
peripheral clocksTranscriptional rhythms form the basis of circadian regulation, and thus, provide
a measurable output to gauge differences between tissue clocks. Several studies have established
a footprint for how intetissue communication may be inferred from transcriptional rhythms. A
study of pancreatic islet alpha and betdls showed distinct temporal profiles of insuland
glucagonproducing genesn vitro andin vivo, while another study shows differential responses
of insulin and Insulifike Growth Factor 1 (IGF1) to clock disruptian vitro and in vivg
supporting a dominant role for secreted factors in regulating the temporal coordination of
endocrinerelating functions in mammaf84%. Sequencing single nuclei from isolated liver cell

populations illustrates how clock disruption in hepatocytes changes transcriptional rhythms of
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neighboring endothelial and immune cells. This implies the potential transfer of circadian
programming between different cell types, possibly orchestrating temporal coordination among
various cellular functional nichés

Additionally, peripheral clocks exert systemic influence on distant countedparts
widening array of tissues release synchronizing factors into circulation, including skeletal muscle,
intestine, liver, and adipose tissues. RE&guencing identified TGBeta as a candidate for
paracrine signaling between adjacent ctlsransmit timing information between similar cell
types bydirectly modifying clock genes in the nucleus of huma24@S cells*'. These genomic
experiments to decipher coordination are extremely intricate, producing a dearth of knowledge
poised to uncover mechanisms of direct and indirect clock inputs and outputs from exogenous and
endogenous cues of entrainmesygnchronizationand coordination. Furthermore, uncovering
these mechanisms and more will require statistical techniques capable of quantifying rhythmic

components in order to interpret their relevance in different biological contexts.

Changes to rhythmicity from disease

| have describednecondition in which genomic analyses may prove fruitful, but none are
more important than the application of genomic data to decipher circadian regulation of disease,
which requires an analysis studying circadian disruption within disease contexts. &ptaint
has been extensively explored in the context of clock and metabolic dysfunction. For instance,
high-fat diets, known to profoundly correlate with obesity and metabolic syndrome, reorganize
metabolic pathways and disrupts the normal circadian aytkeeiliver, generating new oscillating
genes and metabolites, partly due to impairments in CLOCK:BMAL1 chromatin recruitment and

t he cyclic activation o f surrogate pat hway:


https://www.zotero.org/google-docs/?HweDF2
https://www.zotero.org/google-docs/?7wYY1e

reprogramming is primarily caused by the dietary challenge itself and is reversible, not dependent
on obesity developmeft

In addition, there is compelling evidence relating cancerous tissues and clock disruption.
In particular, disrupting the circadian clock increases cellular proliferation and promotes
tumorigenesis. The circadian clock plays a crucial role in regulatirggses linked tcancer and
disrupting it canincrease theisk of tumor development. REEZRB agonists exhibit selective
lethality against cancer cells and oncogériced senescent cells while sparing normal cells.
These agonists affect various oncogettivers and induce an apoptotic response in malignant
cells, suggesting that targeting circadian regulators with these agents may be an effective and well
tolerated strategy for cancer treatment, particularly in glioblastomataSéatistical approaches
of particular interest within these contexts often involve analyzing differences in measurements

between two or more conditions.

1.2 Recent progress ircircadian genomic analysis

Particularly in the context of diseasmderstanthg circadian rhythms at the genomic level
requires complex timeeries experimental designs. In studies focusing on circadian rhythms at the
transcriptome, metabolome, or proteome level, samples are typically gathered from animals at
various time points spaing one or more circadian periods. This may mean collecting samples
every 2, 3, or 4 hours over a-&F 48hour period. These samples often come from animals either
synchronized to LRour light/12hou dark cycles or kept in constant darkness. The former
condition helps detect rhythms originating from the cellular clock or directly from light cues
through various mechanisnfé The latter conditiorhelpsisolae rhythms generated by the

intrinsic circadian clockwhether the cellular clock or the centdbck). A typical circadian


https://www.zotero.org/google-docs/?aYd680
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https://www.zotero.org/google-docs/?QZHA0F

transcriptome experimenising one tissue with no treatmentonsists of a timaeries with a
sample typically taken every #trsfor 24 hours (6 samples) and at least 2 replicates per sample

45, These timeseries measurements can sufficiently determine whether a gene has a transcriptional
rhythm over the course of the day. Current statistical methods are adept at identifying genes having
circadian rhythms by calculatingv@lues and performingtatistical significance testing. For
example after performing statistical procedures with different criteria(s) to define rhythmicity, a

method will considea genego berhythmic if its calculated qvalue < 0.05.

Statistical Methods for Rhythmicity Detection

A variety of statistical methods exists for this purpose, each with its own advantages and
disadvantageseveral review papers have provideetiepth review and critique on these methods
and suggestedreas of improvement. In brief, the study by Mei et al. (2021) provided a
comprehensive evaluation of genctule circadian rhythm detection methods and offered
practical guidelines for researchers. Mei and colleagues assessed the performance of each
algaithm using real datasetghich included genes with &sblished circadian and narircadian
patterns and conducted extensive simulation test to explore how factors such as sampling patterns,
replicates, waveform shapes, sigt@hoise ratios (SNRs), uneven sampling intervals, and
missing data, influenced thgerformance of each methdfl Laloum and RobinseRechavi
(2020) provided another systemati@valuation andunderscoré that existing methods for
identifying rhythmic gene expression are most applicable when dealing with robust and clearly
defined circadiarsignalssinceusing methods to detect subtle or weak circadian rhythms did not
yield meaningful results. The study emphagittee importance of selecting appropriate analytical
tools in circadian rhythm investigations, considering the strength and specific characteristics of the

circadian signals under scrutify


https://www.zotero.org/google-docs/?HrboYS
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Statistical Methods for Differential rhythmicity

When conducting genomeide investigations of mMRNA or protein expression, whether
rhythmic or not, a common challenge is to compare samples collected from subjects exposed to
different conditions, undergoing diverse treatments, or possessing distingtpgenabllectively
referred to as "groups." Typically, circadian rhythm studies comparing two groups at the
transcriptome or metabolome level, are tasked with detecting changes in rhythmicity in numerous
metabolites or transcriptsften referred to as thdifferential rhythmicity problem."

While rhythmicity detection requires tirseries transcriptome data in which the only
condition of interest is time, detecting differential rhythmicity often involves adding treatorent
conditionsand requiresnterpretation of how a gene rhythm interacts with the treatment variabl
Differential rhythmicity analysis plays a crucial role in uncovering altered biological rhythms in
genomic data. Several methods have been developed to address this task, each with its own unique
features, advantages, andagisantages. | discuss five notable methods for performing differential
rhythmicity analyses in genomic data, with a focus on their uses, advantages, and disadvantages.

DODR, introduced by Thaben and Westermark in 2016, uses statistical testing to assess
the differences in rhythmic patterns between two conditions or groups. DODR is particularly
robust for identifying differential rhythmicity, yet is computationally intensive, potential
limitation when working with large datasets @erforming high-resolution analyes 42
LimoRhyde, is a flexible approach that easily incorporates into standard pipelines for
transcriptomic analyses, making it suit-able
parametric modeling approach handles complex experimental designs #mustof various
shaped?®. However, it does not provide effect sizes arghues of individual rhythm parameters.

CircaCompare is designed to estimate and statistically support differences in the rhythmic


https://www.zotero.org/google-docs/?lU3Xji
https://www.zotero.org/google-docs/?yyZXvc

parametersmidline estimating statistic of rhythrtimesoj, amplitude, and phase of circadian
rhythms. Howevelit only models sinusoidal rhythms, only maps differences between two groups,
and cannot model additional complexity in experimental de¥lgdryR is a model selection
method which models gene expression data using sinusoidal curves and then compares rhythmicity
bet ween different conditions usi ng mo d e | sel
rhythmicity characteristics, such as amplguand phase, can be shared among more than one
condition, leading to a combinatorial set of potential models for each dggending on the
number of conditions compared. The model then statistically tests the set of models and
probabilistically assigns each gene to one of these méd&amilar to dryR, compareRhythms
applies several different sinusoidal models based on four categories of differential rhythmicity and
uses amplitude and model selectlmased cutoffs to choose the correct category of change. This
aims to addresses potaitioverestimation of differential rhythmicity, a common issue in
differential rhythmicity analysi®. However, this conservative approach may potentially omit true

differential rhythmicity.

1.3 Current challenges

Mostof theseexisting rhythmicity methods do not prioritize estimation of rhythms, instead,
they tend to prioritize detection, which poses several problems. Statistical tools used to interpret
this data must not only identify circadian genes, but also evaluate tybinrbharacteristics such
as period, amplitude, phase, andsor These parameters are biologically relevant for rhythmic
features, potentially offering a more descriptive means of comparing features, quantifying their
strengths as effects, and identifyitigeir contributors. Nevertheless, most rhythmicity detection

methods do not directly compute rhythms; instead, they calcuasdups based on sinusoidal


https://www.zotero.org/google-docs/?nk5qav
https://www.zotero.org/google-docs/?PpAmEC
https://www.zotero.org/google-docs/?1dEZKP

curvemodeling, which is limiting in its assumptions. Other methods compuygs through
nontparametric statistical tests, thus addressing various types of experimental design challenges,
but cannot adequately demonstrate a rhyfAinConsequently, theres a need for a rhythm
estimation method capable of both quantifying rhythms and their associated parameters, while also
addressing the complexities of experimental design and accommodating rhythms of diverse
shapes.

Similarly, defining differential rhythmicity as changes in amplitude, phase, or mesor of a
gene carries biologically relevant implications for identifying circadian disruptfoAmplitude
and phase, when accurately determined, may infer biological function and temporal coordination
respectively. In the case of phase, a method known as phase set enrichment analysis (PSEA) which
identifies biologically related gene sets demonstgatemporally coordinated expression using
phase, has gone relatively underutilized in the field despite its potential to resolve temporal
organization among biological functiotfs While methods detecting differential rhythmicity often
provide a way to calculate rhythmic parameters, they often suffer from similarly presenting p
values first, before estimating effect sizes in ways ofterstadistically rigorous. Furthermore,
most methods suffer from fitting sinusoidzsed models, which do not scale with complexity in
rhythmicity design®2. CircaCompare, dryR, and compareRhythms are parametric and do not
properly scale given more than two groupsafparators oadded experimental complexits.
An ideal method should quantify rhythmicity curves for features in each condition for multiple
conditions, quantify changes between those conditions via rhythm parameters, while adhering to

the aforementioned goals for rhythmicity estimation.
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Differential rhythmicity and differential expression

The idea of estimating effect sizes for rhythm parameters to quantify differential
rhythmicity is very similar to the idea of estimating faldange to quantify differential expression.
Differential expression analysis is highly dependent on the effeetdizhe logfold-change
(LFC), as it represents the magnitude of difference in gene expression between two conditions,
typically measured as the ratio of expression levels in one condition to another, on a logarithmic
scale. This principle is a key compont of methods like DESed? and edgeR®. The larger the
LFC, the more substantial the difference in gene expression between the conditions. While most
differential expression analysis methods use the LFC in conjunction with statistical tests, the
magnitude of the LFC has direct implications tbe biological interpretation of differential
expression results. Genes with a large LFC are more likely to have a significant impact on
biological processes, as their expression changes are more substantial. Researchers often prioritize
genes with larget.FCs for further investigation, as these genes may play critical roles in the
studied biological context. Statistical tests such asests or likelihood ratio tests may help to
assess whether the observed difference in expression is statistically significant, often by evaluating
a false discovery rate (FDR) which represents the expected proportion gbdalsees among
the identified differentially expressed gertésA larger LFC generally has a higher likelihood of
detecting statistical significance. In other words, genes with a substantial change in expression are
more likely to be identified as differentially expressed. However, statistical tests are highly
depenént on sample sizes, as larger sample sizes are typically needed to achieve adequate

statistical powe?®.
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Hypothesis testing in circadian genomic analyses

The reliance on hypothesis testing presents several equally undesirable issues in
rhythmicity and differential rhythmicity detection methods. Although, in principle, effect size is
frequently more relevant thanyalues, these methods, in the case of mnythy analysis, produce
pval ues, define a threshol d, and provide a |
this process. 1) Methods typically frame hypothesis testing so as to test for an effect having a null
hypothesis that the biologikceaffect within the population is 0, yet this null hypothesis is seldom
true 9. 2) Researchers often overinterpret statistical significance to denote the presence of a
rhythmic effect,i.e., a gene with a qalue < 0.05 is statistically significant and therefore
interpreted to be rhythmic, while p > 0.05 is not statistically significant and therefore are
interpreted to be nerhythmic. While the former may connote a true statement, the daiteinly
does not, as a p > 0.05 simply states there is not enough evidence to confidently decide on the
presence of a rhythm, i.e. that the effect of interest is r¥ét Regardless, making this binary
assertion on rhythmicity makes researchers more likely to exclude features that are lowly or maybe
even moderately rhythmic along with the already faulty assumptions about sinusoidal shape baked
into a majority of methods3) The oveireliance on hypothesis testing leads to very limited ways
of evaluating rhythmicity in genomic analyses. Researchers often report the number of rhythmic
genes detected from their analysis, which often does not connote biological reRvatetbods
often evaluate their sensitivity by how many more rhythmic genes they detect compared to others,
regardless of the overlap in the identified genes, the strength of their rhythms and their ordering in
the list of rhythmic genes. 41alues do noprovide a useful method of comparing genomic data
or analysis across studies. As is becoming more relevant in the field, methods do not often overlap

in their results. Laloum et al found that while the methods generally agree on a large number of
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rhythmic genes, they do not necessarily concur on the order of significance amornt. them
addition, studies often do not reproduce the number of genes found to be rHyftiviuceover,
methods often do not report circadian parameters or uncertainty such as confidence intervals
associated with an effect to somewhat gauge overlap between effect sizes. 5) In the case of
differential rhythmicity, pvalues for differential rhythnoity alone do not provide informative
context to the parameters, magnitude, or direction of change, thus hampering interpretation.
Removing the dependence on statistical significance alpeasa slew of analytical potential
divorced from dependence on reliably calculatingapues that can primarily prioritize biological

relevance.

1.4 New approach and itstheoretical backings

Benefits of estimation over testing

An alternative to pralues is to directly estimate effect sizes for rhythm parameters such as
amplitude. Supporting this idea is the observatioat rhythmicityis a multiparametric and
continuous concept, whose measurement requires more analytical complexity. Meanwhile when
considering effect size estimation, the broader field of genomics have developed several methods
to estimate effects such as LFC, which b@asome a standard component of differential expression
analysis. In particular, Bayesian andmrical Bayesian approaches have proven most valuable in
handling technical variation issues known to confound estimation in genomic data analysis. The
Limma approach ((Linear Models for Microarray and RiSAg Data) employs empirical Bayes
techniques to drrow information across genes and improve the estimation of-geruific

variances®. One of the primary challenges in analyzing gene expression data is accurately
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estimating the variance associated with each gene's expression. Traditional methods often suffer
from high variance estimates, especially when dealing with limited replicates. In limma, empirical
Bayes methods are used to shrink individual gene variaoe@sd a common or shared variance
estimate. This approach effectively borrows strength from other genes to obtain more reliable
variance estimates for each gene. The values are then used to estimate the coefficients for linear
models while considering thieherent variability in the dati. Similarly, DESeq2 (Differential
Expression analysis of RN&eq data) utilizes empirical Bayes methods in the context of-RNA

seq data analysis, specifically to estimate ge&rse dispersions and for shrinking fold change
estimates. In addition, DESeq2 iesl on empirical Bayes methods to estimate epeeific
dispersions, a parameter which represents the vartanmoean ratio and captures the variability

in gene expression. Instead of relying solely on the individual gene's data, DESeq2 borrows
information across genes to obtain more stable and reliable dispersion estimates. This approach
accounts for the uncertainty in dispersion estimation, especially when dealing with genes with

l' i mited read counts. DESeq206s sehestimaids towaedsd e c h n |
common value, effectively stabilizing the estimates and reducing the influence of otitliers
Shrinkage of fold change estimates is particularly valuable when working with small sample sizes
or genes with low expression levels, allowing for estimate evaluation and downstream analyses.
A popular correlation approach uses shrinkage to estimagdaale covariance matrices, often

to construct various gene network analyses, with application in estimating microbial associations
in metagenomic microbial sequenci®§®  Similarly, in eQTL identification, shrinkage
estimation assuages the problem of mapping Quantitative Trait Loci (QTL), in which the number
of potential QTL (genetic markers) is much larger than the sample size of individuals in a genetic

study. Wang el introduced a Bayesian shrinkage estimation method that allows for varying levels
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of shrinkage applied to QTLs based on their effect size, allowing for detection of QTLs with
different size$”.

It is important to point out that statistical evaluation metrics for studies go beyaaldes.
While others such as model selection, likelihood testing, and goodnigdsavkeentered the fray,
fundamental concepts such as uncertaiaty.(confidence intervals), effect sizes.d.,Z-scores,
C o h edpBayes factor), etc. should be considered when creating methods to investigate circadian

rhythms.

Previous estimatioibased circadian methods

Previous research has applied effect size estimation to biological rhythms, namely
measurements of physiological markers such as cortisol, but has not been extended te genome
scale data. Namely, Wang, Ke, & Brown propose a method that combines random aifibc
smoothing spline analysis of variance to model the shape and variation of circadian rhythms over
time. The proposed method allows researchers to estimate the underlying circadian rhythm while

accommodating individuapecific variations and irreguiéies in the dat&g,

1.5 Statement of Purpose

The purpose for my dissertation is to improve genomic analyses of circadian rhythms
within genomescale data by developing a universal approach to rhythmicity and differential
rhythmicity analysis focused on estimation. My hypothesis is that intracetint@adian rhythm
generation and intercellular interactions within clock networks are intricately linked to
transcriptional regulation. Therefore, we can investigate critical aspects of the circadian system by

reliably estimating circadian rhythm profilesrf genomic features and effect sizes for their
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associated rhythmic properties within genescale data. From this research, we can assess
circadian transcriptional regulation and address the complexity of intercellular interactions within
clock networks using transcriptome data.

First, | establish a robust statistical framework to derive reliable estimates of rhythmic
properties, specifically mesor, amplitude and phase, using an empirical Bayes approach. These
estimates will serve as fundamental building blocks to assess rhyhnmcicircadian
transcriptome datasets, particularly those involving a single experimental condition. Then, |
expand this statistical framework for differential rhythmicity, while concurrently quantifying
measures of uncertainty. This framework will belaggpto circadian transcriptome datasets having
two or more conditions. | illustrate the utility of this framework with several applications,
including a method for unbiased feature selection based on circadian parameters. Finally, |
illustrate the utilityof largescale analyses of publicly available circadian transcriptome datasets
by exploring its application in investigating sex inclusion practices for generating transcriptome
data. Here, | show that comprehensive collections of circadian data fadditgéscale genomic
analyses in multiple tissues, a valuable resource to study circadian systemic organization, develop

innovative metrics, and test key hypotheses
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Chapter 2

LimoRhyde2: genomic analysis of biological rhythms based on effect sizes

Current approaches for evaluating rhythmicity primarily concentrate on quantifying
statistical significance, which may not always align with biological relevance. To address this
limitation, we developed a statistical framework called LimoRhyde2 (succtssbe method
LimoRhyde, or Linear Models for Rhythmicity Design). LimoRhyde2 takes a novel approach to
rhythmicity analyses by focusing on rhythrelated effect sizes and their associated uncertainty.
For each genomic feature, LimoRhyde2 fits a curviegua series of linear models based on
periodic splines, moderates the fits using an Empirical Bayes approach called multivariate adaptive
shrinkage (Mash), then uses the moderated fits to calculate rhythm statistics suchiadrpegk
amplitude. The eriodic splines capture nesinusoidal rhythmicity, while Mash uses patterns in
the data to account for different fits having
utility, we applied it to multiple circadian transcriptome datasets amdigisits implications for
biological relevanceResultsin this chapter are published as Obodo et al. (2023). Text passages

and figures have been adapted for this thesis.

2.1 Introduction

Current approaches for rhythmicity analysis in genseee data have several limitations.

Some require equally spaced time points or assume that rhythms follow a sinusoidal pattern. Most
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importantly, nearly all methods place a primary emphasis on hypothesis testing, raising at least
two concern$®®° 1) It is rare for the null hypothesis, such as a gene having a legHaitje of

zero, to hold true. Instead, observed biological effects typically span from small to large. 2)
Statistical significance does not inherently indicate a biologically reteesunlt, as the palue
depends on both the estimated effect size and its level of uncertainty.

Instead of calculating-palues, methods can estimate effect sizes for rhythmic properties,
such as amplitude and phase directly. The genomics field has devised multiple methods for
estimating effects, such as log fatange®®>°7X which is now a crucial component of differential
expression analysis. While previous research has applied effect size estimation to biological
rhythms 88, it has not been extended to genesuale data. Additionally, other studies have
incorporated confidence intervals but limited their application to cosinor regression on a small
subset of clock genés

Hence, we designed LimoRhyde2, a novel approach to quantify rhythmicity in genomic
data analyses. LimoRhyde2 integrates with cutédge tools and established practices for
rigorous analysis of genomic experimental d&t&, while building on these tools to model ron
sinusoidal rhythmg2 and provide accurate effect size estimates for quantifying rhythniicity
While previous methods for analyzing rhythmic data primarily aim to address the question "Does
a rhythmic effect exist?", LimoRhyde2 shifts the focus towards the often more pertinent question:
"How strong is the rhythmi cutty, Weeapptiedittovarioos s h o w
circadian transcriptome datasets, comparing its outcomes with those of a previous method. Our
results suggest that LimoRhyde2 has the potential to unlock new insights into biological rhythms

and circadian systems.
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2.2 Methods

LimoRhyde2 is available as an R package at https://limorhyde2.hugheylab.org. Code,
data, and results for this study are available on Figshare

(https://doi.org/10.6084/m9.figshare.22001519).

LimoRhyde2 algorithm

Fit linear models
LimoRhyde2 starts by fitting a linear model to the measurements of each genomic feature
in the dataset (e.g., expression of each genejeBault,in LimoRhyde2, the model terms for time
(e.g., zeitgeber or circadian time) are based on a periodic cubic spline with three internal knots.
Alternatively, the terms for time can be based on sine and cosine components (i.e., cosinor, the
default in LimoRhyle). The model can include additional terms for covariates, e.g., to account for

batch effects, but assumdksamples come from the same condition.

Given a dataset with rows denoting genomic featusas,fenes, proteins) and columns
as measurements (e.g., the expression of each gene), LimoRhyde2 fits a linear model to the set of
measurements for each feature. By default, the model terms for time (e.g., zeitgeber or circadian
time) are based on a periodiabic spline with three internal knots. Alternatively, the terms for
time can be sine and cosine components (i.e., cgsibe model can also include terms for
covariatese.g.,to adjust for bate effects. It's important to note that this model assumes that all

samples originate from the same condition.
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E(Ygi) = Boo + > _ BeiB;(0:)
j=1

whereE (yq.:) is the expected (legransformed) measurement for feattite sample, Ba. are the

unknown coefficients for featurg» is the number of spline knot&; are the periodic spline basis

27Tti
functions with periodr, '~ 7 , andti is the time for samplé LimoRhyde?2 fits the models,

i.e., estimates the coefficients, using limimend, limmavoom 475 or DESeq2®, stateof-the-

art methods for analyzing genomic experiments.

In our initial testing, we noticed that the fitted curves of the periodic spline sometimes
exhibited significant variations depending on the positions of the spline knots, especially for genes
with stronger rhythmic patterns. To circumvent this issue ahdece the robustness of the fits
when the linear model relies on periodic splines (rather than cosinor), LimoRhyde2 employs a
repetitive approach. It repeats the procedure multiple times, fitting a sequence of models for each
feature in which the knot pit®ns are shifted by different amounts. lFeshifted models (default
3), the value of the shift: for modelk is set to

(k—1)-7

dy = ——F—
* m-(n+1)

The overall raw fitls(%: ---) for featured is calculated as

folt,..) = i Z fox(t,..)
k=1

T

where fox(%, ) indicates the expected measurement of featusecording to modet, as a

function of timet and any covariates.
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Moderate model coefficients

LimoRhyde2 proceeds by applying multivariate adaptive shrinkage (Mashinoderate
the model coefficients, thereby obtaining posterior fits. Mash utilizes Empirical Bayes to learn
patterns of similarity among coefficients and to improve coefficient estimates. LimoRhyde2 runs
Mash on the coefficients associated with timedibshifted models. The intercept coefficients, on
the other hand, are not subjected to moderation because the relatively large number of samples in
typical circadian transcriptome experiments results in negligible standard errors for these
coefficients, ad hence, the impact of Mash is minimal. By default, LimoRhyde2 runs Mash with
datadriven covariance matrices, computed through principal component analysis of strong signals
in the data, with the number of principal components aligned with the numisefié knots.
Using the raw estimates and standard errors for each coefficient pertaining to each feature, Mash
calculates corresponding posterior distributions, encompassing posterior means and standard
deviations. Mash's methodology for estimating paster serves as a substitute for the

conventional multiple testing adjustment procedures, such as false discovery rates.

Calculate rhythm statistics
LimoRhyde2 subsequently employs the moderated coefficients (or, if preferred, the raw
coefficients) to compute a range of rhythm statistics. These statistics pertain to the properties of

the fitted curve concerning time between 0 arud each feature:

0 mesor (mean value)
0 peak or maximum value
0 peak phase (time at which the peak value occurs)

0 trough or minimum value
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O«

trough phase (time at which the trough value occurs)

O«

peakto-trough amplitude (peak value minus trough value)

= [ - Bl a

0 root mean square (RMS) amplitude, calculatec}/aTs 0 , Where

Quantify uncertainty

In order to assess uncertainty in the fits, LimoRhyde2 can pull samples from the posterior
distributions computed by Mash. Each posterior sample corresponds to a set of probable model
coefficients for each feature, LimoRhyde2 can then calculate expectslraments of each
feature as a function of time (and potentially any covariates), along with the associated rhythm
statistics. Subsequently, LimoRhyde2 utilizes the derived posterior distributions to compute
metrics like the 90% credible interval (whetleguattailed or highestlensity), which serves as
the Bayesian counterpart to a confidence interval.

Since amplitude estimates are inherently-negative, creating a credible interval based
solely on the amplitudes of posterior samples would typically yield strictly positive results,
suggesting rhythmicity, even when the rhythrfaiat, and the phases of posterior samples exhibit
significant variability. Consequently, LimoRhyde2 addresses this issue by constructing credible
intervals for both peako-trough amplitude and RMS amplitude in a specific manner. It begins by
changing the sigof amplitudes fothose posterior samples whose peak phase deviates more than
7/4 in either direction from the circular mean peak phase (weighted by amplitude). This allows
the credible interval for a rhythm with highly uncertain amplitude to span zero, preventing false

indications of rhythmicity in cases where the amplitude is uairert
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Processing circadian transcriptome data from mice

To analyze microarray data from mouse lung (GSE59396), we used the seeker R package
6 to access and retrieve sample metadata and processed expression data (lllumina) from NCBI
GEO, map probes to Entrez Gene IDand return logtransformed expression values. In the case
of RNA-seq data sourced from mouse liver (GSE67305) and the suprachiasmatic nucleus (SCN)
(GSE72095), we used the seeker package for both metadata retrieval and downloading and
processing of raw reads. Data pregiag included adapter and quality trimming using Trim Galore
8 quality control checks via FastQC and MultiQC, and ¢gewmel count and abundance
guantification based on Ensembl Gene IDs, carried out using salmon and txiffsoithe
transcriptome index for salmon was obtained using refgénie

To prepare data for modeling, we used the plotMDS function from the limma package to
identify and subsequently exclude a single extreme outlier sample from GSE59396. For GSE67305
and GSE72095, we retained only t hbonsadeag &5%es wi
of samples, regardless of time point. To mitigate the occurrence of unrealistically lew log
transformed CPM values and the potential inflation of effect size estimates, for instances where a
samplegene combination yielded zero counts,replace these counts with the minimum of non

zero counts across all samples for that gene.

Quantifying rhythmicity using LimoRhyde2

We ran LimoRhyde2 using three knots (or using a cosinor model where noted), a period of
24 h, and either limm&end (for GSE59396) or limmaom (for GSE67305 and GSE72095).
Where applicable, we calculated 90% eepaded credible intervals based on 2f0sterior

samples.
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Detectingrhythmicity using BooteJTK

To evaluate and compare the performance of a previous method for detecting rhythmicity
in genomic data, we used BooteJTK. We obtained the source code from GitHub
(https://github.com/alanlihutchison/BooteJTK). BooteJTK conducts hypothesis testing to assess
rank-order correlation between a feature's time series and a set of reference waveforms, using
parametric bootstrapping to address measurement uncertainty. We ran BooteJTK using its default
settings, which includes: using a period of 24 hours, generatitgp@Strap resamples of each
gene's time series, treating samples collected 24 hours apart as replicates, and searching for phases
and asymmetries atl®ur intervals spanning from 0 to 22 hours.

For each dataset, we provided BooteJTK with either thetrbogsformed microarray
expression values or the log2(cpm + 1) values for the same gene set used in the analysis with
LimoRhyde2. We adjusted the resultinggglues using the Benjamiochberg (BH)method to
control the false discovery raté To assess the agreement between LimoRhyde2 and BooteJTK
in ranking rhythmic genes, we calculated Cohen's kappa using the irr R pas#tdgenally, to
measure the circular correlation of between t|
the circ.cor2 function from the Directional R package, considering only genes with a BooteJTK

adjustedpr al ue O 0. 2 and deinthe uppeRlD pedcen2 ampl i t u
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2.3 Results

To demonstrate how LimoRhyde2 quantifies rhythmicity, we applied it to transcriptome
datasets from a range of tissues, experimental designs, and measurement techniques (Table 2.1)
84i 86. We used LimoRhyde2 to fieriodic splinebased linear models for each gene (raw fits),
moderate the raw fits using Mash (producing posterior fits), and calculate each gene's rhythm
statistics based on the raw and posterior fitg.(Eil). As expected, the posterior fits tended to
have lower rhythm amplitudes compared to the raw fits. @), and higher standard errors in
the raw fits led to greater amplitude reduction in the posterior fits for many geneS&Fiy In

addition, the periodic splines allowed LimoRhyde2 to ligthms that appeared nemusoidal,

avoiding the occasional poor fit of the cosinor modey).(Ei3).

Table 2.1. Characteristics of the three circadian transcriptome datasets used for validation.

Study Reference | Platform Tissue Interval | Num. of Light-dark
(h) biological regimen
samples

GSES59396 | [127] microarray (lllumina] lung 4 36 LD 12:12
beadchip)

GSE67305 | [128] RNA-seq liver 2 24 LD 12:12
(100 bp singlesnd)

GSE72095 | [129] RNA-seq suprachiasmatiq 4 18 LD 12:12
(100 bppairedend) | nucleus (SCN)
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Figure 2.2. LimoRhyde2 uses raw fits and their standard errors to obtain posterior fits.

(A) Scatterplots of posterior ped&-trough amplitude vs. raw ped&trough amplitude for transcriptome

data from mouse liver (GSE67305), lung (GSE59396), and SCN (GSE7P0@8¥srepresent genesplor
representslogne an st andar d er r Dashedliheintitae y gx&B) Eiexcourseswf f i t
expression of genes (sorted by posterior amplitude) labeled in (A) in the respectiveCiisgaarepresent

fits calculated by LimoRhydeZointsrepresent samples.
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Figure23.Li mo Rh y d e Zbaésed mogel isimore flexible and tends to give higher amplitude
than the cosinor model.

(A) Scatterplots of cosinor posterior pe@ktrough amplitude vs. spline posterior pgakrough
amplitude for each tissue (indicateda). Pointsrepresent geneBashed linesndicate y = x(B)
Time-courses of expression of genes labeled in (A) in the respective tissue (indic@ght).doints
represent sample€urvesrepresent posterior fits for the two models.
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To compare LimoRhyde2 to a prior method for detecting rhythmicity, we analyzed the
same data using BooteJTK a refinement of the popular JTK_CYCL® that accounts for
measurement uncertainty. Like other prior methods, BooteJTK calculatgalaep(an estimate
of the probability that a given featurenst rhythmic) for each genomic feature, which can then
be used for ranking. As LimoRhyde2 does not calculategpl u e s , but instead e
rhythm, a convenient way to use its output to rank genomic features is by posterior amplitude.
Importantly, he raw fits do not account for standard error and are therefore unreliable indicators
of true effect size.

Across the three datasets, we found the adjustedlyes from BooteJTK were only
modestly correlated with the amplitudes from LimoRhyd&g.(2.4A; mean Spearman correlation
0.72). Whereas BooteJTK prioritized monotonic rhythms with high sigrabise but perhaps
relatively low amplitude, LimoRhyde2 prioritized higimplitude rhythms of various shap&sy(
2.4B). Accordingly, the two methods showed relatively weak agreement in thrarikpd genes
in each tissueFig. 2.4L). In contrast, the two methedd phase esti mates were
(mean circular correlation 0.86). The two methods differed markedly in runtime: 2 minutes for
LimoRhyde2 and 73 minutes for BooteJTK (mean per study, LimoRhyde2 ran in parallel on 6
cores, BooteJTK does not runparallel).

As a typical use case, we further analyzed the posterior fits and statistics from LimoRhyde2
for each dataset. Her e, we also wused Li moRh
distributions to quantify uncertainty as 90% credible intervals. As expextedisy fit, such as
that of Nrld1 in the SCN, led to a credible interval for amplitude that spanned-zerd.pA-C).

Consistent with prior work?, most clock genes showed high amplitudes in each tisayeS82),

although some of the highesinplitude genes were tissgpecific Fig. 2.9). Contrary to
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previous findingg”’, the highesamplitude genes tended to be moderately expressed, not the most
highly expressedHig. S83A). Furthermore, among the top 25% of genes by amplitude, the joint
distribution of amplitude and phase, as well as the marginal distribution of phase, differed widely

by tissue Fig. S83B-C) . Overall, these results il lustrate

guantifying rhythmicity.
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Figure 2.4. LimoRhyde2 prioritizes high-amplitude rhythms, compared to BooteJTK.

(A) Scatterplots oflog;o adjusted pvalue calculated by BooteJTK vs. posterior peatrough amplitude
calculated by LimoRhyde2 for each tissue (indicated@t Pointsrepresent genes. Genes towards the top
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are prioritized by BooteJTK, genes to the right are prioritized by LimoRhyd2Time-courses of

expression of genes (indicatedtap) labeled in (A) in the respective tissue (indicatedigtit). Points

represent sample€olors represent relative ranking of the genes according to the two methodses
represent posterior fits calculated by Li moRhyde?2
differences in amplituddC) | nt err at er agreement, arankeg@gresbased i ed b
on LimoRhyde2 posterior amplitude and BooteJT&gi0 adjusted pvalue. Shapeand color represent

tissue.
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Figure 2.5. LimoRhyde2 quantifies uncertainty in rhythmicity using credible intervals.

(A) Time-courses of expression for selected genes (indicatecbloy and attop) in the SCN.Points
represent sample€urvesrepresent fits from 200 draws from the posterior distributi@@)sTime-courses
of expression, wherdines represent posterior means aridlbons represent 90% credible intervals



calculated from the posterior draw€.) Density plots of peako-trough amplitude based on the posterior
draws.Dashed lineindicates 0 amplitudeShaded regionsepresent lower and upper bounds of the 90%
credible intervalsVertical colored linesepresent posterior means of amplitugerizontal colored lines
represent 90% credible interva{®) Amplitudes and corresponding 90% credible intervals for the top 20
genes ranked by amplitude in each tissue (indicategbatColor represents the peak phase

2.4 Discussion

Genomic data have yielded valuable insights into circadian systems and their relevance to
human health, but previous methods for genomic analysis of biological rhythms have multiple
limitations.

Li moRhyde26s p @ ditte@ curvesr, resealting istatistitse and credible
interval® account for uncertainty in the raw estimates and for different patterns of rhythmicity.

This aspect of LimoRhyde2 is enabled by Mash, which uses shrinkage tinébiamation among

genomic feature$’. This shrinkage of the coefficients and their standard errors is distinct from

that applied by limma to residual variances, which in practice have little effect given the relatively

large sample sizes of circadian experiments. Such sharing by Mash meg geddness of fit for

any one genomic feature, but is a wallidated strategy to prevent overfitting and improve
estimates 174 while avoiding the danger that Ast at
overestimated effectsiz8s Fur t her more, Li moRhyde26s approa
both raw amplitude and-yalue, which would require another arbitrary cute®® Thus, in
LimoRhyde2, genomscale data are neither a burden (for multiple testing) nor a curse (of
dimensionality), but rather, an advantage.

Traditionally, efforts to understand the core circadian clock in various species have focused
less on rhythm amplitude than on period and phase. However, the goal of genomic studies is often

not to understand the core clock itself, but rather to deterhunethe clock and daily rhythms
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influence physiology. In this respect, amplitude may be as relevant as period and phase. For
example, a protein whose mRNA shows a rhythm amplitude of 3 log2CPM may be a more
promising target for circadian medicine than one whose mRNA shows an amplituadg 013.

Given the distinct goals of LimoRhyde2 compared to previous metAadde( 2.2, the
relevant differences between the methodsd out
classification (precision, recall, false positive, etc.). Therefore, we opted to analyze real circadian
transcriptome data rather than simulated dathpse generation requires many simplifying
assumptions. Although the true effect sizes in these data are unknown, our results indicate that
LimoRhyde2 efficiently prioritizes lamyeffects that have functional significance in the circadian
system yet would have been underappreciated by methods dependevdloespand statistical

significance.

Table 2.2. Comparison of several methods fogenomescale rhythmicity analysis.

LimoRhyde2 BooteJTK CircaN RAIN dryR
Reference this chapter [116] [22] [135] [81]
Type of inference | effect size hypothesis hypothesis hypothesis model
estimation testing testing testing selection
Type of model nonparametric | nonparametric | parametric nonparametric | parametric
Accounts for non n n - n -
sinusoidal rhythms
Handles unevenly n - n n n
spaced time points
Handles covariates n - - - -
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For example, among the genes ranked considerably higher by LimoRyde2 (amplitude) than
by BooteJTK in the liver were Rgs16, Dhrs9, and Mt2. Rgs16 regulates daily rhythrys atiei
signaling in the SCN and substrate oxidation in hepato&yfésDhrs9 belongs to a set of genes
whose expression forms a robust biomarker of internal circadian time from humarfluib2l
(metallothionein 2) was previously shown in a targeted study to have a dramatic diurnal rhythm
9 Among genes ranked highly by LimoRhyde2 in the lung were Fkbp5 and Adamts4. The former
encodes a negatifeedback regulator of glucocorticoid signaling, which plays an important role
in synchronizing daily rhythms across tissues, while the latterlgck-controlled gene in mouse
cartilage and human corneal endothelial c¥l§. Among genes ranked highly in the SCN were
Nfkbib, which encodes an inhibitor of N6*B si gnal ing and whose expr
microglia by the clock gene Nrldl, and Id1, which may play a role in photic entrainment of the
circadian systerff99

Despite its advantages, LimoRhyde2 still has limitations and opportunities for future
improvements. First, we have only validated LimoRhyde2 for quantifying rhythmicity within a
single condition, not for quantifying differences in rhythmicity between dmmdi. Second,
LimoRhyde2 assumes that the rhythms have a-ggerified period shared by all genomic
features. Although it is possible to run LimoRhyde2 multiple times on the same dataset, varying
the period each time, we recommend instead using a giegta and allowing the periodic spline
to capture nommonotonic (and potentially ultradian) rhythms. As with other methods, the ability
to reliably detect and quantify ultradian rhythms will depend on the sampling interval and the
signatto-noise ratio. hii r d, Li moRhyde?2 assumes t hat eac
Consequently, LimoRhyde2 does not model amplitude decay, although it can model time

dependent trends in meséy.
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Just as prior methods cannot determine what level of adjustedu@ qualifies as
Asignificanto (the conventional | evel of O0.05
magnitude of a given rhythm statistic is biologically meaningful. Such sédikedy vary from one
gene to another anyway, so it remains possible that LimoRhyde2 could deemphasize biologically
meaningful rhythms of low amplitude. When performing follaw computational analyses, we
recommend using the full distribution of a givaatistic rather than drawing artificial cutoffs such
as fArhythmico and fAarrhythmico. As a conveni e
indicate that the core clock genes in wiyghe mouse liver have a median paakrough amplitude
of ~3.3 (bg2CPM in RNAseq). In addition, LimoRhyde2 cannot determine what range of credible
intervals is most biologically relevant. In the current analysis, we elected for simplicity and ranked
genes only by the point estimates of amplitude. Future work canrexpdav credible intervals
should inform followup analyses and experiments. However, no amount of statistical wizardry is
likely to overcome low biological replicabilit?.

By directly estimating biological rhythms and their uncertainty, LimoRhyde2 seeks to shift
the focus of an analysis from detecting statistical significance to interpreting biological relevance.
Although we have so far only validated LimoRhyde2 on bulksiteaptome data, recent work
showed that the same statethe-art methods that underlie LimoRhyde2 are vgelited to
analysis of singkeell RNA-seq data®.. Thus, LimoRhyde2 may provide a basis for using various

genomic techniques to improve our understanding of biological rhythms.
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Chapter 3

Quantifying differential rhythmicity based on effect sizes withLimoRhyde?2

Current methods for assessing differential rhythmicity in gendiaighave focused on
hypothesis testing and model selection, often assuming sinusoidal rhythms. A more appropriate
approach is to estimathfferencesn rhythmic propertiebetween two or more conditions
individually. To address this gap, we extend LimoRhyde2, a method for quantifying rhythmic
effect sizes in genorrgcale data to enable differential rhythmicity analysis. Through extensive
testing, we validate the methéat differential rhyhmicity analysisand showcase its improved

biological interpretation in circadian systems biology.

3.1 Introduction

Genomic analyses have grown increasingly complex as researchers seek to understand
circadian systems and their relevance to human health. Circadian genomic experiments typically
employ timeseries designs spanning one or nixtdour periods, which help to determine
whether a gene exhibits transcriptional rhythms throughout thé2dBlyese experiments often
involve multiple time point replicates, various tissue types, and different conditions or treatment
groups.*®. Notably, genomacale analyses have revealed mechanisms of intercellular
communication in the circadian response to feeéingighlighted drug targets for circadian

medicine!?? and identified rhythmic reprogramming within the genome in response to lifestyle
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based diseaséd These experiments are imperative to unravel distinct circadian mechanisms
and their associatdaological processes.

For these experimentd)ythmicity and differential rhythmicity detecti@nables
circadianrhythmanalyses. While rhythmicity detection identifies genomic rhythms in
experiments where the sole variable of interest is time, differential rhythredjpg to analyze
how gene rhythmeespondo environmental and genetic changdsre specifically, differential
rhythmicity encompasses any changes to rhythm parameters such as amplitude, phase, or both
(i.e.,changes to baseline expression, or mesor, of a riytpene result in differential
expression)Given their distinct goals, statistical methods for detecting rhythmicity in one
condition are iHsuited for detecting differential rhythmicity between conditions, and their
inappropriate use can lead to misinterpretatfofts

Current methodprimarily usestatistical testingo detect differential rhythmicity and
haveintegraedtheir usewith standardgenomic analysipipelines. These methods can be
summarized as either performing model selectidAor hypothesis testintj 50.104.105%q
determine differential rhythmicityBroadly, model selection methods aim to identify sets of
functions that best describe changes between two conditions, while hypothesis testing evaluates
the presence of differential rhythmicityowever, most methods to detect differential
rhythmicity assume that rhythms are sinusoidal, an assumption that previous circadian
transcriptome analyses indicate is widely unf/€8 Similarly, focusing on reporting-yalues
and statistical significance over biological relevance has several limitaffokighile model
selection circumvents some limitations of hypothesis testing, the number of models increases
exponentially with the number of conditions, which complicates interpretation and obscures the

magnitudes of effect® 197 Therefore, although methods to assess differential rhythmicity are
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gaining importance, they still struggle to reliably quantify differential rhythmicity in genomic
analyses.

Differential rhythmicity more likely describehanges to parameters (mesor, amplitude,
andphase) of a periodic variable, which may carry biologically relevant implications on their
own, or in combination. Therefore, a more appropriate approatiffeacential rhythmicity
analysismay be to estimate effect sizes dlifferences in rhythnproperties individuallyWe
introducel LimoRhyde2, a method designed to quantify rhydtetated effect sizes in genome
scale data®”. However, the method has not been applied to analyze differential rhythmicity.
Outside of biological rhythms research, the broader field of genomics has produced multiple
well-validated methods for accurately estimating effeet®’t which has become an important
part of differential expression analysis. Unfortunately, limited options exist for estimating
differential effects related to biological rhythms.

To address this challenge, we extend Li moR
differential rhythmicity in datasets with multiple conditions. For each genomic feature in any two
conditions, LimoRhyde?2 fits curves to each condition and calculateswmiarid differential
rhythm statistics. It then employs an empirical Bayes approach to moderate the fitted curves and
statistics to account for different patterns of effects and noise within and between conditions. In
this chapter we conduct extensive tasj using artificial conditions to validate the method in
di fferent contexts. We alasval-knownmpahess testhge met ho
method for differential rhythmicity. Furthermore, we demonstrate how the method quantifies
differential rhythmicity in various circadian datasets with multiple conditions and showcase how
these new statistics improve biological interpretatitreninvestigatingcircadian systems

biology and circadian medicine.
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3.2 Methods

LimoRhyde2 is available as an R package at https://limorhyde2.hugheylab.org.

LimoRhyde2 algorithm for differential rhythmicity

Linear models

For datasets witltone or moreconditiors, wedescr i bed Li moRhyde26s
guantifying rhythmicity within each conditioi’. Briefly, LimoRhyde2 fits a linear model to each
genomic feature's measurements. By default, it utilizes a periodic cubic spline with four internal
knots (or sine and cosine terms additionally) to represent time (e.g., zeitgeber or circadian time).
LimoRhyde2 then adjusts model coefficients using multivariate adaptive shrinkage, then
calculates rhythm statistics such as amplitude and phase per condition. Here, we describe
additional functionality to quantify differential rhythmicity.

For a dataset containing samples from multiple conditions, the linear model includes terms
for the main effect of each condition and interactions between condition and the time components.

The model for a tw@ondition dataset could be:

E(ygi) = Bgo + Byihi + Z (Bgj+1 - (L= hi) + By j+nt1hi) - Bi(6;)

j=1

whereZ (¥s.i) is the expected (legransformed) measurement for feattiia sample;, B9.i are the

unknown coefficients for featutgr is the number of spline knot&; are the periodic spline basis

27Tt?'_
functions with period-, * 7 , andtiis the time for samplé where’: is an indicator for the
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condition of sample(e.g., O for wildtype and 1 for knockout). LimoRhyde2 then fits the models,

i.e., estimates the coefficients, using stat¢he-art approaches for analyzing genomic data ">

See more details of the LimoRhyde2 algorithnChepter 297,

Calculate rhythm statistics and differential rhythm statistics

LimoRhyde2 then uses the moderated coefficients (or optionally, the raw coefficients) to

calculate rhythm statistics, i.e., properties of the fitted curve with respect to time between 0 and

, of each feature in each condition, as well as the following differential rhythm statistics between

two conditions: and#:

O«

O«

O«

O«

¢

mean mesor (mean value across all conditions)
mean peaito-trough amplitude

mean root mean square (RMS) amplitude with RMS amplitude calculates as

\/i | w—reronta g - [ st

, Where

difference in mesor

T T
circular difference in peak phase (betweehand?)

T T
circular difference in trough phase (betweehand2)

difference in peako-trough amplitude
difference in RMS amplitude
Euclidean distance between polar coordinates corresponding tet(peakgh

amplitude, peak phase)
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w

0 RMS difference in rhythmicity, calculated as

LimoRhyde2 then quantifies uncertainty in the fitted curves per condition, as well as the certain
rhythm and differential rhythm statistics by drawing from the posterior distribution computed by
Mash to determine metrics such as the 90% credible intehvalBayesian equivalent of a

confidence interval.

Processing circadian transcriptome data from mice

We used a microarray dataset from mouse G&3E11923)and RNAseq datasets from
mouse live(GSE143524and mouse SCNGSE72095)To analyze microarray data from mouse
liver (GSE11923)we used the seeker R packd§¢o download the sample metadata and raw
Affymetrix files from NCBI GEO, map probes to Entrez Gene IDsand perform robust muiti
array average (RMA) normalizatid®, which returns log2ransformed expression values. In the
case of RNAseq data from mouse liver (GSE143524) and the suprachiasmatic nucleus (SCN)
(GSE72095), we used the seeker package for both metadata retiogwabading and processing
of raw reads. Processing steps included Trim Galore for adapter and quality trifinkiagtQC
9 and MultiQC? for quality control, and salmo#t and tximport®? for quantifying gendevel
counts and abundances based on Ensembl Gene IDs. We obtained the transcriptome index for

salmon using refgenf.

Quantifying differential rhythmicity using LimoRhyde2

We ran LimoRhyde2 using four knots, a period of 24 h, and Ixtmeral (which is suitable

for microarray data). For GSE143524 and GSE72095, we kept only those genes having counts per
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million (CPM) O 0.5 in at | east 75% of sampl e
unrealistically low logtransformed CPM values and thus artificially inflated effect size estimates,

for each samplgene combination that had zero counts seethe counts to the minimum of the

nonzero counts across all samples for that gene. We then ran LimoRhyde2 using three knots
(fewer than in GSE11923, since samples were acquired at lower temporal resolution), a period of

24 h, and limmavoom (which logtransforms counts for linear modeling). Where applicable, we

calculated 90% equddiled credible intervals based on 200 posterior samples.

Testing LimoRhyde2 Differential Rhythmicity Accuracy

Differential rhythmicity assumes that a gene is rhythmic in at least one condition.

Thereforeto test for differential rhythmicity accuraeye first identified rhythmic genes.

Selecting Rhythmic Genes

To select rhythmic genes werformedhypothesis testingsing LimoRhyde (v1.0.2)
with 4 knots to fit a linear model to each gene based on periodic splines, and then ran limma
(v3.54.1)%* with limma-trend (which is suitable for microarray data) and largely default settings.

We then converted-palues obtained from limma towplues using the Benjamini & Hochberg
method®8. We selected genes havingglues < 0.01.

To select rhythmic genes using amplitude, we ran LimoRhyde2 (v0.1.0) to model
rhythmicity using either 4 knots and limnar@nd (for GSE11923) or 3 knots and limwaom (for
GSE72095). We then calculated mean peak to trough amplitude and mean standadderror
selected genes with peak to trough amplitudes higher than the mean value and mean standard error
less than the mean value.

We usedgenes found in both sets for differential rhythmicity accuracy testing.
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Deriving Null Differential Rhythmicity

To simulate null differential rhythmicity in a dataset without condition groups, we grouped
samples from evenumbered time points dke 'even’conditionand those from oddumbered
time points aghe 'odd' condition. We then conducted differential rhythmicity analysis using

LimoRhyde2

Deriving Artificial Differential Rhythmicity

To introduce artificial differential rhythmicity in a dataset without condition groups, we
established two conditions: 'original' and 'scaled.” The original condition was a subset of the
dataset, filtered for rhythmic genes. Next, we created the scalasetaly adjusting (scaling or
shifting) the sample measurements of each rhythmic gene, aiming to alter the resulting gene
amplitude or phase.

To scale amplitudes, we first randomly setelsicale factors for each gene fromancated
Gaussiandistribution bounded between 0 and We then applied the scale factor dample
measurements using the followif@gmulas We then performed differential rhythmicity analysis

using LimoRhyde2.
>
§ ni= &

y =(S, = )y, +v

8,1 scaled

<

Where® is the mean expression of gefRW f, is the expression of gef@at sampléQ Wy,
is the resulting scaled and meaafjusted expression of geifeat sampléQand wheréY is the

randomly selected scale factor (Aeegative decimal) for geng@
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Bootstrapping Artificial Differential Rhythmicity

To determine LimoRhyde2 accuracy in the presence of uncertaintisedbootstrapping
ona dataset having three replicates per time pbwitowing the method outlined in the previous
section, we generated 'original' and 'scaled’ conditdfesrandomly sampled one replicate per
timepoint in each bootstrap. We randomly sampled replicates separately in each condition and
performed 500 bootstrap resampl&aen, we performed differential rhythmicity analysis using

LimoRhyde2 within each bootstrap and analythe uncertaintyin the resulting estimates

Analyzing Artificial Differential RhythmicityAccuracy

To analyze differential rhythmicitygccuracyin our artificial scenarigswe calculated
predictionaccuracyfor LimoRhyde2 estimategpa mp | antl thedassignestale factorBecause
we artificially derived differential rhythmicity from a real transcriptome dataset, real values for
amplitude were unknowrHowever, wewould assumeeala mp | s td he @ &nction of the
assigned scale factand the original amplitudes estimated using LimoRhydé2refore, we can
calculate annferred ground trutlfior qpa nitpde usingthe following formula:

Aa=Sa — a

g o o
For each geney is the LimoRhyde2 predicted amplitude in tieiginald condition Y is the

assigned scale factor, andis theinferred ground truth.

We calculated the predicted scale factor as:

Whered® and® are the LimoRhyde2 predicted amplitude for dbealedanddriginald

conditions respectively.
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Detecting differential rhythmicity using CircaCompare

As an example of a statistically valid method for detecting differential rhythmicity, we used
the CircaCompare R packagfe CircaCompareests for differentially rhythmicity between two
conditions (and rhythmicity in one condition) using a+liaear parameterization of the cosinor
model. We ran CircaCompare on the log2CPM values calculated by-unoma for GSE143524,
following the identtal strategy for filtering genes and removing zero counts as we did before
running LimoRhyde2. Because CircaCompare is designed to test only one feature at a time, we
adapted the standard CircaCompare analysis for transcriptome data by calculatingathesiid
minimum and maximum -palues of rhythmicity for each gene within the two conditions of
interest. We calculated the adjusted/gbues of amplitude difference considering only genes
having an adjusted minimumyal ue of rhyt hmi of ty h@t ®milci(tiynd
condition) andset the adjustedyalues of amplitude difference for other genes to 1. We calculated
the adjusted {values of phase difference considering only genes having an adjusted maximum p
val ue of rhythmicity O 0.1 (i)addset the adjuseed-ppf r hy
values of amplitude difference for other genes to 1. We calculated the adpystiegg for mesor

difference considering all genes (no requirement for rhythmicity).

Performing gene set analysis using Camera

To identify gene sets enriched for differential rhythmicity, we used the cameraPR function (default
settings) in the limma R package, which takes as input a vector ofwgemestatistics. For
GSE143524, the input was posterior péak r ough a nppolsitteurdeor orgogme s or
LimoRhyde2. We used the C5 Gene Ontology (GO) gene sets from MSi§OB

(https:/lwww.gseansigdb.org/gsea/msigdb), and used the biomaRt R pacdkage map the
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provided human Entrez Gene IDs to Ensembl Gene IDs. We only included gene sets having at

least three genes measured in the dataset.
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3.3 Results

Testing LimoRhyde2 accuracy using artificial differential rhythmicity

To demonstrate how LimoRhyde2 quantifies differential rhythmicity, we applied it to
several transcriptome datdable 3.1). To quantify differential rhythmicity, LimoRhyde2 fits a
periodic splinebased linear models for each gene in each condition, (raw fits), moderate the raw
fits using Mash (producing posterior fiws),
and posterior fits, then calculate differential rhythm statistics for each gene between pairs of

conditions Figure3.1).

Table 3.1 Details of circadian transcriptome datasets used for validation.

Num. of
Interval (h), biological |Light-dark
Study Reference |Platform Tissue Duration (h) samples regimen Conditions
Microarray
(NMumina
GSE11923 |[146] beadchip) [liver 1,48 48 DD 12:12 |Time
RNA-seq
(100 bp
GSE72095 ([128] pairedend) [SCN* 4, 24 18 LD 12:12 |Time
RNA-seq
(150 bp Time, Diet,
GSE143524 ([33] pairedend) [liver 3,24 144 LD 12:12 (Phase

*Suprachiasmatic nucleus (SCN)
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Raw Fit = Samples - Posterior Fit + Samples
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c P |
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4 Calculate differential rhythm statistics

from the posterior fitted curve Calculate Stats Group
. . Differences for each Posterior
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Figure 3.1. LimoRhyde2 procedure for quantifying differential rhythmicity in genomic data.

Given a gene (row) by sample (column) matrixrafasurements possibly from multiple conditiotsi@r

indicates condition),1) LimoRhyde?2 fits a curved@shed graylings t o each genedbds measu
condition.(2) To adjust for noise and uncertainty in the fit, LimoRhyde2 moderates the model coefficients,
yielding a posterior fit golid black line} for each gene in each conditigf3) LimoRhyde2 optionally

calculates % credible intervalblge shadiny for the posterior fitted curvé4) Using the posterior fits,
LimoRhyde2 calculates rhythmatistics €olored text for each gene in each condition and differential
rhythm statistics () for each gene between each
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To understand how LimoRhyde2 quantifies differential rhythmicity, we performed
accuracy testing usinipe circadian transcriptome dataset from Hughes et%alP valuebased
methods mayevaluate accuracy by estimating false positives and false negatives (false
discoveries) when differential rhythmicity for a set of features is kridwn this context, a well
validated method may limit these false discover&milarly, awell-validated estimatiofased
methodmay minimize errobetween predicted values akwown differential rhythmicityeffects
sizes for rhythmic parameters.g.,qamplitude,gphase) including null differential rhythmicity,
which involvesestimatingvalues close to 0 when there is no change in rhythmicity between two
conditions (similar to a true negative). Thus, we test accuracy by calculating deviation between
LimoRhyde2 estimates anground truthsin cases of null andrtificially derived differential
rhythmicity.

To artificially derive differential rhythmicity, we scaled data from Hughes ewvhaére
wild-type mouse liver gene expression was measured via microarrays every hour for 48 hours
(single condition)!%®, Differential rhythmicity assumes that a gene is rhythmic in at least one
condition Thus,we first identified rhythmic genes usipgralue and amplituderiteria, resulting
in a shortened dataset with 660 genes out of the original 1&;&18e3.2A). To create 'original’
and 'scaled' conditions from this dataset, the 'original' data remained unaltered, representing the
initial dataset of rhythmic gene®e g e n e r a tsaldd cantlition such thatresultinggene
amplitudes are scaled up or dowased on a randomly assigned scale fa¢ligufe 3.2B) (see
Methods section for formulas used to scale). We then performed differential rhythmicity analysis

on the two conditionasing LimoRhyde2Kigure3.2B).
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To scale amplitudes in the scaled condition, we randomly selected scale factors from a
truncated normal distribution bounded between 0 and 2, with mean 1.033 and s.d. 0.35 (Fig.
3.3A). Genes with a scale factor of 1 received no amplitude change in the sgadlition, while
genes with scale factors less than 1 and greater than 1 had their amplitudes decreased and
increased respectively (Fig. 3.3B). After performing differential rhythmicity analysis,
Li moRhyde2 tended t o cor raigirtallayd sqaledecanditons, pa mp | i
resulting in similar predicted vs actual @amp
close to 0 (Fig. 3.3C).

To test how well LimoRhyde2 recovered the applied scale factor, we computed a
predicted scale factor as the proportion of predicted values for amplitude between the two
conditions. Once again, LimoRhyde2 consistently predicted values close to the aggdbed s
factor s, resulting in a mean prediction error
amplitudes tended to exhibit slightly larger prediction errors compared to genes with smaller
values. This may result from LimoRhyde2 underweighting prextistior genes with scale
factors greater than 1, since a majority of genes had scale factors close to 1 (Fig, BigB
S8.4BC). Notably, this disparity disappeared when a constant scale factor was applied to all
genes (Fig. S8.4D).

To evaluate the method's performance at various time intervals, we conducted differential
rhythmicity analysis between the original and scaled conditions, additionally at 2h, 3h, 4h, and
6h intervals or resolution. The accuracy of LimoRhyde2 predictiomteteto decrease with
longer intervals, possibly because larger time intervals included fewer samples and introduced
more noise (Fig. 3.3, Fig. S8.4E). However, when comparing gene rankings (based on

amplitude) between 1h resolution and all othermrirdks, genes tended to maintain similar ranks
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across different time intervals. This suggests that LimoRhyde2 may provide comparable

interpretations of the strength of gene rhythms despite variations in sampling intervals (Fig.

3.3G).
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Figure 3.3. LimoRhyde2 predicts artificially derived differential rhythmicity.

(A) Density plot of generated scale factors (one value randomly assigned to each gene) applied to samples
O create
GSE11923(B) Time-courses of expression in the original (top row) aodled(bottom row) conditions

for select genes with scale factors per gene printed fosdakedcondition. Points represent samples.

of al | genes

t
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t

Curves represent LimoRhyde?2 fitted curves of the given t@eScatterplot of thecalculatel (actual)
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ma mp | betweed eriginalanscalecc ondi ti ons vs the Li movwihsglecte®? pr edi
genes labeled in B). Points represent genes. Dashed lines indicat€)-Sgatterplot of the prediction

error (actuatpr edi ct ed @ampl i tude) selsctedgnesdadeiedih B)dDasipdmp | i t
lines indicate y = O(E) Time-courses of expression in the original (top row) andled(bottom row)

conditions for gen®er3 (with associated scale factor) after desampling data at different tinietervals

(leftmost column represent original sampling resolution of 1 h). Points represent samples. Curves represent
LimoRhyde?2 fitted curves of the giventyg&) Tabl e showing mean absolute e
scale factor after running differential rhythmicity analysis at different time inter¢@ls.Interrater
agreement, as quanti fi erdankkye dCaheenress baa,s eado noma rLii nngo
sampled at 1 hriie intervals and consecutively decreasing time intervals.

To determine LimoRhyde2 accuracy in the presence of uncertaatysedootstrapping
on RNA-seq data in which (SCN) tissue were sampled every 4 hours for 24 hours, with three
replicates per time point (GSE72095) First, we used the method described above to create an
6original 6 an dneachbatstam we randomlg setedted ane replicate per time
pointin eachcondition and performed differential rhythmicity analysis with LimoRhyd&2nes
were assigned the same scale factor across all bootftigp3.4A).

We performedb00 bootstrap resamplesor each gene in a bootstrapent, we create a
time course having 1 replicate per time pokg( 3.48-C). Acrossall bootstraps, LimoRhyde2
consistently predicted @ampl it uadrenfereedvdlues cal e
resulting in mean bootstrap prediction errors close to 0 across genes, with roughly 3% of genes
having a mean absolute error (MAE) > (Fig. 3.4D-E, Fig. S85A-B). As expected, LimoRhyde2
tended to produce conservative @amplitude es:¢
consistently above 0. @ftn, t here was Il ittle to no correlat]
and magnitude, with only a few genes showing large prediction errors atrfaghitudes of
pa mp | iFig. $&8B). I addition, genes having variable prediction across bootstraps tended to
benoisier, have larger standard errors across bootstraps and showed similarly large LimeRhyde2
calculated credible intervals after sampling from the posterior distribuki@n 8.4~G, Fig

S8.5B-F). Lastly, most genes had negligible differenioetheir prediction errorsHig. 3.4H).
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Figure 3.4. Determining LimoRhyde2 accuracy in the presence of uncertainty.
(A) Density plot of generated scale factors (one value randomly assigned to each gene) agphed to
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Dataset used is RN&eq data from the suprachiasmatic nucleus (SCN) sampled every 4 h for 24 h, with

three replicates per time point (GSE72098B) Time-courses of expression for geBerbpl(with its
assigned scalfactor) inthe original (left) andgcaled(right) conditions. Points represent samples.vesr
represent LimoRhyde2 posterior fitted curves. Color represents repligaieates (C) Time-courses of
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green). Points represent genes. Dashed lines indicate y = x. Values are averaged over 500 baotstrap run
(EyYScatterplot of mean ogeangmicittulade gpamedii ¢ tuiden ar roorg
(labeled ingreen Points represent genes. Dashed lines indicate y = 0. Values averaged across 500
bootstraps.(F) Time-courses of expression for genes labeled in C). Points represent samples. Lines
represent fitted curves from 500 bootstrdf@.Bo ot st rap @amplitude pminggedi cti o
uncertainty. Points and gray ranges represent mean bootstrap predictiandrtdr s.d. per gene(H)

Hi stogram of bootstrap @amplitude mean absolute e

To quantify null differential rhythmicity, we divided tlgiginal Hughes et affiltered for
rhythmic genesinto two conditions by grouping samples from evermbered and oddumbered
time points for each gen&/e then used LimoRhyde2 to quantify rhythmicity in each condition
and differential rhythmicity between even and odd conditions. Given that this new data had half
the number of samples as the original, we also perform rhythmicity analysisfah tinge-course
(referred t o ason)ttohcempareKigi 35h-B).aAs @xpectednLimoRhyde?2
predicted similar amplitudes between even and
which did not correlate with the original amplitudéi. 3.8C, Fig. S86A). While amplitude
values were similar, we saw differences in the density distributions between even, odd, and original
conditions, suggesting that there might be small but random changes in rhythmicity from dividing
the data into two condition&ig. 3.D).

Perhaps due to standard error increases in the new conditions compared to the original
single one, LimoRhyde2 often calculated slightly different fitted curves for genes between
conditions, likely due to the presence of within condition trends in efféags 8.38-D, Fig.

S86B-C). Furthermorggenes with larger condition differences in standard error showed slightly
larger differences in amplitude, even as changes occurred equally likely in each condition,
supporting the random nature of this differentlajthmicity (Fig. S86D-F). Yet, LimoRhyde2

amplitudes led to similar rank for top genes in both conditions, suggesting that random differential

rhythmicity generatedid not translate into different biological interpretation between conditions
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(Fig. 3.%E). Thus, LimoRhyde2 seems to preserve null differential rhythmicity when there is none
strongly present, even as we expect some random occurrences of differential rhythmicity by

artificially splitting a dataset into two.

Quantifying differential rhythmicity in data from multiple conditions

To illustrate how LimoRhyde2 quantifies differential rhythmicity, we applied it to RNA
seq datehaving multiple conditionsfor which samples were collected every 3 h for 24 h from
livers of control (WT) and hepatocyspecific RevEr b UJERdW doubl e knockout
in a 12h:12h light:dark cycle under ad libitum (AL) or reverse phase feeding {RR®¥¢ used
LimoRhyde2 to obtain raw and posterior fits, calculate rhythm statistics for each gene in each
condition, then calculate differential rhythm statistics for each gene between pairs of conditions
(Fig. 3.9. The posterior fits in each condition tended to show lower amplitudes than did the raw
fitis(Fig.3.6A) . As a result, posterior mampl i Figudes we
3.6B, Spearman correlation 08489 for all six pairwise comparisons between conditions).

To compare the output of LimoRhyde2 with that of a prior method for detecting differential
rhythmicity, we analyzed the dataset using CircaCompare, which uses a cosinor model to calculate
point estimates and-yalues for the difference in mesor, amplitudad phase between a given
pair of condition$°. Because CircaCompare is designed to analyze only one set of measurements
(e.g., for one gene) from only two conditions at a time, we modified its standard workflow to
accommodate multiple testing (see Methods). We compared the methods based on taefo pairs

conditions: (1) WTAL vs. KO-AL and (2) WFAL vs. WT-RPF.
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As expected, the two methods6 esti migtes of
S87A, Spearman correlation 1.00 for both comparisons), since the choice of rhythmicity model
(cosinor or periodic spline) has little effect on the estimated mean value of a gene within each
condition, and LimoRhyde2 does not apply shrinkage to those ceeffiti s . For pa mp |
Li moRhyde26s posterior estimates <corr &ibated h
S87B, Spearman correlation 0.79 and 0.85), buponimoder at el y wi tvdluesCi r ca C
(Fig. 3.7A andFig. S88 Spearman correlation 0.5 and 0. 5"
having the lowestw al ues f or @amplitude according to Ci
rhythms, possibly of low amplitud€ig. 3.7A-B). In contrast, genes having the highest absolute
wampl i tude accor di ng -amplitude; possityhngainesdidalhraythmsh i g h e r
(Fig. 3.3A-B). Furthermore, the two methods showed only modgetement in the tepanked
genes, regardl ess of whet her Ci-vauadCanmsautee 6 s r
point estimates of genes having adjusted @ | u e sFigOB7@)..We safv similar differences
bet ween the two kg 6370 dndFigf 389). Thepehresylte suggest that,
compared to CircaCompare, LimoRhyde2 more effectively captures larger, biologically more

meaningful, differences in rhythmicity between conditions.
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agreement, as quant-irahnkddbgeCobebased, onfabepl ute
and either CircaComparogl10 adjusted yvalue greencircley or CircaCompare estim
among genes having adjusted a | u e or@nhgeltriarigle¥

We then used LimoRhyde2 to explore the dataset in more detail by analyzing distributions of
differential rhythm statistics between \AALL and each of the other three conditions @0, WT-
RPF, or KOBRP F) . Overall, t he di st rin dentered arousd zexd, @a My
and showed no <cl ear boundaries betwedig. Ar hyt
S810A), in contrast to the original analysis based on JTK_CY€&Lkterestingly, genes showing

high amplitudes in WIAL t ended to show negative @amplitu
amplitudes in WTIAL tended t o s how Fig.adsA). tThewdstribgiansipfl i t u d ¢
gpmesor , meanwhi |l e, i ndi cated that RPF had a g
KO (Fig. S810A), although genes showing the highest amplitudes inRAlVTended to show

increased mean expression in Ky, S810B). As previously observed? RPF also induced a
wphase of ~12 h in thousands of genes in both

amplitudes in WYAL (Fig. 3.8 andFig. S810B).

To determine how these perturbations affected biological functions, we performed gene set
analysis on both @mes o-AL aadithe otheatimge Icanditions. &eldiiveet we e 1
to WT-AL, both WT-RPF and KGRPF caused increased mesor (i.e., meanessfn) of many
genes related to oxidative phosphorylation and the ribosome. Consistent with previous findings
3382 for all three comparisons, several4@mked gene sets for decreased amplitude were related
to circadian rhythms (including the genes Arntl, Cryl, and Per3), while-mii@d gene set for
increased amplitude comprised targets of SREBP (including&l&asn, and Pcsk&ig. 3.8,

Fig. 3.8C) . Here we also took advantage of Li moRh)
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(Bayesian analogs to confidence intervals) for posterior fits and for rnythm and differential rhythm
statistics Fig. S811, Fig. S8.12). Overall, these results indicate that LimoRhyde2 can reveal

biologically relevant differences between conditions in rhythmic, gersirake data.
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feeding (RPF) on the mouse liver transcriptome as quantified blyimoRhyde2.

(A) Scatterplots of posterior ped-t r o u g h
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circadian rhythms or SREBP targets) are labeled with distinct shapes and (®)okistograms of
posterior peak @phase f or g€h €3 Posterior Gtsof tmecouesesi | e o f
of expression in each condition for three genes in each of the two gene sets labele@afofa)epresent

gene setsarangefor KEGG circadian rhythms angreenfor SREBP targets)jnes represent posterior
meansribbonsrepresent 90% credible intervals.

3.4 Discussion

As circadiangenomicexperimentgrow in complexity, statistical methods must grow with
them to provide reliable means of interpreting such data. While many methods continue to develop
and improve in this area, their overreliance ewmafues and statistical significance remains a
limitation.

Rhythmicity parameters have long since provided a rich way of characterizing periodic
variables!'3115 and their reliable quantificatidn genomic analysesay further elucidate richer
details about the circadian system, especially about its response to circadian disruption and its
degrees of effects in disea¥e To enable more prescriptive analysis, studies must have ways
beyond mere identification of differential responses. For example, Guan et al performed rich and
powerful bioinformatic analyses of differential rhythms based on intricate tracking of amplitude
changes to genetic and environmental treatments to suggest an importance-cedl cell
communication to circadian function within nearby cell types in the 1ver

Outside of this and a few more studies, our understanding of the significance of rhythmic
gene phase and amplitude in facilitating biological function remains limited. The endogenous
circadian period is of biological origin and has clear relevance acanssls scale$'®'l” Some
indications suggest that phase plays a biologically significant role in establishing systemic
coordination, potentially serving to integrate specific functit$118112 Our understanding of

the potential role of amplitude is less comprehensive. There is evidence supporting amplitude's
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involvement in shaping a rhythriMany diseaseand othedisruptions to the circadian clock can
diminish amplitudes imhythmic genes®312% The role of amplitude may offer insights into the
intricate workings of the system, as compensatory mechanisms might exist to bolster amplitudes
in genes when the clock is disrupted or when diseases induce disturfaites, developing
methods to reliably quantify rhythmic parameters becomes imperative.

Here we present a welhlidated method for extending LimoRhyde2 for differential
rhythmicity anal ysi s. L iowmputR lestirdaéng Gcwvespim eachi d e s
condition as well as distinct parameters defining differential rhythmicity. Although multiple
outputs may make the analysis process arduous in contrast to acitglé (e.g., g-valug,
LimoRhyde enables researchers to investigate differential rhythmicity more completely.
Additionally, it enables estimation of differential rhythmicwythout categorization to interpret
features, therebypreseving information otherwise lost through this process. Lastly,

Li moRhyde26s effect distributions make it eas
into follow-up analytical pipelined?%. While this chapterunderscores the method's focus on
highlighting significant effects for each gene, it's important to note that the concept of differential
rhythmicity can be equally beneficias a distributionThis includes describing correlated patterns

between effects, such as the extent of amplitude reprogramming response observed between
different tissues following a specific treatment.

LimoRhyde2 focuss on quantification, making it challenging to assess and compare
Li moRhyde26s performance through binary <c¢l ass
false positives. Consequently, we chose to analyze actual circadian transcriptome data rather than
simulated data, as the latter typically involves numerous simplifications and assumptions which

may not represent a methodds performance with
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remain unknown, our accuracy testing and validation experiments strongly indicate that
LimoRhyde2 offers advantages in prioritizing effects that might be overlooked by alternative
methods.

By prioritizing large effects in this manner, one can easily generate hypotheses about
important targets by using biologically relevant parameiezs &mplitude and phase). Notably,
in data from Guan et agjenes exhibiting high amplitudes in \WALL often displayed negative
wamplitudes, while genARl twéndedotwo aenphii biutdepo :
suggesting a dynamic, yet directional relationship between amplitude and condition beyond
distinct boundariessuch as"rhythm enhanced” andrfiythm disrupted'suggestedn initial
analyses based on JTK_CYCLE rhythmicity detectfgl Gene sets linked to circadian rhythms,
including weltknown circadian genes like Arntl, Cryllere associated with decreased amplitude
for all three comparisons. A gene set comprising targets of SREBP including genes such as Elovl6,
Fasn, and Pcsk9, fall into the latter group of genes showing low amplitudes AL\W@t positive
pa mp | i t uabraparison® SREBHRs are a family of transcription factors that play a central
role in regulating lipid and cholesterol metabolism in the body. These genes are crucial for
maintaining lipid homeostasis and have significant implications for cardiovascukh laad
overall metabolism, suggesting that their increased rhythmicity in the absence of a functional clock
and in the presence of reverse phase feeding may turn on pathways increasing fatty acid and
cholesterol biosynthesis during its peak phases ofitgct?2

Further more, pomesor distributions for RPF
expression levels compared to KO, although genes with the highest amplitudesAh &fided
to display increased mean expression in the KO condition. In relative teothsyWT-RPF and

KO-RPF led to an increased mesor (mean expression) of several genes related to oxidative
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phosphorylation and the ribosome, processes having known links to the circadian clock and
including COX1, awell-known target of lowdose aspirin for heart attack preventidn This
approach provides a more nuanced analysis of the intricate relationships between rhythmic genes
and their responses to various perturbations.

Despite these advantages, LimoRhyde2 still has limitations and opportunities for future
improvements. First, as is common in methods for analyzing rhythms in genomic measurements,
LimoRhyde2 assumes that the rhythms have assexified period shared bif genomic features
in all conditions. LimoRhyde2 does not model amplitude decay; it assumes that each genomic
featureds rhythm within a given condition is f
of a given (differential) rhythm statistic is bagjically meaningful, and such values likely vary
from one gene to another anyway. Thus, whenever possible, we recommend performing follow
up computational analyses, such as gene set analysis, using the full distribution of a given statistic,
ratherthandtrwi ng arti fici al cutoffs such -rast a@lirrhegd dr
and A raH yt teMWsmhdve thus far only validated LimoRhyde2 on bulk transcriptome data,
and are excited to apply it to other types of circadian genomic data, inctiaimgrom ATAC
seg'?®and GRGseq'?4

Studies use increasingly complex genesvale experiments to address challenging
guestions in circadian biology as evidence of circadian genomic control continues to grow.
Methods used to analyze rhythmicity from these experiments must accommodate tibaaddi
complexity to generate r el e-ssizebased epproach isuasstem n s .
in this direction. By directly estimating rhythmic properties that reflect circadian phenomena,
LimoRhyde2 narrows the gap between statistical analysis bamlogical interpretation. For

example, rhythmic properties can be compared between groups (i.e., cells, tissues, genotypes) in
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an experiment to ultimately assess clock coordination in whole organisms or to identify important
time-dependent genes and potential drug targets. Additionally, by combining important analytical
features (i.e., estimating curves, rhythmic properties, andrtainty calculations) in one method,
LimoRhyde2 can help to standardize rhythmicity analyses and improve reproducibility. With these
advances, LimoRhyde2 can help to expand investigations into biological rhythms and reveal new

insights into the circadrasystems.
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Chapter 4

Rhythmicity analysis of the circadiangene expressiomtlas using LimoRhyde?2

This chapter discusses the circadian gene expression atlas, a widely cited dataset profiling
transcriptional rhythms in 12 mouse organs. Initially focused on discoveringdeatgerhythms,
the dataset revealed the extent of tisspecific gene rhythmity within the circadian system.
Here, we reanalyze this dataset using LimoRhyde2 and identify relationships between tissues
based on rhythm parameters. Our analysis found tigseefic trends in amplitude and phase,
and largely similar trends in mesorsidg sparse principal analysis to summarize major patterns
of rhythmicity within each tissue, and identified biological process associated with circadian
amplitude shared between all tissuBsis included hormone response pathways, raising

guestions about the role of endocrine signaling in the circadian system.

4.1 Introduction

To map connections between the core clockwartusbiological processes, researchers
have invested considerable time studyimgnscriptional rhythmg?134% While informative,
typical circadian studies focus on one or two organaking it hard to investigate largeale
rhythmicity and relationships between tissue clo&®sToovercome this limitationthe circadian
gene expression atlas used microarray to prafdascriptional rhythms id2 different mouse
organs at a high temporal resolution: adrenal gland, aorta, brainstem, brown fat, cerebellum, heart,
hypothalamus, kidney, liver, lung, skeletal muscle, and white fat. Organs were sampled every 2

hours for 48 hourscreating an atlas of mouse biological space and#nEhis dataset remains
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one of the largest publicly availabiesourceso investigate transcriptional circadieggulationat
scale.

The atlas is particularly useful foemonstrahg how genes associatgth tissueclocks.

This understanding aids in deciphering molecular mechanisms behind circadian rhythms and
exploring potential applications in drug development. Consequently, the dataset has received over
1,000 citations and is a standard choice for benchmarking statms@tdabds in circadian genomic
research.

Originally focused on discovery, the dataset aimed to identify large sets of rhythmic
transcripts and their overlap across tissues, revealing that gene rhythmicity tends to be tissue
specific 2. However, it remains unclear the extent to which rhythmic effects differ within the
circadian system at a large scale. Meanwhile within each tissue, it is yet umblehrtissue
specific functions retain highest and lowest amplitude rhythms, and the overt relationships between
circadian parameters across tissues.

Subsequent hypothedimsed analyses on specific tissumeay select individual genes
found to be rhythmic for further investigation this regard feature selection becomes an
important aspect of the discovemased data analysis of atlas data duaitomizethe number of
tissues and features interest In general, feature selection in omics profiling helps to summarize
data for interpretation. For example, feature selection may be used to identify biomarkers, which
can potentially predict outcomes ilinécal medicine*?”12°, In circadian biology, unbiased feature
selection is used to predict internal circadian time in data without time &gkt is not often
considered when selecting features from circadian genomiectimese data. Here-\yalue and

amplitudebased thresholds are typically used to extract features of interest. However, thresholds
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are often arbitrary and feature selection methods present empirical, unbiased, and interpretable
results’=°,

Here, we reanalyze the circadian atlas data using LimoRhyde2 to investigate circadian
parameterand their relationships between tissaad compare findings to the original paper. We
further apply feature selection using sparse principal component analysis (BPSiAmarize
rhythmicity within each tissyavhich mayalsopresent an unbiased form of feature selectfan
Our results show that SPCA may identify motifs of strong, yet correlated gene rhythms, which
may implicate tissuspecific function. Therefore, this mode of analyses may better infer-tissue

specific rhythmsn the transcriptome.

4.2 Methods

Processing mouse circadian transcriptome data

For the mouse circadian atlas data (GSE54650), we used the seeker R package
(https://seeker.hugheylab.org) to download the sample metadata and raw Affymetrix files from
NCBI GEO, map probes to Entrez Gene I@ad perform robust multarray average (RMA)

normalization, which returns logi2ansformed expression valugs®®

Quantifying (differential) rhythmicity using LimoRhyde2

For each tissue of GSE54650, we ran LimoRhyde2 using four knots, a period of 24 h, and
limma-trend (which is suitable for microarray dafd). Where applicable, we calculated 90%

equailtailed credible intervals based on 200 posterior samples.
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Detecting patterns of rhythmicity using sparse principal components

To identify major patterns of rhythmicity, we used the sparse principal components (SPC)
function in the PMA R packagé '3t Each SPC is a lowimensional projection of the data as a
linear combination of a small set of features. The input to the SPC function was a matrix of
expected measurements, based on the posteritwrfégach geneand at timepoints between 0 and
24 h spaced 0.25 h apart. We centered the expected measurements for each gene to have mean
zero. We set the sumabsv parameter (which controls the amount of sparditgntb the orth

parameter (which ensures the left singular vectors are orthogonal to each other) to true.

Performing gene set analysis using Camera

To identify gene sets enriched for differential rhythmicity, we used the cameraPR function
(default settings) in the limma R package, which takes as input a vector eWgenstatistics
64,132 For each tissue, the input was posterior geakough amplitude or posterior mesor from
LimoRhyde2. We used th€2 and C5 Gene Ontology (GO) gene sets from MSigDB
(https://lwww.gseansigdb.org/gsea/msigdb), and used the biomaRt R package to map the
provided human Entrez Gene IDsntwmuse Entrefsene IDs!1%1 We only included gene sets

having at least three genes measured in the dataset.

4.3 Results

Tissue relationships between rhythm parameters
We applied LimoRhyde2 to microarray data from the mouse circadian*atlaswhich

samples were acquired every 2 h for 48 h from various tissues ctypédmice in constant

darkness. We used LimoRhyde2 to fit periodic spbased linear models for each gene (raw fits),
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moderate the raw fits using Mash (producing posterior fits), and calculate each gene's rhythm
statistics based on the raw and posterior fits. The periodic splines allowed LimoRhyde2 to fit
rhythms that were nesinusoidal.

To understand rhythm characteristics and their relationships between tissues, we explored
in detail the posterior statistics calculated by LimoRhyde2. Amplitude marginal distributions were
similar between tissues (Fig.1A). Interestingly, brown adipose and skeletal muscle had larger
mean amplitudes and higher amplitude peaks when compared to liver and kidney, which were
originally reported to have the most significantly rhythmic geifés. .1- Fig. 4.2) 12. On the
other hand, brain tissues: hypothalameerebellum, and brainstem maintained weak rhythms in
both analysesHig. 4.1Fig. 4.2, Fig. S8.13). However, many of the higheshplitude genes were
tissuespecific Fig. 4.3A and Fig. S8.14), and among a broader group of genes, the joint
distribution of amplitude and phase, as well as the marginal distribution of phase, differed widely
among tissuesHg. 4.3A-B, and Fig. S8.14). In particular, certain tissues showed interesting
patterns between amplitude and p mallgreported,ndi c at't
although occurring at different modes of phasig.(4.3A-B, Fig. S8.14). For example, adrenal
gland and skel et al muscl eds highest amplitude
and dusk respectively, while highest amplitude genes in white adipose occurred at both phases. In
contrast, the liver tended to ratahythmicity throughout the circadian perioBid. 4.3A-B).
Furthermore, contrary to previous findings 47, the highasgtlitude genes tended to be

moderately expressed, trthe most highly expressefig. 4.3C).

12



>

<>
_<>_
_<>_
_<>_
_<>_
——
—<>—
_<>_
—<>_

-2
-3
4 2, X % S,
) Q Z, %, (o7 S, 9
% Y o 4 % Y %, o 4 & % %
e %, By N, By B % % B Y, Y %
/é’b % P, * > © ¥ 2 - %, ’b% %o

B C

1.5+ 1.00

Tissue 0.75+ 4
issue

1.0 D kidney
2 2 | D brainstem
@ [ ] iver @
& @ 0-501 cerebellum
© ©

D adrenal gland
D hypothalamus
0.5 D skeletal muscle
0.25 A
0.0 1 0.00 -
3 -2 -1 0 1 3 2 -1 0
Log10(Amplitude) Log10(Amplitude)

Figure 4.1. Amplitude distributions based on LimoRhyde2 posterior statistics differed from original
atlas analysis.

(A) Violin plots showing logtransformed amplitudes {gxis) of genes in each tissuedxis).(B-C)
Density plot of amplitudes in 4 tissues (B) and 3 brain tissues (C) afténalagformation. Color
represents tissue.
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Figure 4.2. Distributions of amplitude varied across tissues.

(A-B). Histograms of logransformed amplitude in 4 tissues (D) and 3 brain tissues (E). Color represents
tissue.
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Figure 4.3. Patterns of rhythmicity based on LimoRhyde2 posterior statistics.

Scatterplots ofA) peakto-trough amplitude vs. peak phase and peetkough amplitude vs. mes¢t)

for genes in each tissue (indicated at top). Points represent ¢@nelsstograms of peak phase. All plots

include only the top 25% of genes based on amplitude.
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gland ¢op) and liver potton). Each curve is centered to have mean z@pl oading scores of genes

having nonzero loadings for SPC1 in the adrenal gland. Color represents the loading sign.

Sparse Principal Component Analysis

To further elucidate relationships between circadian parameters and to identify major
patterns of rhythmicity and key genes in each tissue, we used the posterior fits to calculate sparse
principal components (SPCs) 131. The SPCs summarized the majonpattehythmicity by
constructing fipseudogeneso from all features.
phase, SPC patterns of rhythmicity varied widely between tissues (Fig 4.4A, Fig S8.15). However,
SPC 1 was sinusoidal for all but twosties (adrenal gland and skeletal muscle) (Fig S8.15).
Interestingly, SPC1 for these two tissues showed similassimarsoidal rhythms having amplitude
decay over the circadian period (Fig 4.4A, Fig S8.15). The SPCs combined explained more than
45% of variace in the patterns of rhythmicity within each tissue and explained more than 60% of
variance in 7 tissues with our specified parameters (Fig 4.4B, Fig S8.16).

Regularization within the SPC algorithm allowed for feature selection, and features
contributing to each SPC showed similar rhythms (Fig 44€ig S8.17). SPC 1 had genes with
the most comparable rhythms in all tissues and had almost identical gemagyttine adrenal
gland, skeletal muscle, white adipose and liver (Fig 4.4D, Fig S8.17). Across all tissues and SPCs,
selected genes with the same loading signs often had similar shapes and phases, suggesting motifs
or perhaps correlated patterns of expi@s (Fig 4.4D). For example, 4 topnked genes selected
for SPC 1 in adrenal gland are serine protease inhibitors (Fig 4.4E).

To determine the comparative biological relevance of features selection using SPCA, we

compared amplitudeanked genes to SPC selected genes in each tissue. Top ampalitkee
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genes tended to be tisssecific, so we did not expect significant overlap between tissues. Yet,

as expected, top 20 genes selected by amplitude often contained most, if not all core clock genes
(Fig 4.5A, Fig S8.18). Consistent with prior work 46, tloeecclock genes tended to have high
amplitudes and each core clock gene tended to show a similar phase in each tissue (Fig 4.5B, Fig
S8.19). Similarly, clock genes often had high loading scores and were among features selected
from SPCA (Fig 4.6A, Fig S 80). Across a broader set of genes, Sefected genes often
overlapped with tofamplituderanked genes, often with the highest overlap occurring within the
first SPC (Fig 4.6B). Additionally, SPC genes often mirrored the joint distribution of amplitude
and phase, as well as the marginal distribution of phase, emphasizing its importance in
summarizing information within key rhythm parameters, more so than ranking by amplitude alone

(Fig 4.7, Fig S8.21).
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Figure 4.7. Sparse principal components select high amplitudgenes
(A) Scatterplots of peato-trough amplitude vs. peak phase for genes in each tissue (indicated at top)
with genes selected by SPCA colored in yellow. Points represent genes.

Gene set enrichment analysis

Given the vast differences between rhythmicity discovered in our reanalysis, we would
expect different biological pathways implicated by rhythmicity per tissue. To understand
biological functions associated with circadian parameters, we performed geserisbment
analysis (GSEA) using camera for amplitude statistics. Only a small number of gensets associated
with amplitude were shared between tissues, with 10 sets shared between all tissues and 17 sets
shared between at least 11 tissues (Fig. 4.8A). Mgsstes retained many tissspecific sets (Fig.

S8.22). As expected, gene sets related to the circadian clock were highly enriched for amplitude
in 11 or more tissues and spanned a large size range (Fig. 4.8B, Fig. S8.23 Fig. S8.24). Outside of

the ciradian clock, gene sets shared between at least 11 tissues were associated with cell activation
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and differentiation, as well as hormone response pathways (Fig. 4.8B, Fig. 4.9, Fig. S8.23Fig.
S8.24). Interestingly, liver, lung, and kidney often had highest mean amplitudes for the hormone
response associated sets, although distributions of amplitugeswelar between all nehbrain
tissues (Fig. 4.10, Fig. S8.25). Phase distributions were not so uniform between tissues or gene
sets (Fig. S8.26Fig. S8.27). However, such strong associations to amplitude suggest an important
feature present in hormonleythms and endocrine signaling throughout all tissues.

To determine if SPC analysis gave representative results of the entire dataset, we performed
GSEA using SPC selected genes and compared statistically significant results with results from
using all genes. Despite having much smaller numbers of significamtiched gene sets, shared
sets were overrepresented in the SPC analyses. Significantly enriched sets from SPC genes had at
least a 50% overlap with significantly enriched sets from all genes in most tissues (Fig. 4.11).
Thus, SPC genes tended to readpte results from all features. However, only a small number
of gene sets were enriched across tissues, with the share of-spesific genesets
disproportionately larger (Fig. 4.12). Similarly, less circadian clock associated gene sets were
enrichedacross tissues (Fig. 4.13). SPC genes often selected gene sets with similar biological
function as its most enriched. For example, SPC1 genes in the lung were primarily associated with
immune response pathways when clustered using hierarchical clusgrgggsting that SPC
analysis is more likely to select genes having a higher degree of rhythmic coordination and/or co
regulation (Fig. S8.28). All in all, our results suggested a high degree of biological relevance to

SPC analysis.
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4.4 Discussion

In this study, we applied LimoRhyde2 teanalyze microarray data from the mouse
circadian atlas. Notably, our posterior statistics revealed tsse@fic variations in amplitude and
phase distributions. Brown adipose and skeletal muscle exhibited larger mean amplitudes, with
peak amplitudestadifferent phases compared to liver and kidney. In contrast, brain tissues
demonstrated weak rhythmicity. Furthermore, we applied sparse principal compoaé#is
(SPQ@) to identify major rhythmicity patterns and key genes in each tissue, uncovegnifgant
tissuespecific variations.

SPCs played a crucial role in summarizing rhythmic patterns and emphasized the
importance of combining both amplitude and phase information. However, the method is not
without its limitations. As SPCA operated by maximizing the variance explained within th
dataset, features selected may not always have direct interpretability to biological function, and
caution must be made when interpreting results from SPCs with poor variance explained scores.
SPCA method used here prioritized linear relationships, huas tay not capture nonlinear
relationships within the data. However, other forms have been developed to overcome this
challenge, and may be further explored. For example, while we chose to use 4 SPCs here to capture
a higher proportion of variance explady other methods may explain higher proportions with
fewer SPCs. The input data here consistetthud-coursespanning 4&ours per gene, functional
PCA may present another alternative although it does not correct for periétfiaithile Circular
(nonlinear) PCA may account for periodicity for longer time cout¥es

Incorporating sparse principal component analysis to genomic rhythmicity profiles served

several purposes, the most important being improved interpretability. SPCA in our analysis
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showed that major patterns of rhythmicity had phases quite different from the proposed bimodal
rhyt hmic Arush hour ¥dVhiethgsohimodaldeak phastioapgpear, it i s s u e
was not often present in the first two SPCs. While interpreting phase histograms may have their
advantages, there is a risk of interpreting genes with low or weak amplitudes. Components from
SPCs captures both amplitude and phase informatioaking it more comprehensive at
interpreting major patterns of rhythmicity at a laigpale.

Similarly, SPCA generates sparse loadings, which means that each principal component is
associated with a subset of genes. This sparsity can make it easier to interpret the biological
meaning of each principal component, as the selected genes are migréolike functionally
related or involved in the same biological processes, making it easier to associate sparse principal
components to biological function. This feature may prove useful in the context of differential
rhythmicity analysis where it increasingly important to identify the most biologically relevant
features associated with the condition of interest. Comparisons between SPCA results between a
control and perturbed conditions may pinpoint most important patterns altered among features and
biological functions. Similarly, during functional analyses, a smaller set of genes selected using
SPCA may increase statistical power to detect significant sets, while also reducing runtimes.
Similarly, due to its nature in explaining patterns over timeC/Akay better model transience
within the circadian cycle, which may be usefar exampleto understand or modify malarial
developmental cycles within a host, to investigate changing photoperiodism, or to optimize crop

yields for photosesitive plants.
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Chapter 5

Sex inclusion in publicly available transcriptome studies of daily rhythms

Biomedical research involving mammals paid less attention to females historically, leading
to concerns that many scientific findings may not adequately generalize to half of the population.
While this issue of gender bias in research has been widely alekdy®aa, its presence within the
field of circadian genomics has not been thoroughly explored. To address this knowledge gap, we
exploited a comprehensive collection of transcriptome studiesaminesex inclusion in studies
on daily rhythms. Most results this chapter are published as Obodo et al. (2023). Text passages

and figures have been adapted for this thesis.

5.1 Introduction

Underrepresentation of females is a persistent problem in biomedsdrch ands
particularly stark among preclinical studies using-haman mammal$®*®3¢ |n addition, many
preclinical studies either do not report the sex of biological samples or do not report results by sex
137 Altogether, this lack of sex inclusion obscures the extent to which research findings generalize
to roughly half the populatiot¥® Recognizing this issue, the US NIH created a policy in 2016 that
requires investigators to factor biological sex into the design, analysis, and reporting of vertebrate
animal and human studies (NE@JD-15-102: Consideration of Sex as a Biological Variaiole

NIH-funded Research).
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Unfortunately, lack of sex inclusion is an issue in circadian research as well. For example,
only 34% of studies on the namsual effects of light in humans have included femét&sEven
more striking, among studies on light and circadian plsagéng in rodents published 19&017,
only 7% included female&'®. The severe underrepresentation of female rodents in circadian
research may be a legacy of early observations of the effects of the estrous cycle and estradiol on
daily rhythms in hamsters, although recent work indicates that female rats are not nadrie vari
than male rats in any neuroscienetated traits'#%143 Encouragingly, there is growing
recognition of the importance of addressing sex bias and investigating sex differences in sleep and
circadian rhythm3%144 Although sleep and circadian research increasingly makes use of genomic

technigues, sex inclusion trends in genomic studies of daily rhythms remain undescribed.

To address this gap, we first assembled a collection of publicly available transcriptome
studies (bulk microarray or RNAeq) from mice, rats, or humans that had samples from at least
three times of day. We downloaded the metadata for each study usiseekter R packag®.
From the metadata, we extracted the organism, tissue, time of day, and biological sex (where
available) of each sample from each study. Where necessary, we obtained information on
biological sex from the published article. For our analysis, we onlydedistudies linked to a
published article, and considered one study as corresponding to one article. We did not filter
studies or samples with respect to genotype,-lifgink cycle, or any other experimental condition.
Altogether, the collection comprisé@@3 studies in mice (7,305 samples), 10 in rats (373 samples),
and 15 in humans (191 subjects). We defined ea

only, male and female (if each sampl ed® sex w:
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pooled tissue from males and females, or if the article stated using both males and females, but

each sampleds sex was not identifiable), or

5.2 Results

We examined sex inclusion by organism (Fig. 5.1A and Table 5.1). In mice, 91 of 123 studies
(74%) included only males, whereas 23 studies (19%) included females, either as female only,
male and female, or mixed. In rats, all nine studies having speoiiethcluded only males. In
humans, sex inclusion was more balanced, as 8 of 15 studies had samples from males and females.
We observed similar trends when analyzing the collection based on numbers of samples (Table
5.2). These results indicate that femades highly underrepresented in mammalian circadian

transcriptome data.

Table 5.1. Sex inclusion within each organism
Organism Sex inclusion N pmids

Mouse Male only 91
Mouse Female only 11
Mouse Male and 6
female
Mouse Mixed 6
Mouse Unspecified 9
Rat Male only 9
Rat Unspecified 1
Human Male only 5
Human Female only 1
Human Male and 8
female
Human Unspecified 1
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Table 5.2. Samples per sex within each organism

Organism  Sex Nsamples N subjects
Mouse Female 1336

Mouse Male 5454

Mouse Mixed 192

Mouse Unspecified 323

Rat Male 357

Rat Unspecified 16

Human Female 51
Human Male 129
Human Unspecified 11

We next examined sex inclusion by organism and tissue (Fig. 5.1B and Table 5.3). In mice,

23 of 44 unique tissues hadmples only from males, whereas 16 tissues had samples in some way

from females (as female only, male and female, or mixed; Table 5.4). Within the liver, by far the

most common tissue, 46 of 60 studies were male only, whereas 5 were female only and 5 were

male and female (Table 5.5) 51,112,18%7. In humans, the most common tissue was blood, for

which 6 of 9 studies included males and females. However, both mouse and human studies

including males and females tended to have more samples (or subjectshdtesnthan from

females (Fig. 5.1C; paired differences of 26.8 + 34.7 samples for mouse and 2.1 + 5.0 subjects for

human).

Table 5.3. Sex inclusion within organism tissues

Organism  Tissue Sexinclusion N pmids

Mouse Scn Male only 3
Mouse Scn Mixed 1
Mouse Adrenal gland Male only 2
Mouse Aorta Male only 2
Mouse Brown adipose Male only 2
Mouse Cartilage Male only 2
Mouse Epidermis Female only 1
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Rat
Rat
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Human
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Human
Human
Human

Human
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Lung
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Skeletal muscle
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White adipose
Adipose

Blood

Blood

Blood

Blood
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Male only
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Table 5.4 Unigue tissues by sex inclusion

Sex inclusion N tissues

Any 44
Male only 23
Female only, male and female, or mixe 16

Table 5.5. Studies including each sex in mouse liver

Sex inclusion

N pmids

Male only
Female only

Male and
female
Mixed

Unspecified

46
5
5
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We also examined sex inclusion trends over time, based on the publication gaah of

studyobs

corresponding

ar ti

cl

e

(Fig.

5.

land

T atl

number of studies has increased, the representation of females has remained low and roughly

constant since 2011. Although the proportion of raally studies appears slightly lower since

2021, whether this is noise, or a sustained trend remains to be seen.

Table 5.6. Sex inclusion from 20006 2022

Year Sex inclusion N pmids

2005 Male only

2006 Male only

2007 Male only

2007 Unspecified
2008 Male only

2009 Male only

2009 Male and female
2010 Male only

2011 Male only

2012 Male only

2012 Female only
2012 Male and female
2012 Mixed

2012 Unspecified
2013 Maleonly

2013 Male and female
2014 Male only

2014 Female only
2014 Male and female
2015 Male only

2015 Female only
2016 Male only

2016 Male and female
2017 Male only

2017 Female only
2017 Male and female
2017 Unspecified
2018 Male only
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2018 Female only
2018 Male and female
2018 Unspecified
2019 Male only

2019 Female only
2019 Male and female
2019 Unspecified
2020 Male only

2020 Unspecified
2021 Male only 1
2021 Female only
2021 Male and female
2021 Mixed

2021 Unspecified
2022 Male only

2022 Male and female
2022 Mixed

2022 Unspecified
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To explore these results further, we examined the articles for studies published-in 2021
2022, which revealed three main findings. First, most studies whose sex inclusion status was male
only or female only did not mention a justification. Second, the wegeesentation of females in
transcriptome experiments was concordant with that of other experiments. Third, of the nine

studies that included males and females for any experiment, two reported result3*by*&ex

5.3 Discussion

Although the collection of studies we examined here is extensive, it is not exhaustive. First,
it includes only transcriptome studies, not studies based on other genomic techniques, which are

relatively less common and often performed on the same orisgaitgples. Second, the collection
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only includes studies in which time of day was an experimental variable, and thus excludes studies
based on tissue from postmortem human donors, where information on time of day of death has
revealed daily variation in gene expression and where donorbemagre sesalanced??149.150

Third, the collection does not include studies from less commonly used vertebrates or from
invertebrated despite the importance of fruit flies to circadian research. Nonetheless, our findings
are consistent with those for biomedical research as a whdldoa circadian phasghifting
experimentg36:140,

Our study highlights the utility of compiling and standardizing the vast amount of publicly
available circadian data, as also recently shown by aametigsis of circadian gene expression in
mouse liver®®1%% Indeed, a secondary finding of our analysis is the predominance of liver as a
tissue source among mouse studies (amid the unsurprising predominance of mice overall).
Although the liver may have somewhat more rhythmic genespaced to other tissuésg, its
current popularity is likely out of proportion to its importance in the mammalian circadian system,
even among peripheral tissues. A similar argument applies to human blood, although here the
primary driver is likely the relative nemvasiveness oflrawing blood from live humans. The
greater representation of females among human studies could be related to IRB approval and
participant recruitment. In any case, recent work on organoids and diurnal rodents may lead to
more species and tissue diversitycircadian datasef§152

Given the few studies and tissues having sufficient data from males and females, we leave
a metaanalysis of sex differences in daily rhythms for future work. Previous work indicates that
some differences, such as those related to development and rejormduety be large, whereas

others may be more subfi&153 To this point, a sekased analysis is not possible for studies

whose s ex i nclusion i s Ami xedo (whether due
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guantification of sex differences or ssgecific rhythms in circadian genomic data will entail not
only proper experimental design but also use of statistically valid methods such as those for
quantifying differential rhythmicity, in order to avoid misénpretatiorf:49.51.52

Importantly, however, the ethical principle of fair representétians we | | as the
policy on sex as a biological variaBleloes not require that all studies be powered to detect sex
differences. Such a requirement could be challenging for circadiamgeexperiments, which
already involve a timeourse, potentially in multiple conditions, on limited budgets. Instead, the
principle and policy require that sex be factored into every step of research, from design to
reporting.

In summary, females remain strongly underrepresented in circadian genomic studies.
Given the duration of funding cycles and peer review, one might not expect the 2016 NIH policy
to have an immediate effect. However, the apparent lack of justificationefesians on sex
inclusion and infrequent reporting of results by sex, even in recent studies, points to an opportunity
for us as a research community to do better. This opportunity seems especially relevant as the field
moves increasingly from bulk to silegcell genomics. Improving sex inclusion could both
i mprove our workoés generalizability and contr

biological sex in daily rhythms.
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Figure 5.1. Sex inclusion in circadian transcriptome studies from mice, rats, and humans.

Each study corresponds to a published arti@e.Barplots of number of studies by organism and sex

inclusion status. The latter is also represented by color, which is consistent throughout théBjdaee.

plotsof number of studies by organism, tissue, and sex inclusion status. SCN indicates the suprachiasmatic
nucl eus. For mouse studies, the fAothero tissue cor
included samples from multiple tissues, lse total counts in (B) could be more ththe counts in (A)C)
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Beeswarm plots of number of samples (per mouse study) and number of subjects (per human study) among
studies whose sex inclusion status was male and female. Each point represents a study. Each horizontal line
represents the mean for that gro{ip) Bar plotof number of studies (from all organisms) by sex inclusion

status and publication year of the corresponding article.
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Chapter 6

Conclusions and Future Directions

In summary, this dissertation aimed to enhance the genomic analysis of circadian rhythms
within genomescale data by introducing a universal approach for rhythmicityd#ferential
rhythmicity based on estimation To achieve this, a robust statistical framework called
LimoRhdye2 was established to obtain reliable estimates of essential rhythmic properties, such as
amplitude and phase and to quantify their uncertainty, through an empirical Bayes approach. These
estmates serve as the foundation for evaluating rhythmicity in circadian transcriptome datasets.

Genomic data have provided invaluable insights into circadian systems and their
significance in human health. However, conventional methods for genomic analysis of biological
rhythms often suffer from limitations, notably an overreliance evalpes and stistical
significance. To address these limitations, this research intrd@ugcevel approach based on the
empirical Bayes method, which aims to improve the analysis of circadian rhythms in genomic
data.

Empirical Bayes approaels have long been used in the analysis of differential expression
analysis often giving improved estimates after model fittingkewise, the empirical Bayes
approach encapsulated withlimoRhyde?2 offers distinct advantages. It provides posterior
estimates, including fitted curves, statistics, and credible intervals, which account for uncertainty
in raw estimates and different rhythmic patterns. The use of shrinkage via Mash allows for

information $iaring among genomic featuresadéng to more reliablestimatesand reducing the
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risk of overfitting. LimoRhyde2's approach also simplifies the analysis process by eliminating the
need to set arbitrary thresholds, thus making gerssate data an advantage rather than a burden.

Furthermore, this dissertation emphasizes the importance of amplitude as a rhythmic
parameteroften underutilized in previous research. While the focus has traditionally been on
period and phase, amplitude is equally relevant in understanding how daily rhythms influence
physiology. The ability to reliably quantify rhythmic parameters is crucial in gnogideeper
insights into the circadian system's response to circadian disruption and its implications in disease.
Moreover, by prioritizing large effectsesearchers can generate hypotheses about important
targets from rhythmicity using biologically relevant parameters like amplitude and phase, rather
than relying on methetlased arbitrary thresholds. To help facilitate gene selection for further
analysis, éature selection may provide an advantage over thresholding, as it easily summarizes
the most important features within the data and alleviates the need to set thresholds in discovery.
Subsequent gene enrichment analysis with these selected featuresldanoyie interpretable
results.

Despite its advantages, LimoRhyde2 is not without limitations. LimoRhyde2's current
framework assumes a fixed rhythm for each feature and does not consider amplitude decay. Future
refinements could involve the incorporation of thhependent trends in mesto capture
variations in amplitude. While the assumption of a sgercified period shared by all genomic
features in all conditions is pragmatic, there is room for enhancement by accommodating non
monotonic rhythms, potentially including ultradian rhyth Ultradian rhythms play a role in
various physiological and behavioral processes, and their study is crucial for understanding the
intricacies of the body's internal timekeeping and regulatory systems. Similarly, automation can

be used to remove reliamon useprovided values for the period as well as the degree of
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nonparametric curves used to accommodate any given rhythm. However, this approach can still
be invaluable for identifying substantial effects that may be overlooked by alternative methods.
Given our underlying hypothesis which posits an intricate link from intracellular circadian
rhythm generation and intercellular interactions within clock networks to transcriptional
regulation, most analyses in this body of work focused on the transceiptionthe future,
LimoRhyde2's application can extend to various types of circadian genomic data, most
importantly, single cell RNAseq data. It is not yet appreciated the role stagletechnologies
may have in elucidating circadian clock network dyr@mRecent since cell RNA sequencing
data revealed heterogeneous but functionally coordinated gene expression signatures between
peptide producing cells, neurons, and-menironal cells within different locations of the SCN, as
well as providing granularpsitiotemporal information supporting heterogenous individuality,
leading to synergy via connectivity and neuropeptidediated signaling within the master
pacemaket®. A single nucleus sequencing experiment in the liver revealed that cellular rhythms
can emerge from intercellular communication between cell types. Hepaspadiic knockout
of genes encoding REERBU an-BRIREVin adult mi ce aeis,t ered
transcripts, and metabolites of neighboring endothelial and Kupffer cells, despite these cells
retaining an intact clock®. Cementing the role of single cell sequencing in informing circadian
transcriptional function, evaluation of cell type specific gene expression rhythms in plants
throughout cell differentiation suggests that circadian clocks regulate the cell cyclenghdy
differentiation process and may play a role in gating developtffentast but not least, genomic
analyses at the single cell level may add granularity to the role of amplitude as a fundamental
circadian parameter, compared to bulk RE&q data, in which quantifying amplitude occurs at

the populatiorevel, leading to péraps averaged rhythmic information per g&fie
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Our studes alsoemphasizé the need to aggregate and standardize the extensive pool of
publicly available circadian data. This becomes evident when considering recent research, such as
a metaanalysis focusing on circadian gene expression in the mouse liver, showing that results
beween studies are often incompatible. Additionally, our analysis highlights a notable trend,
where the liver stands out as the primary source of data in mouse studies, leaving rhythms in other
tissues less documented. Howevers tamphasis on liver data may not always align with its
relative importance within the mammalian circadian system, especially in comparison to other
peripheral tissues. Similarly, to untangle relationships within the circadian network, a compiled
resourcenot unlike that of current databases, but applying several circadian statistical methods,
including LimoRhyde2 to publicly available transcriptome data and standardizing knowledge on
known circadian rhythms on a largeale. Largescale bioinformatics ahges may uncover
critical insights into intetissue coordination and its significance in both normal and perturbed
circadian systems. Unli ke current methods, Lirt
to adjust for batch effects to facilitate cpamisons of rhythmicity parameters between likely
studies such as those between one tissue performed on a similar platform, but in different locations.

Additionally, LimoRhyde2 may have an application in elucidating human circadian
rhythms at the genomic level, as it can model the circadian periodic variable while incorporating
covariatesWhile genomic analyses in mice engender more complex analyses, longer time series,
and direct genotypic and environmental perturbations, genomic analyses in humans often occur
with fewer numbers of people, smaller time sampling, more biological variatrah limited
access to organs. Data sampling from deceased dditemsconsists of a single sample and many
covariates among other things, leading to its own complications. It is possible to discern

populationscale rhythms using single samples collected from numerous dé#8r5¢ however,
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time of sample collection is often left undocumented. To address this challenge, several algorithms
were devised to reconstruct sample sequences, without exact sample collectiGhintés>®
Despite these challenges, genomic analysis of human poptiteinrhythms showed
evidence of rhythmicity in half of the human protemding genome regardless of an individual's
sex, age, or ethnicit}??, while a separate study revealed sex andspegeific stratification of
circadian rhythms in different tissué¥. Li moRhyde26s predecessor
modeled population rhythms using deceased donors, thus providing a foundation in which to use
LimoRhyde2 to learn about rhythmicity characteristics in human genomic population rhythms.
Meanwhile, population level, datach sources such as the WB{obankoffer ways to link

observational outcomes of disease to genetic information and to physiological/diurnal patterns in
sleep and activity, an interesting area to further investigate circadian biBidHy. Lastly,
exciting forms of sampling from body fluids such as blood, saliva, and fecal matter may shed light
on human circadian rhythms in the microbiome. A study investigating the impact of circadian
misalignment (caused by disruptions in sleep and emwiemtal cycles) on oral microbiota
composition in healthy young individuals showed how circadian misalignment significantly alters
oral microbiota composition and functional pathways related to metabolism and immunity. This
has potential implications fondividuals with irregular schedules such as night shift workers and
frequent flyers'®% However, similar challenges with intand intrasubject variability can be
found herée®. Problems of variability can be addressed by statistical modeling with LimoRhyde2.

By directly estimating biological rhythms and their uncertainty, LimoRhyde2 aims to shift the
focus from simply reporting statistical significance to prioritizing biological relevance. This
method can provide a basis for using diverse genomic technigaeid@ace our understanding of

circadian rhythms. As the complexity of genomic data continues to evolve, it is essential that
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statistical methods, like LimoRhyde2, adapt and improve. With these advancements,
investigations into biological rhythms can expand, shedding new light on the intricacies of

circadian systems and their implications.
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log, mean std. error

Figure S8.1

Scatterplots of difference between raw and posterior-peakugh amplitude vs log2 mean standard error

Appendix

log, mean std. error

of the raw fit for genes in eadissue. Points represent genes.
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Posterior peafto-trough amplitudes and corresponding 90% credible intervals for core clock genes in each
tissue. Points represent genes, color represents peak phase for each gene. Dashed lines indicate 0 amplitude.
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Figure S8.3

Scatterplots ofA) peakto-trough amplitude vs. mesor aff) peakto-trough amplitude vs. peak phase
for genes in each tissue (indicated at top). Points represent ¢@nestograms of peak phase. All plots
include only the top 25% of genes based on amplitude.
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Figure 8.4
A) Scatterplot of the actual vs predicted scale factor with 3 labeled genes. Points represent genes. Dashed

lines indicate y = xB) Scatterplot of the scale factor prediction error (actymakdicted scale factor) vs.
predicted scale factor along with genes labeled in A). Points represent genes. Dashed lines indicate y = 0.
C) Time-courses of expression in the original (top row) scaledbottom row) conditions for select genes

with scaledcondition scale factors per gene printed for shaledcondition. Points represent samples.
Curves represent LimoRhyde?2 fitted curves of the given §pS&catterplot of the prediction error (actual
-predicted m@amplitude) vs. predicted m@amplitude al
performing differential rhythmicity analysis with LimoRhydeRerethescaledcondition was created with

a constant scale factor applied to all genes. Points represent genes. Dashed lines indicBjevotirD.

plot showing mean standard error across genes iscdiledcondition at five different time interval§)
Time-courses of expression in the original (top row) aadled(bottom row) conditions for gendpas2

(with associated scale factor) after downsampling data at different time resolutions (leftmost column
represent original sampling resolution of 1 h). Points represent samples. Curves represent LimoRhyde2
fitted curves of the given type.
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