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Chapter 1 

 

1 Introduction 

 

1.1 A brief introduction to circadian biology in mammals 

 

Organisms on Earth exhibit 24-hour 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 organization1ï6. 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 

7,8. In mammals, hormone release, food intake, digestion, immunity, and sleep are important 

functions subject to circadian dynamics 9ï11 and the expression of proteins and gene transcripts are 

subject to circadian regulation 4,12,13. 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 1.  

 Molecular circadian rhythms 

Nevertheless, 24-hour molecular oscillators, commonly referred to as circadian clocks, 

generate these rhythms, and the individual genetic components of these clocks differ amongst 

species 14. Mammalian circadian clocks consist of inter-connected feedback loops of transcription 

https://www.zotero.org/google-docs/?dHScEL
https://www.zotero.org/google-docs/?hEWFib
https://www.zotero.org/google-docs/?5C1eYP
https://www.zotero.org/google-docs/?HZl0Rd
https://www.zotero.org/google-docs/?xYVDkW
https://www.zotero.org/google-docs/?IYZ2W5
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factors whose expression and repression occur within a 24-hour period 13. In mice, core 

components of the clock involve positive elements (Clock and Bmal1) and negative elements 

(Per1,2) and (Cry1,2) 15. In the cytosol, PER and CRY proteins heterodimerize and then re-enter 

the nucleus to repress transcription at E-box 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 of 24-hours, prompting their transcription once again as the cycle 

renews, and providing the basis for circadian oscillations in the cell 16,17. Meanwhile, E-box-driven 

factors Rev-erb-alpha and Ror-alpha repress and promote Bmal1 transcription respectively by 

binding to ROR/REV-ERB Response Element (RRE) in the Bmal1 promoter 18ï20. E-boxes, RREs, 

and D boxes (DBP binding elements) are widely distributed within promoters of 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 phases 21. Remarkably, it is estimated that about 50% of the mouse genome is 

under circadian control 12. 

However, genome-wide 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 clock-controlled genes and may result in differences in rhythmicity across 

tissues 12. Structurally, clocks function to coordinate activity throughout the whole body, and thus 

local tissue specificity may fall within a clock system 22. Thus, we can describe coordination in 

whole body timekeeping as possible emergent properties of this system 22.  

 Tissue-level organization 

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

clock, the Suprachiasmatic nucleus (SCN) within the hypothalamus, which consists of 

https://www.zotero.org/google-docs/?Nq8QX1
https://www.zotero.org/google-docs/?FGGYeC
https://www.zotero.org/google-docs/?JuKBsq
https://www.zotero.org/google-docs/?I6Yg53
https://www.zotero.org/google-docs/?q1uFF1
https://www.zotero.org/google-docs/?laHYlg
https://www.zotero.org/google-docs/?iiBvQ1
https://www.zotero.org/google-docs/?MLZhCS
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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 adjust phases of oscillation to match 

the light cycle. From there, SCN neurons output time of day cues to peripheral clocks through 

communication mechanisms that are not well understood 23. Importantly, SCN neurons 

synchronize spontaneously and therefore maintain their oscillation indefinitely in vitro, whereas 

peripheral clocks display damped oscillations in vitro, likely due to gradual dephasing without 

intercellular communication to other clocks 24ï26. Thus, peripheral clocks (within individual cells) 

may sustain oscillations but depend on signals from the SCN to maintain a coherent phase. These 

signals may include sympathetic and parasympathetic pathways, hormonal rhythms, and 

temperature 23. 

However, growing evidence suggests a more intricate coordination. Peripheral clocks are 

weakly phase-synchronized with the master clock and can coordinate rhythms with other 

peripheral tissues independent of the SCN 27.  While the SCN primarily aligns with the light/dark 

cycle, peripheral clocks strongly respond to feeding and temperature cycles 28. Notably, the feeding 

cycle can uncouple peripheral clocks from the SCN while clock dysfunction in specific tissues, 

like the liver, can lead to shifts in gene rhythms in other tissues 27,29. Strong evidence suggests that 

signals facilitating inter-tissue coordination may be metabolic. Glucose, glucocorticoids, insulin, 

and other common metabolic factors can potentially influence the clock, and it is possible that 

multiple metabolic signals are simultaneously modulating peripheral clocks and tissue rhythms 

30,31.  

Likewise, it is yet unknown how direct and indirect pathways, and their properties enable 

local peripheral tissue rhythms, while also generating whole-body synchrony within the clock 

https://www.zotero.org/google-docs/?5SYC4a
https://www.zotero.org/google-docs/?lckEn6
https://www.zotero.org/google-docs/?BcafIN
https://www.zotero.org/google-docs/?SHJm8R
https://www.zotero.org/google-docs/?omTMtG
https://www.zotero.org/google-docs/?hWvQlm
https://www.zotero.org/google-docs/?JWqsSx


 4 

system 32. The central clock may offer insights into some technical aspects of inter-tissue 

coordination. Genetic perturbations of tissue clocks show a vast genomic reprogramming, which 

may also reveal direct and indirect sources 33ï35.  Such a prevailing hypothesis motivates a 

quantitative understanding of genome-wide circadian rhythms and their changes upon perturbation 

locally or systemically, thereby motivating this body of work. Moreover, circadian inter-tissue 

communication may cause desynchrony during clock disruption, which often occurs during 

disease 10,11,35,36. Specifically, mice studies that knock out and measure rhythmic gene expression 

in individual tissues show significant cell-specific and global effects, suggesting disruptions in 

pathways meant to relay time cues to tissue clocks 27,37,38. 

Importance of genomic analyses to mammalian circadian biology 

 

 Inter-tissue communication 

Ultimately, genome analyses may help to unravel clock coordination, especially between 

peripheral clocks. Transcriptional 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 inter-tissue communication may be inferred from transcriptional rhythms.  A 

study of pancreatic islet alpha and beta-cells showed distinct temporal profiles of insulin- and 

glucagon-producing genes, in vitro and in vivo, while another study shows differential responses 

of insulin and Insulin-like Growth Factor 1 (IGF1) to clock disruption in vitro and in vivo, 

supporting a dominant role for secreted factors in regulating the temporal coordination of 

endocrine-relating functions in mammals 39,40.  Sequencing single nuclei from isolated liver cell 

populations illustrates how clock disruption in hepatocytes changes transcriptional rhythms of 

https://www.zotero.org/google-docs/?SmkyZU
https://www.zotero.org/google-docs/?nL2kEC
https://www.zotero.org/google-docs/?RtVNAL
https://www.zotero.org/google-docs/?0hG0HI
https://www.zotero.org/google-docs/?25js4v
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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 niches 33.  

Additionally, peripheral clocks exert systemic influence on distant counterpartsða 

widening array of tissues release synchronizing factors into circulation, including skeletal muscle, 

intestine, liver, and adipose tissues. RNA-sequencing identified TGF-beta as a candidate for 

paracrine signaling between adjacent cells to transmit timing information between similar cell 

types by directly modifying clock genes in the nucleus of human U-2-OS cells 41. 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 entrainment, synchronization, and 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 

I have described one condition 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. This interplay 

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 cycle in the liver, generating new oscillating 

genes and metabolites, partly due to impairments in CLOCK:BMAL1 chromatin recruitment and 

the cyclic activation of surrogate pathways through PPARɔ. Importantly, this clock 

https://www.zotero.org/google-docs/?HweDF2
https://www.zotero.org/google-docs/?7wYY1e
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reprogramming is primarily caused by the dietary challenge itself and is reversible, not dependent 

on obesity development 42.  

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 regulating processes linked to cancer and 

disrupting it can increase the risk of tumor development. REV-ERB agonists exhibit selective 

lethality against cancer cells and oncogene-induced senescent cells while sparing normal cells. 

These agonists affect various oncogenic drivers 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 glioblastoma cases 43. Statistical approaches 

of particular interest within these contexts often involve analyzing differences in measurements 

between two or more conditions.  

1.2 Recent progress in circadian genomic analysis 

 

Particularly in the context of disease, understanding circadian rhythms at the genomic level 

requires complex time-series 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 spanning one or more circadian periods. This may mean collecting samples 

every 2, 3, or 4 hours over a 24- or 48-hour period. These samples often come from animals either 

synchronized to 12-hour light/12-hour 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 mechanisms 44. The latter condition helps isolate rhythms generated by the 

intrinsic circadian clock (whether the cellular clock or the central clock). A typical circadian 

https://www.zotero.org/google-docs/?aYd680
https://www.zotero.org/google-docs/?sE7Ldd
https://www.zotero.org/google-docs/?QZHA0F
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transcriptome experiment using one tissue with no treatments consists of a time-series with a 

sample typically taken every 4 hours for 24 hours (6 samples) and at least 2 replicates per sample 

45. These time-series 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 calculating p-values and performing statistical significance testing. For 

example, after performing statistical procedures with different criteria(s) to define rhythmicity, a 

method will consider a gene to be rhythmic if its calculated p-value < 0.05. 

 Statistical Methods for Rhythmicity Detection 

A variety of statistical methods exists for this purpose, each with its own advantages and 

disadvantages. Several review papers have provided in-depth review and critique on these methods 

and suggested areas of improvement. In brief, the study by Mei et al. (2021) provided a 

comprehensive evaluation of genome-wide circadian rhythm detection methods and offered 

practical guidelines for researchers.  Mei and colleagues assessed the performance of each 

algorithm using real datasets which included genes with established circadian and non-circadian 

patterns and conducted extensive simulation test to explore how factors such as sampling patterns, 

replicates, waveform shapes, signal-to-noise ratios (SNRs), uneven sampling intervals, and 

missing data, influenced the performance of each method 46. Laloum and Robinson-Rechavi 

(2020) provided another systematic evaluation and underscored that existing methods for 

identifying rhythmic gene expression are most applicable when dealing with robust and clearly 

defined circadian signals since using methods to detect subtle or weak circadian rhythms did not 

yield meaningful results. The study emphasized the importance of selecting appropriate analytical 

tools in circadian rhythm investigations, considering the strength and specific characteristics of the 

circadian signals under scrutiny 47. 

https://www.zotero.org/google-docs/?HrboYS
https://www.zotero.org/google-docs/?jEsxbe
https://www.zotero.org/google-docs/?j2Ovar
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 Statistical Methods for Differential rhythmicity 

When conducting genome-wide investigations of mRNA 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 distinct genotypes, collectively 

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 transcripts, often referred to as the "differential rhythmicity problem." 

While rhythmicity detection requires time-series transcriptome data in which the only 

condition of interest is time, detecting differential rhythmicity often involves adding treatments or 

conditions and requires interpretation of how a gene rhythm interacts with the treatment variable. 

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, and disadvantages. I 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 it is computationally intensive, a potential 

limitation when working with large datasets or performing high-resolution analyses 48. 

LimoRhyde, is a flexible approach that easily incorporates into standard pipelines for 

transcriptomic analyses, making it suitable for a wide range of applications. LimoRhydeôs non-

parametric modeling approach handles complex experimental designs and rhythms of various 

shapes 49. However, it does not provide effect sizes or p-values 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
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parameters: midline estimating statistic of rhythm (mesor), amplitude, and phase of circadian 

rhythms. However, it only models sinusoidal rhythms, only maps differences between two groups, 

and cannot model additional complexity in experimental design 50. dryR is a model selection 

method which models gene expression data using sinusoidal curves and then compares rhythmicity 

between different conditions using model selection. The central concept is that a geneôs 

rhythmicity characteristics, such as amplitude and phase, can be shared among more than one 

condition, leading to a combinatorial set of potential models for each gene depending on the 

number of conditions compared. The model then statistically tests the set of models and 

probabilistically assigns each gene to one of these models 51. Similar to dryR, compareRhythms 

applies several different sinusoidal models based on four categories of differential rhythmicity and 

uses amplitude and model selection-based cutoffs to choose the correct category of change. This 

aims to addresses potential overestimation of differential rhythmicity, a common issue in 

differential rhythmicity analysis 52. However, this conservative approach may potentially omit true 

differential rhythmicity. 

1.3 Current challenges 

 

Most of these existing 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 their rhythm characteristics such 

as period, amplitude, phase, and mesor. These parameters are biologically relevant for rhythmic 

features, potentially offering a more descriptive means of comparing features, quantifying their 

strengths as effects, and identifying their contributors. Nevertheless, most rhythmicity detection 

methods do not directly compute rhythms; instead, they calculate p-values based on sinusoidal 

https://www.zotero.org/google-docs/?nk5qav
https://www.zotero.org/google-docs/?PpAmEC
https://www.zotero.org/google-docs/?1dEZKP
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curve-modeling, which is limiting in its assumptions. Other methods compute p-values through 

non-parametric statistical tests, thus addressing various types of experimental design challenges, 

but cannot adequately demonstrate a rhythm 46. Consequently, there is 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 disruption  53. Amplitude 

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 demonstrating temporally coordinated expression using 

phase, has gone relatively underutilized in the field despite its potential to resolve temporal 

organization among biological functions 54. 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 often not statistically rigorous. Furthermore, 

most methods suffer from fitting sinusoidal-based models, which do not scale with complexity in 

rhythmicity design 52. CircaCompare, dryR, and compareRhythms are parametric and do not 

properly scale given more than two groups of comparators or added experimental complexity 52. 

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. 

https://www.zotero.org/google-docs/?LBvb1x
https://www.zotero.org/google-docs/?6uwlN8
https://www.zotero.org/google-docs/?iJKkjU
https://www.zotero.org/google-docs/?85CRcG
https://www.zotero.org/google-docs/?Zt62oQ
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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 fold-change to quantify differential expression. 

Differential expression analysis is highly dependent on the effect size of the log-fold-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 component of methods like DESeq2 55  and edgeR 56. 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 for the 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 larger LFCs for further investigation, as these genes may play critical roles in the 

studied biological context 57. Statistical tests such as t-tests 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 of false positives among 

the identified differentially expressed genes 58. A 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 

dependent on sample sizes, as larger sample sizes are typically needed to achieve adequate 

statistical power 59.  

https://www.zotero.org/google-docs/?kxcXcp
https://www.zotero.org/google-docs/?rz1RU3
https://www.zotero.org/google-docs/?i5e2Kc
https://www.zotero.org/google-docs/?BlurJM
https://www.zotero.org/google-docs/?WgEKvR
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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 than p-values, these methods, in the case of rhythmicity analysis, produce 

p-values, define a threshold, and provide a list of ñrhythmic genes''. There are multiple issues in 

this process. 1) Methods typically frame hypothesis testing so as to test for an effect having a null 

hypothesis that the biological effect within the population is 0, yet this null hypothesis is seldom 

true 60. 2) Researchers often overinterpret statistical significance to denote the presence of a 

rhythmic effect, i.e., a gene with a p-value < 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 non-rhythmic. While the former may connote a true statement, the latter certainly 

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 not 0 61. 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 methods. 3) The over-reliance 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 relevance 62. Methods 

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. 4) P-values do not provide 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 

https://www.zotero.org/google-docs/?TmhAQg
https://www.zotero.org/google-docs/?qUJPUd
https://www.zotero.org/google-docs/?0T8N61
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rhythmic genes, they do not necessarily concur on the order of significance among them 47. In 

addition, studies often do not reproduce the number of genes found to be rhythmic 63. Moreover, 

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, p-values for differential rhythmicity alone do not provide informative 

context to the parameters, magnitude, or direction of change, thus hampering interpretation. 

Removing the dependence on statistical significance alone opens a slew of analytical potential 

divorced from dependence on reliably calculating p-values that can primarily prioritize biological 

relevance.  

1.4 New approach and its theoretical backings 

 

 Benefits of estimation over testing 

An alternative to p-values is to directly estimate effect sizes for rhythm parameters such as 

amplitude. Supporting this idea is the observation that rhythmicity is a multi-parametric 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 has become a standard component of differential expression 

analysis. In particular, Bayesian and empirical 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 RNA-Seq Data) employs empirical Bayes 

techniques to borrow information across genes and improve the estimation of gene-specific 

variances 64. One of the primary challenges in analyzing gene expression data is accurately 

https://www.zotero.org/google-docs/?e5EnUM
https://www.zotero.org/google-docs/?91Spur
https://www.zotero.org/google-docs/?JUAC4H
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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 variances toward 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 the inherent variability in the data 64. Similarly, DESeq2 (Differential 

Expression analysis of RNA-Seq data) utilizes empirical Bayes methods in the context of RNA-

seq data analysis, specifically to estimate gene-wise dispersions and for shrinking fold change 

estimates. In addition, DESeq2 relies on empirical Bayes methods to estimate gene-specific 

dispersions, a parameter which represents the variance-to-mean 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 

limited read counts. DESeq2ôs shrinkage technique pulls extreme fold change estimates towards a 

common value, effectively stabilizing the estimates and reducing the influence of outliers 55. 

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 estimate large-scale covariance matrices, often 

to construct various gene network analyses, with application in estimating microbial associations 

in metagenomic microbial sequencing 65,66.  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 et al introduced a Bayesian shrinkage estimation method that allows for varying levels 

https://www.zotero.org/google-docs/?pdclg9
https://www.zotero.org/google-docs/?uUfqOX
https://www.zotero.org/google-docs/?sIENPh
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of shrinkage applied to QTLs based on their effect size, allowing for detection of QTLs with 

different sizes 67. 

It is important to point out that statistical evaluation metrics for studies go beyond p-values. 

While others such as model selection, likelihood testing, and goodness of fit have entered the fray, 

fundamental concepts such as uncertainty (e.g., confidence intervals), effect sizes (e.g., Z-scores, 

Cohenôs d, Bayes factor), etc. should be considered when creating methods to investigate circadian 

rhythms. 

 Previous estimation-based 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 to genome-

scale data. Namely, Wang, Ke, & Brown propose a method that combines random effects and 

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 individual-specific variations and irregularities in the data 68. 

1.5 Statement of Purpose 

 

The purpose for my dissertation is to improve genomic analyses of circadian rhythms 

within genome-scale data by developing a universal approach to rhythmicity and differential 

rhythmicity analysis focused on estimation. My hypothesis is that intracellular circadian 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 profiles for genomic features and effect sizes for their 

https://www.zotero.org/google-docs/?AzeK0I
https://www.zotero.org/google-docs/?N43HIU
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associated rhythmic properties within genome-scale data. From this research, we can assess 

circadian transcriptional regulation and address the complexity of intercellular interactions within 

clock networks using transcriptome data.  

First, I 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 rhythmicity in circadian 

transcriptome datasets, particularly those involving a single experimental condition. Then, I 

expand this statistical framework for differential rhythmicity, while concurrently quantifying 

measures of uncertainty. This framework will be applied to circadian transcriptome datasets having 

two or more conditions. I illustrate the utility of this framework with several applications, 

including a method for unbiased feature selection based on circadian parameters. Finally, I 

illustrate the utility of large-scale analyses of publicly available circadian transcriptome datasets 

by exploring its application in investigating sex inclusion practices for generating transcriptome 

data. Here, I show that comprehensive collections of circadian data facilitate large-scale 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 

 

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 (successor to the method 

LimoRhyde, or Linear Models for Rhythmicity Design). LimoRhyde2 takes a novel approach to 

rhythmicity analyses by focusing on rhythm-related effect sizes and their associated uncertainty.  

For each genomic feature, LimoRhyde2 fits a curve using a 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 such as peak-to-trough 

amplitude. The periodic splines capture non-sinusoidal rhythmicity, while Mash uses patterns in 

the data to account for different fits having different levels of noise. To demonstrate LimoRhyde2ôs 

utility, we applied it to multiple circadian transcriptome datasets and discuss its implications for 

biological relevance. Results in 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 genome-scale 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 concerns 61,69. 1) It is rare for the null hypothesis, such as a gene having a log fold-change of 

zero, to hold true. Instead, observed biological effects typically span from small to large. 2) 

Statistical significance does not inherently indicate a biologically relevant result, as the p-value 

depends on both the estimated effect size and its level of uncertainty. 

Instead of calculating p-values, 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 fold-change 55,70,71, which is now a crucial component of differential 

expression analysis. While previous research has applied effect size estimation to biological 

rhythms 68, it has not been extended to genome-scale data. Additionally, other studies have 

incorporated confidence intervals but limited their application to cosinor regression on a small 

subset of clock genes 72. 

Hence, we designed LimoRhyde2, a novel approach to quantify rhythmicity in genomic 

data analyses. LimoRhyde2 integrates with cutting-edge tools and established practices for 

rigorous analysis of genomic experimental data 48ï50, while building on these tools to model non-

sinusoidal rhythms 73 and provide accurate effect size estimates for quantifying rhythmicity 71,74. 

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 rhythmic effect?". To showcase LimoRhyde2ôs utility, we applied it to various 

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. 

 

https://www.zotero.org/google-docs/?uGWgzD
https://www.zotero.org/google-docs/?Bb3OFP
https://www.zotero.org/google-docs/?k63ut2
https://www.zotero.org/google-docs/?lFazPu
https://www.zotero.org/google-docs/?uHhg2n
https://www.zotero.org/google-docs/?h0SUWy
https://www.zotero.org/google-docs/?oSMgmO
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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 gene). By default, 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 LimoRhyde). The model can include additional terms for covariates, e.g., to account for 

batch effects, but assumes all samples come from the same condition.  

Given a dataset with rows denoting genomic features (e.g., genes, 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 periodic cubic spline with three internal knots. Alternatively, the terms for 

time can be sine and cosine components (i.e., cosinor). The model can also include terms for 

covariates, e.g., to adjust for batch effects. It's important to note that this model assumes that all 

samples originate from the same condition. 
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where  is the expected (log-transformed) measurement for feature  in sample ,  are the 

unknown coefficients for feature ,  is the number of spline knots,  are the periodic spline basis 

functions with period , , and  is the time for sample . LimoRhyde2 fits the models, 

i.e., estimates the coefficients, using limma-trend, limma-voom 64,75, or DESeq2 55, state-of-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 and enhance 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 positions are shifted by different amounts. For  shifted models (default 

3), the value of the shift  for model  is set to 

 

The overall raw fit  for feature  is calculated as 

 

where  indicates the expected measurement of feature  according to model , as a 

function of time  and any covariates. 

https://www.zotero.org/google-docs/?sMtLHV
https://www.zotero.org/google-docs/?iV7xdW
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 Moderate model coefficients 

LimoRhyde2 proceeds by applying multivariate adaptive shrinkage (Mash) 71 to moderate 

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 time for all shifted 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, and hence, the impact of Mash is minimal. By default, LimoRhyde2 runs Mash with 

data-driven covariance matrices, computed through principal component analysis of strong signals 

in the data, with the number of principal components aligned with the number of spline 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 posteriors 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 and  of each feature: 

ǒ mesor (mean value) 

ǒ peak or maximum value 

ǒ peak phase (time at which the peak value occurs) 

ǒ trough or minimum value 

https://www.zotero.org/google-docs/?ZWA1DO
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ǒ trough phase (time at which the trough value occurs) 

ǒ peak-to-trough amplitude (peak value minus trough value) 

ǒ root mean square (RMS) amplitude, calculated as , 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 expected measurements 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 (whether equal-tailed or highest-density), which serves as 

the Bayesian counterpart to a confidence interval. 

Since amplitude estimates are inherently non-negative, creating a credible interval based 

solely on the amplitudes of posterior samples would typically yield strictly positive results, 

suggesting rhythmicity, even when the rhythm is faint, and the phases of posterior samples exhibit 

significant variability. Consequently, LimoRhyde2 addresses this issue by constructing credible 

intervals for both peak-to-trough amplitude and RMS amplitude in a specific manner. It begins by 

changing the sign of amplitudes for those posterior samples whose peak phase deviates more than 

  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 uncertain. 
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 Processing circadian transcriptome data from mice 

To analyze microarray data from mouse lung (GSE59396), we used the seeker R package 

76 to access and retrieve sample metadata and processed expression data (Illumina) from NCBI 

GEO, map probes to Entrez Gene IDs 77 and return log2-transformed 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 processing included adapter and quality trimming using Trim Galore 

78, quality control checks via FastQC and MultiQC, and gene-level count and abundance 

quantification based on Ensembl Gene IDs, carried out using salmon and tximport 78ï82. The 

transcriptome index for salmon was obtained using refgenie 83. 

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 those genes with counts per million (CPM) Ó 0.5 in at least 75% 

of samples, regardless of time point. To mitigate the occurrence of unrealistically low log-

transformed CPM values and the potential inflation of effect size estimates, for instances where a 

sample-gene combination yielded zero counts, we 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 limma-trend (for GSE59396) or limma-voom (for GSE67305 and GSE72095). 

Where applicable, we calculated 90% equal-tailed credible intervals based on 200 posterior 

samples. 

https://www.zotero.org/google-docs/?ozRhcD
https://www.zotero.org/google-docs/?NKUVGN
https://www.zotero.org/google-docs/?zxwEMy
https://www.zotero.org/google-docs/?n82lXS
https://www.zotero.org/google-docs/?I87NPK
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 Detecting rhythmicity 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/alanlhutchison/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, generating 25 bootstrap resamples of each 

gene's time series, treating samples collected 24 hours apart as replicates, and searching for phases 

and asymmetries at 2-hour intervals spanning from 0 to 22 hours. 

For each dataset, we provided BooteJTK with either the log-transformed microarray 

expression values or the log2(cpm + 1) values for the same gene set used in the analysis with 

LimoRhyde2. We adjusted the resulting p-values using the Benjamini-Hochberg (BH) method to 

control the false discovery rate 58. To assess the agreement between LimoRhyde2 and BooteJTK 

in ranking rhythmic genes, we calculated Cohen's kappa using the irr R package. Additionally, to 

measure the circular correlation of between the methodsô phase estimates or each dataset, we used 

the circ.cor2 function from the Directional R package, considering only genes with a BooteJTK 

adjusted p-value Ò 0.2 and a LimoRhyde2 amplitude in the upper 10 percent. 

 

 

 

 

https://www.zotero.org/google-docs/?XwXzGz
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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) 

84ï86. We used LimoRhyde2 to fit periodic spline-based 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 fits (Fig. 2.1). As expected, the posterior fits tended to 

have lower rhythm amplitudes compared to the raw fits (Fig. 2.2), and higher standard errors in 

the raw fits led to greater amplitude reduction in the posterior fits for many genes (Fig. S8.1). In 

addition, the periodic splines allowed LimoRhyde2 to fit rhythms that appeared non-sinusoidal, 

avoiding the occasional poor fit of the cosinor model (Fig. 2.3). 

 

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

Study Reference Platform Tissue Interval 

(h) 

Num. of 

biological 

samples 

Light -dark 

regimen 

GSE59396 [127] microarray (Illumina 

beadchip) 

lung 4 36 LD 12:12 

GSE67305 [128] RNA-seq  

(100 bp single-end) 

liver 2 24 LD 12:12 

GSE72095 [129] RNA-seq  

(100 bp paired-end) 

suprachiasmatic 

nucleus (SCN) 

4 18 LD 12:12 
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Figure 2.1. Schematic overview of LimoRhyde2ôs approach to quantifying rhythmicity.  

1) Given a genomic feature (row) by sample (column) matrix of measurements, LimoRhyde2 fits a curve 

(dashed orange line) based on periodic splines describing how each featureôs measurements change as a 

function of time. 2) To adjust for noise and uncertainty in the fits, LimoRhyde2 uses Mash to moderate the 

model coefficients, yielding a posterior fit (solid green line) for each feature. 3) Using the posterior fits and 

their distributions, LimoRhyde2 calculates rhythm statistics and credible intervals (shaded green line). 
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Figure 2.2. LimoRhyde2 uses raw fits and their standard errors to obtain posterior fits.  

(A) Scatterplots of posterior peak-to-trough amplitude vs. raw peak-to-trough amplitude for transcriptome 

data from mouse liver (GSE67305), lung (GSE59396), and SCN (GSE72095). Points represent genes, color 

represents log2 mean standard error of the geneôs raw fit. Dashed lines indicate y = x. (B) Time-courses of 
expression of genes (sorted by posterior amplitude) labeled in (A) in the respective tissue. Curves represent 

fits calculated by LimoRhyde2. Points represent samples. 
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Figure 2.3. LimoRhyde2ôs spline-based model is more flexible and tends to give higher amplitude 

than the cosinor model.  

(A) Scatterplots of cosinor posterior peak-to-trough amplitude vs. spline posterior peak-to-trough 

amplitude for each tissue (indicated at top). Points represent genes. Dashed lines indicate y = x. (B) 

Time-courses of expression of genes labeled in (A) in the respective tissue (indicated at right). Points 

represent samples. Curves represent 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 87, a refinement of the popular JTK_CYCLE 88 that accounts for 

measurement uncertainty. Like other prior methods, BooteJTK calculates a p-value (an estimate 

of the probability that a given feature is not rhythmic) for each genomic feature, which can then 

be used for ranking. As LimoRhyde2 does not calculate p-values, but instead estimates a geneôs 

rhythm, a convenient way to use its output to rank genomic features is by posterior amplitude. 

Importantly, the raw fits do not account for standard error and are therefore unreliable indicators 

of true effect size.  

Across the three datasets, we found the adjusted p-values from BooteJTK were only 

modestly correlated with the amplitudes from LimoRhyde2 (Fig. 2.4A; mean Spearman correlation 

0.72). Whereas BooteJTK prioritized monotonic rhythms with high signal-to-noise but perhaps 

relatively low amplitude, LimoRhyde2 prioritized high-amplitude rhythms of various shapes (Fig. 

2.4B). Accordingly, the two methods showed relatively weak agreement in the top-ranked genes 

in each tissue (Fig. 2.4C). In contrast, the two methodsô phase estimates were highly correlated 

(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 run in parallel). 

As a typical use case, we further analyzed the posterior fits and statistics from LimoRhyde2 

for each dataset. Here, we also used LimoRhyde2ôs ability to sample from the posterior 

distributions to quantify uncertainty as 90% credible intervals. As expected, a noisy fit, such as 

that of Nr1d1 in the SCN, led to a credible interval for amplitude that spanned zero (Fig. 2.5A-C). 

Consistent with prior work 12, most clock genes showed high amplitudes in each tissue (Fig. S8.2), 

although some of the highest-amplitude genes were tissue-specific (Fig. 2.5D). Contrary to 

https://www.zotero.org/google-docs/?PkIH93
https://www.zotero.org/google-docs/?3HIuFR
https://www.zotero.org/google-docs/?eObv9e
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previous findings 47, the highest-amplitude genes tended to be moderately expressed, not the most 

highly expressed (Fig. S8.3A). 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. S8.3B-C). Overall, these results illustrate the value of LimoRhyde2ôs approach to 

quantifying rhythmicity. 

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

(A) Scatterplots of -log10 adjusted p-value calculated by BooteJTK vs. posterior peak-to-trough amplitude 

calculated by LimoRhyde2 for each tissue (indicated at top). Points represent genes. Genes towards the top 

https://www.zotero.org/google-docs/?c1ZMg9


 31 

are prioritized by BooteJTK, genes to the right are prioritized by LimoRhyde2. (B) Time-courses of 

expression of genes (indicated at top) labeled in (A) in the respective tissue (indicated at right). Points 

represent samples. Colors represent relative ranking of the genes according to the two methods. Curves 

represent posterior fits calculated by LimoRhyde2. Each geneôs expression is centered at zero to highlight 

differences in amplitude. (C) Interrater agreement, as quantified by Cohenôs ə, of top-ranked genes based 

on LimoRhyde2 posterior amplitude and BooteJTK -log10 adjusted p-value. Shape and color represent 

tissue. 

 

 

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

(A) Time-courses of expression for selected genes (indicated by color and at top) in the SCN. Points 
represent samples. Curves represent fits from 200 draws from the posterior distributions. (B) Time-courses 

of expression, where lines represent posterior means and ribbons represent 90% credible intervals 
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calculated from the posterior draws. (C) Density plots of peak-to-trough amplitude based on the posterior 

draws. Dashed line indicates 0 amplitude. Shaded regions represent lower and upper bounds of the 90% 

credible intervals. Vertical colored lines represent posterior means of amplitude. Horizontal colored lines 

represent 90% credible intervals. (D) Amplitudes and corresponding 90% credible intervals for the top 20 

genes ranked by amplitude in each tissue (indicated at top). Color 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. 

LimoRhyde2ôs posterior estimatesðfitted curves, resulting statistics, and credible 

intervalsðaccount for uncertainty in the raw estimates and for different patterns of rhythmicity. 

This aspect of LimoRhyde2 is enabled by Mash, which uses shrinkage to share information among 

genomic features 71. 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 may reduce goodness of fit for 

any one genomic feature, but is a well-validated strategy to prevent overfitting and improve 

estimates 71,74, while avoiding the danger that ñstatistically significantò results can imply 

overestimated effect sizes 89. Furthermore, LimoRhyde2ôs approach bypasses the need to consider 

both raw amplitude and p-value, which would require another arbitrary cutoff 52,89. Thus, in 

LimoRhyde2, genome-scale 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 determine how the clock and daily rhythms 

https://www.zotero.org/google-docs/?4sgqD6
https://www.zotero.org/google-docs/?EPtrRx
https://www.zotero.org/google-docs/?CsRMbu
https://www.zotero.org/google-docs/?clP9MM
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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 amplitude of only 0.3. 

Given the distinct goals of LimoRhyde2 compared to previous methods (Table 2.2), the 

relevant differences between the methodsô output are not quantifiable in terms related to binary 

classification (precision, recall, false positive, etc.). Therefore, we opted to analyze real circadian 

transcriptome data rather than simulated data, whose generation requires many simplifying 

assumptions. Although the true effect sizes in these data are unknown, our results indicate that 

LimoRhyde2 efficiently prioritizes large effects that have functional significance in the circadian 

system yet would have been underappreciated by methods dependent on p-values and statistical 

significance. 

 

Table 2.2. Comparison of several methods for genome-scale rhythmicity analysis. 

 LimoRhyde2 BooteJTK CircaN RAIN  dryR 

Reference this chapter [116] [22] [135] [81] 

Type of inference effect size 

estimation 

hypothesis 

testing 

hypothesis 

testing 

hypothesis 

testing 

model 

selection 

Type of model non-parametric non-parametric parametric non-parametric parametric 

Accounts for non-

sinusoidal rhythms 
ṉ ṉ - ṉ - 

Handles unevenly 

spaced time points 
ṉ - ṉ ṉ ṉ 

Handles covariates ṉ - - - - 

 

 

 

https://paperpile.com/c/qGXtNn/POJS
https://paperpile.com/c/qGXtNn/kIzX
https://paperpile.com/c/qGXtNn/la6s
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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 rhythms of G-protein 

signaling in the SCN and substrate oxidation in hepatocytes 90,91. Dhrs9 belongs to a set of genes 

whose expression forms a robust biomarker of internal circadian time from human blood 92. Mt2 

(metallothionein 2) was previously shown in a targeted study to have a dramatic diurnal rhythm 

93. Among genes ranked highly by LimoRhyde2 in the lung were Fkbp5 and Adamts4. The former 

encodes a negative-feedback regulator of glucocorticoid signaling, which plays an important role 

in synchronizing daily rhythms across tissues, while the latter is a clock-controlled gene in mouse 

cartilage and human corneal endothelial cells 94ï97. Among genes ranked highly in the SCN were 

Nfkbib, which encodes an inhibitor of NF-əB signaling and whose expression is regulated in 

microglia by the clock gene Nr1d1, and Id1, which may play a role in photic entrainment of the 

circadian system 98,99. 

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 conditions. Second, 

LimoRhyde2 assumes that the rhythms have a user-specified 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 single period and allowing the periodic spline 

to capture non-monotonic (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 

signal-to-noise ratio. Third, LimoRhyde2 assumes that each featureôs rhythm is fixed. 

Consequently, LimoRhyde2 does not model amplitude decay, although it can model time-

dependent trends in mesor 100. 

https://www.zotero.org/google-docs/?5M9Pcl
https://www.zotero.org/google-docs/?VqcGEX
https://www.zotero.org/google-docs/?PgJOI3
https://www.zotero.org/google-docs/?9t8Gm9
https://www.zotero.org/google-docs/?wK0WZc
https://www.zotero.org/google-docs/?FtMwu1


 35 

Just as prior methods cannot determine what level of adjusted p-value qualifies as 

ñsignificantò (the conventional level of 0.05 being arbitrary), LimoRhyde2 cannot determine what 

magnitude of a given rhythm statistic is biologically meaningful. Such values likely vary from one 

gene to another anyway, so it remains possible that LimoRhyde2 could deemphasize biologically 

meaningful rhythms of low amplitude. When performing follow-up computational analyses, we 

recommend using the full distribution of a given statistic rather than drawing artificial cutoffs such 

as ñrhythmicò and ñarrhythmicò. As a convenient reference for rhythm amplitudes, our results 

indicate that the core clock genes in wild-type mouse liver have a median peak-to-trough amplitude 

of ~3.3 (log2CPM in RNA-seq). 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 can explore how credible intervals 

should inform follow-up analyses and experiments. However, no amount of statistical wizardry is 

likely to overcome low biological replicability 63. 

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 bulk transcriptome data, recent work 

showed that the same state-of-the-art methods that underlie LimoRhyde2 are well-suited to 

analysis of single-cell RNA-seq data 101. Thus, LimoRhyde2 may provide a basis for using various 

genomic techniques to improve our understanding of biological rhythms. 

  

https://www.zotero.org/google-docs/?TzNMwc
https://www.zotero.org/google-docs/?GPd7nB
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Chapter 3 

 

3 Quantifying differential rhythmicity based on effect sizes with LimoRhyde2 

 

Current methods for assessing differential rhythmicity in genomic data have focused on 

hypothesis testing and model selection, often assuming sinusoidal rhythms. A more appropriate 

approach is to estimate differences in rhythmic properties between two or more conditions 

individually. To address this gap, we extend LimoRhyde2, a method for quantifying rhythmic 

effect sizes in genome-scale data to enable differential rhythmicity analysis. Through extensive 

testing, we validate the method for differential rhythmicity analysis and 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 time-series designs spanning one or more 24-hour periods, which help to determine 

whether a gene exhibits transcriptional rhythms throughout the day 88. These experiments often 

involve multiple time point replicates, various tissue types, and different conditions or treatment 

groups. 45. Notably, genome-scale analyses have revealed mechanisms of intercellular 

communication in the circadian response to feeding 33, highlighted drug targets for circadian 

medicine 102, and identified rhythmic reprogramming within the genome in response to lifestyle-

https://www.zotero.org/google-docs/?nqzj00
https://www.zotero.org/google-docs/?MbsURm
https://www.zotero.org/google-docs/?CQNOn8
https://www.zotero.org/google-docs/?FLE2hH
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based diseases 42. These experiments are imperative to unravel distinct circadian mechanisms 

and their associated biological processes.  

For these experiments, rhythmicity and differential rhythmicity detection enables 

circadian rhythm analyses. While rhythmicity detection identifies genomic rhythms in 

experiments where the sole variable of interest is time, differential rhythmicity helps to analyze 

how gene rhythms respond to environmental and genetic changes. More 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 rhythmic gene result in differential 

expression). Given their distinct goals, statistical methods for detecting rhythmicity in one 

condition are ill-suited for detecting differential rhythmicity between conditions, and their 

inappropriate use can lead to misinterpretation 52,103.  

Current methods primarily use statistical testing to detect differential rhythmicity and 

have integrated their use with standard genomic analysis pipelines. These methods can be 

summarized as either performing model selection 51,52 or hypothesis testing 48ï50,104,105 to 

determine differential rhythmicity. Broadly, model selection methods aim to identify sets of 

functions that best describe changes between two conditions, while hypothesis testing evaluates 

the presence of differential rhythmicity. However, most methods to detect differential 

rhythmicity assume that rhythms are sinusoidal, an assumption that previous circadian 

transcriptome analyses indicate is widely untrue 12,106. Similarly, focusing on reporting p-values 

and statistical significance over biological relevance has several limitations 107. While 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 effects 52,107. Therefore, although methods to assess differential rhythmicity are 

https://www.zotero.org/google-docs/?M596F2
https://www.zotero.org/google-docs/?HMxZZK
https://www.zotero.org/google-docs/?aPnunv
https://www.zotero.org/google-docs/?i3U4oP
https://www.zotero.org/google-docs/?TlrN2f
https://www.zotero.org/google-docs/?dyZqKP
https://www.zotero.org/google-docs/?TlQApv
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gaining importance, they still struggle to reliably quantify differential rhythmicity in genomic 

analyses. 

Differential rhythmicity more likely describes changes to parameters (mesor, amplitude, 

and phase) of a periodic variable, which may carry biologically relevant implications on their 

own, or in combination. Therefore, a more appropriate approach to differential rhythmicity 

analysis may be to estimate effect sizes for differences in rhythm properties individually. We 

introduced LimoRhyde2, a method designed to quantify rhythm-related effect sizes in genome-

scale data 107. 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 effects 55,70,71, 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 LimoRhyde2ôs statistical framework to quantify 

differential rhythmicity in datasets with multiple conditions. For each genomic feature in any two 

conditions, LimoRhyde2 fits curves to each condition and calculates rhythm and 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 testing using artificial conditions to validate the method in 

different contexts. We also compare the methodôs outputs to a well-known hypothesis testing 

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 interpretation when investigating circadian systems 

biology and circadian medicine. 

https://www.zotero.org/google-docs/?Zs11cv
https://www.zotero.org/google-docs/?agyvMS
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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 with one or more conditions, we described LimoRhyde2ôs approach to 

quantifying rhythmicity within each condition 107. 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 two-condition dataset could be: 

 

where  is the expected (log-transformed) measurement for feature  in sample ,  are the 

unknown coefficients for feature ,  is the number of spline knots,  are the periodic spline basis 

functions with period , , and  is the time for sample .  where  is an indicator for the 

https://www.zotero.org/google-docs/?jKBQbI
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condition of sample  (e.g., 0 for wild-type and 1 for knockout). LimoRhyde2 then fits the models, 

i.e., estimates the coefficients, using state-of-the-art approaches for analyzing genomic data 55,64,75. 

See more details of the LimoRhyde2 algorithm in Chapter 2 107. 

 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 : 

ǒ mean mesor (mean value across all conditions) 

ǒ mean peak-to-trough amplitude  

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

, where  

ǒ difference in mesor 

ǒ circular difference in peak phase (between  and ) 

ǒ circular difference in trough phase (between  and ) 

ǒ difference in peak-to-trough amplitude 

ǒ difference in RMS amplitude 

ǒ Euclidean distance between polar coordinates corresponding to (peak-to-trough 

amplitude, peak phase) 

https://www.zotero.org/google-docs/?sJnXJ7
https://www.zotero.org/google-docs/?7WKvnS
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ǒ 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 interval, the Bayesian equivalent of a 

confidence interval. 

 Processing circadian transcriptome data from mice 

We used a microarray dataset from mouse liver (GSE11923), and RNA-seq datasets from 

mouse liver (GSE143524) and mouse SCN (GSE72095). To analyze microarray data from mouse 

liver (GSE11923), we used the seeker R package 76 to download the sample metadata and raw 

Affymetrix files from NCBI GEO, map probes to Entrez Gene IDs 77, and perform robust multi-

array average (RMA) normalization 108, which returns log2-transformed expression values. In the 

case of RNA-seq data from mouse liver (GSE143524) and the suprachiasmatic nucleus (SCN) 

(GSE72095), we used the seeker package for both metadata retrieval, downloading and processing 

of raw reads. Processing steps included Trim Galore for adapter and quality trimming 78, FastQC 

79 and MultiQC 80 for quality control, and salmon 81 and tximport 82 for quantifying gene-level 

counts and abundances based on Ensembl Gene IDs. We obtained the transcriptome index for 

salmon using refgenie 83. 

 Quantifying differential rhythmicity using LimoRhyde2 

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

for microarray data). For GSE143524 and GSE72095, we kept only those genes having counts per 

https://www.zotero.org/google-docs/?Fo5dIX
https://www.zotero.org/google-docs/?eDUkdY
https://www.zotero.org/google-docs/?IPDxZq
https://www.zotero.org/google-docs/?1bZDmG
https://www.zotero.org/google-docs/?UHtOCb
https://www.zotero.org/google-docs/?Bt1KBh
https://www.zotero.org/google-docs/?ffGS2C
https://www.zotero.org/google-docs/?CxLIpc
https://www.zotero.org/google-docs/?fNoMNZ
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million (CPM) Ó 0.5 in at least 75% of samples (irrespective of condition or timepoint). To avoid 

unrealistically low log-transformed CPM values and thus artificially inflated effect size estimates, 

for each sample-gene combination that had zero counts, we set the counts to the minimum of the 

non-zero 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 limma-voom (which log-transforms counts for linear modeling). Where applicable, we 

calculated 90% equal-tailed 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. 

Therefore, to test for differential rhythmicity accuracy we first identified rhythmic genes. 

 Selecting Rhythmic Genes 

To select rhythmic genes we performed hypothesis testing using LimoRhyde (v1.0.2) 49 

with 4 knots to fit a linear model to each gene based on periodic splines, and then ran limma 

(v3.54.1) 64 with limma-trend  (which is suitable for microarray data) and largely default settings. 

We then converted p-values obtained from limma to q-values using the Benjamini & Hochberg 

method 58. We selected genes having q-values < 0.01. 

To select rhythmic genes using amplitude, we ran LimoRhyde2 (v0.1.0) to model 

rhythmicity using either 4 knots and limma-trend (for GSE11923) or 3 knots and limma-voom (for 

GSE72095). We then calculated mean peak to trough amplitude and mean standard error and 

selected genes with peak to trough amplitudes higher than the mean value and mean standard error 

less than the mean value.  

We used genes found in both sets for differential rhythmicity accuracy testing. 

https://www.zotero.org/google-docs/?YAAhAx
https://www.zotero.org/google-docs/?XeqdJY
https://www.zotero.org/google-docs/?1ZBBGF
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 Deriving Null Differential Rhythmicity 

To simulate null differential rhythmicity in a dataset without condition groups, we grouped 

samples from even-numbered time points as the 'even' condition and those from odd-numbered 

time points as the '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 scaled dataset by 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 selected scale factors for each gene from a truncated 

Gaussian distribution bounded between 0 and 2. We then applied the scale factor to sample 

measurements using the following formulas. We then performed differential rhythmicity analysis 

using LimoRhyde2. 

 

     

Where ώ is the mean expression of gene Ὣ, ώȟ is the expression of gene Ὣ at sample Ὥ,  ὣȟ  

is the resulting scaled and mean-adjusted expression of gene Ὣ at sample Ὥ, and where Ὓ is the 

randomly selected scale factor (non-negative decimal) for gene Ὣ.  
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 Bootstrapping Artificial Differential Rhythmicity 

To determine LimoRhyde2 accuracy in the presence of uncertainty, we used bootstrapping 

on a dataset having three replicates per time point. Following the method outlined in the previous 

section, we generated 'original' and 'scaled' conditions. We randomly sampled one replicate per 

timepoint in each bootstrap. We randomly sampled replicates separately in each condition and 

performed 500 bootstrap resamples. Then, we performed differential rhythmicity analysis using 

LimoRhyde2 within each bootstrap and analyzed the uncertainty in the resulting estimates. 

 Analyzing Artificial Differential Rhythmicity Accuracy 

To analyze differential rhythmicity accuracy in our artificial scenarios, we calculated 

prediction accuracy for LimoRhyde2 estimated ȹamplitude and the assigned scale factor. Because 

we artificially derived differential rhythmicity from a real transcriptome dataset, real values for 

amplitude were unknown. However, we would assume real ȹamplitudes to be a function of the 

assigned scale factor and the original amplitudes estimated using LimoRhyde2. Therefore, we can 

calculate an inferred ground truth for ȹamplitude using the following formulas: 

       

For each gene, ὥ is the LimoRhyde2 predicted amplitude in the óoriginalô condition. Ὓ is the 

assigned scale factor, and ῳÁ is the inferred ground truth.   

 

We calculated the predicted scale factor as: 

           

Where ὥ and ὥ are the LimoRhyde2 predicted amplitude for the óscaledô and óoriginalô 

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 package 50. CircaCompare tests for differentially rhythmicity between two 

conditions (and rhythmicity in one condition) using a non-linear parameterization of the cosinor 

model. We ran CircaCompare on the log2CPM values calculated by limma-voom for GSE143524, 

following the identical 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 calculating the BH-adjusted 

minimum and maximum p-values of rhythmicity for each gene within the two conditions of 

interest. We calculated the adjusted p-values of amplitude difference considering only genes 

having an adjusted minimum p-value of rhythmicity Ò 0.1 (indicative of rhythmicity in Ó 1 

condition) and set the adjusted p-values of amplitude difference for other genes to 1. We calculated 

the adjusted p-values of phase difference considering only genes having an adjusted maximum p-

value of rhythmicity Ò 0.1 (indicative of rhythmicity in both conditions) and set the adjusted p-

values of amplitude difference for other genes to 1. We calculated the adjusted p-values 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 of gene-wise statistics. For 

GSE143524, the input was posterior peak-to-trough ȹamplitude or posterior ȹmesor from 

LimoRhyde2. We used the C5 Gene Ontology (GO) gene sets from MSigDB 110 

(https://www.gsea-msigdb.org/gsea/msigdb), and used the biomaRt R package 111 to map the 

https://www.zotero.org/google-docs/?k87NUN
https://www.zotero.org/google-docs/?WxRBi7
https://www.zotero.org/google-docs/?bHbx14
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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 data (Table 3.1). To quantify differential rhythmicity, LimoRhyde2 fits a 

periodic spline-based linear models for each gene in each condition, (raw fits), moderate the raw 

fits using Mash (producing posterior fits), calculate each geneôs rhythm statistics based on the raw 

and posterior fits, then calculate differential rhythm statistics for each gene between pairs of 

conditions (Figure 3.1).  

 

Table 3.1 Details of circadian transcriptome datasets used for validation. 

Study Reference Platform  Tissue 

Interval (h), 

Duration (h)  

Num. of 

biological 

samples 

Light -dark 

regimen Conditions 

GSE11923 [146] 

Microarray 

(Illumina 

beadchip) liver 1, 48 48 DD 12:12 Time 

GSE72095 [128] 

RNA-seq 

(100 bp 

paired-end) SCN* 4, 24 18 LD 12:12 Time 

GSE143524 [33] 

RNA-seq 

(150 bp 

paired-end) liver 3, 24 144 LD 12:12 

Time, Diet, 

Phase 

*Suprachiasmatic nucleus (SCN) 
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Figure 3.1. LimoRhyde2 procedure for quantifying differential rhythmicity in genomic data.  

Given a gene (row) by sample (column) matrix of measurements possibly from multiple conditions (color 

indicates condition), (1) LimoRhyde2 fits a curve (dashed gray lines) to each geneôs measurements in each 
condition. (2) To adjust for noise and uncertainty in the fit, LimoRhyde2 moderates the model coefficients, 

yielding a posterior fit (solid black lines) for each gene in each condition. (3) LimoRhyde2 optionally 

calculates % credible intervals (blue shading) for the posterior fitted curve. (4) Using the posterior fits, 

LimoRhyde2 calculates rhythm statistics (colored text) for each gene in each condition and differential 

rhythm statistics (ȹ) for each gene between each pair of conditions. 
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To understand how LimoRhyde2 quantifies differential rhythmicity, we performed 

accuracy testing using the circadian transcriptome dataset from Hughes et. al. 109. P value-based 

methods may evaluate accuracy by estimating false positives and false negatives (false 

discoveries) when differential rhythmicity for a set of features is known 52. In this context, a well-

validated method may limit these false discoveries. Similarly, a well-validated estimation-based 

method may minimize error between predicted values and known differential rhythmicity effects 

sizes for rhythmic parameters (e.g., ȹamplitude, ȹphase), including null differential rhythmicity, 

which involves estimating values 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 and ground truths in cases of null and artificially derived differential 

rhythmicity.   

To artificially derive differential rhythmicity, we scaled data from Hughes et al, where 

wild-type mouse liver gene expression was measured via microarrays every hour for 48 hours 

(single condition) 109. Differential rhythmicity assumes that a gene is rhythmic in at least one 

condition. Thus, we first identified rhythmic genes using p value and amplitude criteria, resulting 

in a shortened dataset with 660 genes out of the original 18,243 (Figure 3.2A). To create 'original' 

and 'scaled' conditions from this dataset, the 'original' data remained unaltered, representing the 

initial dataset of rhythmic genes. We generated the óscaledô condition such that resulting gene 

amplitudes are scaled up or down based on a randomly assigned scale factor (Figure 3.2B) (see 

Methods section for formulas used to scale). We then performed differential rhythmicity analysis 

on the two conditions using LimoRhyde2 (Figure 3.2B). 

 

https://www.zotero.org/google-docs/?94Jd29
https://www.zotero.org/google-docs/?Io1td2
https://www.zotero.org/google-docs/?RVCXSR
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Figure 3.2. Generating artificial scenarios of differential rhythmicity.  

(A)  Given a dataset X, with genes 1 to p and samples at timepoints T1 to T48, filter genes with p-value and 

amplitude cutoffs after applying LimoRhyde and LimoRhyde2 spine-fitting in parallel to produce Xô.  (B) 

Create two artificial conditions for LimoRhyde2 differential rhythmicity analysis by scaling gene 

measurements in Xô to produce Xôscaled (red box). (C) Create two semi-equivalent conditions for 

LimoRhyde2 null differential rhythmicity analysis by diving samples occurring at odd (green box) and even 

(yellow box) timepoints. 
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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 scaled condition, 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, 

LimoRhyde2 tended to correctly predict ȹamplitude between original and scaled conditions, 

resulting in similar predicted vs actual ȹamplitude values (Fig. 3.3C) and a mean prediction error 

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 applied scale 

factors, resulting in a mean prediction error near 0 (Fig. S8.4A). Genes with higher óscaledó 

amplitudes tended to exhibit slightly larger prediction errors compared to genes with smaller 

values. This may result from LimoRhyde2 underweighting predictions for genes with scale 

factors greater than 1, since a majority of genes had scale factors close to 1 (Fig. 3.3B-D, Fig. 

S8.4B-C). 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 predictions tended to decrease with 

longer intervals, possibly because larger time intervals included fewer samples and introduced 

more noise (Fig. 3.3E-F, Fig. S8.4E-F). However, when comparing gene rankings (based on 

amplitude) between 1h resolution and all other intervals, 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). 

 
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 

of all genes to create the óscaledô condition for artificially derived differential rhythmicity. Dataset: 

GSE11923. (B) Time-courses of expression in the original (top row) and scaled (bottom row) conditions 
for select genes with scale factors per gene printed for the scaled condition. Points represent samples. 

Curves represent LimoRhyde2 fitted curves of the given type. (C) Scatterplot of the calculated (actual) 
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ȹamplitude between original and scaled conditions vs the LimoRhyde2 predicted ȹamplitude, with selected 

genes labeled in B).  Points represent genes. Dashed lines indicate y = x. (D) Scatterplot of the prediction 

error (actual - predicted ȹamplitude) vs. predicted ȹamplitude with selected genes labeled in B). Dashed 

lines indicate y = 0. (E) Time-courses of expression in the original (top row) and scaled (bottom row) 

conditions for gene Per3 (with associated scale factor) after down-sampling data at different time intervals 

(leftmost column represent original sampling resolution of 1 h). Points represent samples. Curves represent 

LimoRhyde2 fitted curves of the given type. (F) Table showing mean absolute error of ȹamplitude and 

scale factor after running differential rhythmicity analysis at different time intervals. (G) Interrater 

agreement, as quantified by Cohenôs ə, comparing top-ranked genes based on LimoRhyde2 ȹamplitude 

sampled at 1 h time intervals and consecutively decreasing time intervals. 

 

To determine LimoRhyde2 accuracy in the presence of uncertainty, we used bootstrapping 

on RNA-seq data in which (SCN) tissue were sampled every 4 hours for 24 hours, with three 

replicates per time point (GSE72095) 85. First, we used the method described above to create an 

óoriginalô and óscaledô condition. In each bootstrap, we randomly selected one replicate per time 

point in each condition and performed differential rhythmicity analysis with LimoRhyde2. Genes 

were assigned the same scale factor across all bootstraps (Fig. 3.4A).  

We performed 500 bootstrap resamples. For each gene in a bootstrap event, we create a 

time course having 1 replicate per time point (Fig. 3.4B-C). Across all bootstraps, LimoRhyde2 

consistently predicted ȹamplitude and scale factor values close to actual or inferred values, 

resulting in mean bootstrap prediction errors close to 0 across genes, with roughly 3% of genes 

having a mean absolute error (MAE) > 0.1 (Fig. 3.4D-E, Fig. S8.5A-B). As expected, LimoRhyde2 

tended to produce conservative ȹamplitude estimates, resulting in mean prediction errors 

consistently above 0. Often, there was little to no correlation between ȹamplitude prediction error 

and magnitude, with only a few genes showing large prediction errors at high magnitudes of 

ȹamplitude (Fig. S8.5B). In addition, genes having variable prediction across bootstraps tended to 

be noisier, have larger standard errors across bootstraps and showed similarly large LimoRhyde2-

calculated credible intervals after sampling from the posterior distribution (Fig. 3.4F-G, Fig. 

S8.5B-F). Lastly, most genes had negligible differences in their prediction errors (Fig. 3.4H). 

https://www.zotero.org/google-docs/?eZOtVh
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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) applied to gene 

samples measurements to create the óscaledô condition for artificially derived differential rhythmicity. 

Dataset used is RNA-seq data from the suprachiasmatic nucleus (SCN) sampled every 4 h for 24 h, with 

three replicates per time point (GSE72095). (B) Time-courses of expression for gene Serbp1 (with its 

assigned scale factor) in the original (left) and scaled (right) conditions. Points represent samples. Curves 

represent LimoRhyde2 posterior fitted curves. Color represents replicate replicates. (C) Time-courses of 

expression in the original (top row) and scaled (bottom row) conditions for gene Serbp1 at 4 different 

bootstrap resample runs of differential rhythmicity analysis with LimoRhyde2. Points represent samples. 

Curves represent LimoRhyde2 posterior fitted curves. Color represents replicate numbers. (D) Scatterplot 

of mean predicted ȹamplitude and mean calculated (actual) ȹamplitude along with select genes (labeled in 
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green). Points represent genes.  Dashed lines indicate y = x. Values are averaged over 500 bootstrap runs. 

(E) Scatterplot of mean ȹamplitude prediction error vs means actual ȹamplitude, along with selected genes 

(labeled in green) 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 bootstraps. (G) Bootstrap ȹamplitude prediction error and corresponding 

uncertainty. Points and gray ranges represent mean bootstrap prediction error and ± 1 s.d. per gene.  (H) 

Histogram of bootstrap ȹamplitude mean absolute error (MAE). 

 

To quantify null differential rhythmicity, we divided the original Hughes et al (filtered for 

rhythmic genes) into two conditions by grouping samples from even-numbered and odd-numbered 

time points for each gene. We 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 analysis on the full time-course 

(referred to as the óoriginalô condition) to compare (Fig. 3.5A-B). As expected LimoRhyde2 

predicted similar amplitudes between even and odd conditions, resulting in near 0 ȹamplitudes 

which did not correlate with the original amplitude (Fig. 3.5C, Fig. S8.6A). 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 conditions (Fig. 3.5D).  

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 effects (Fig. 3.5B-D, Fig. 

S8.6B-C). Furthermore, genes 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 differential rhythmicity (Fig. S8.6D-F). Yet, LimoRhyde2 

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

rhythmicity generated did not translate into different biological interpretation between conditions 
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(Fig. 3.5E). 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 data having multiple conditions, for which samples were collected every 3 h for 24 h from 

livers of control (WT) and hepatocyte-specific Rev-ErbŬ/Rev-Erbɓ double knockout (KO) mice 

in a 12h:12h light:dark cycle under ad libitum (AL) or reverse phase feeding (RPF) 33. We 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. 3.6). The posterior fits in each condition tended to show lower amplitudes than did the raw 

fits (Fig. 3.6A). As a result, posterior ȹamplitudes were well correlated with raw ȹamplitudes (Fig. 

3.6B, Spearman correlation 0.84-0.89 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 p-values for the difference in mesor, amplitude, and phase between a given 

pair of conditions 50. 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 two pairs of 

conditions: (1) WT-AL vs. KO-AL and (2) WT-AL vs. WT-RPF. 

https://www.zotero.org/google-docs/?EHZm3i
https://www.zotero.org/google-docs/?KR43cI
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Figure 3.5. Quantifying null differential rhythmicity with LimoRhyde2.  

(A) Time-courses of expression for select genes for their full time-course. Points represent samples. Curves 

represent LimoRhyde2 fitted curves of the given type.  Dataset is Hughes et al microarray data of liver 

sampled in DD every 1 h for 48 h (GSE11923). (B) Time-courses of expression for genes labeled in A) 

with LimoRhyde2 fitted curves for odd and even samples separately. Points represent samples. Color 

represents condition. Curves represent LimoRhyde2 posterior fitted curves. (C) Scatterplot of LimoRhyde2 

amplitude calculated in the even condition vs LimoRhyde2 amplitude calculated in the odd condition. (D) 

Density plots of log2-transformed amplitude. Color represents condition. Dashed lines indicate y = x. (E) 

Interrater agreement, as quantified by Cohenôs ə, comparing top-ranked genes based on LimoRhyde2 

amplitude in odd and even conditions. 
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As expected, the two methodsô estimates of ȹmesor were near perfectly correlated (Fig. 

S8.7A, 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 coefficients. For ȹamplitude, 

LimoRhyde2ôs posterior estimates correlated highly with CircaCompareôs point estimates (Fig. 

S8.7B, Spearman correlation 0.79 and 0.85), but only moderately with CircaCompareôs p-values 

(Fig. 3.7A and Fig. S8.8, Spearman correlation 0.5 and 0.57 using absolute ȹamplitude). Genes 

having the lowest p-values for ȹamplitude according to CircaCompare tended to have sinusoidal 

rhythms, possibly of low amplitude (Fig. 3.7A-B). In contrast, genes having the highest absolute 

ȹamplitude according to LimoRhyde2 had higher-amplitude, possibly non-sinusoidal, rhythms 

(Fig. 3.3A-B). Furthermore, the two methods showed only modest agreement in the top-ranked 

genes, regardless of whether CircaCompareôs rankings were based only on p-value or on absolute 

point estimates of genes having adjusted p-values Ò 0.1 (Fig. 3.7C). We saw similar differences 

between the two methods for ȹphase (Fig. S8.7C and Fig. S8.9). These results suggest that, 

compared to CircaCompare, LimoRhyde2 more effectively captures larger, biologically more 

meaningful, differences in rhythmicity between conditions. 
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Figure 3.6. Comparing LimoRhyde2ôs raw and posterior fits in an RNA-seq dataset having multiple 

conditions (GSE143524).  

(A) Scatterplots of posterior peak-to-trough amplitude vs. raw peak-to-trough amplitude in two conditions 

(WT-AL, wild-type with ad libitum feeding; KO-AL, double knockout with ad libitum feeding). Points 

represent genes. (B) Scatterplot of posterior peak-to-trough ȹamplitude vs. raw peak-to-trough ȹamplitude. 

Positive ȹamplitude corresponds to higher amplitude in KO-AL than in WT-AL. Points represent genes. 

(C) Time-courses of expression in the two conditions for genes labeled in (A) and (B). Points represent 

samples. Curves represent fits of the given type. 
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Figure 3.7. LimoRhyde2 prioritizes large differences in rhythm amplitude, compared to 

CircaCompare.  

Data are based on RNA-seq from mouse liver samples (GSE143524). (A) Scatterplots of -log10 adjusted 

p-value for ȹamplitude calculated by CircaCompare vs. posterior peak-to-trough ȹamplitude calculated by 

LimoRhyde2, for two pairs of conditions. WT-AL represents wild-type ad-libitum feeding, KO-AL double-

knockout ab-libitum feeding, and WT-RPF wild-type reverse-phase feeding. (B) Time-courses of 
expression in the relevant condition pairs of genes (sorted by LimoRhyde2 ȹamplitude) labeled in (A). 

Points represent samples. Curves represent posterior fits calculated by LimoRhyde2. (C) Interrater 
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agreement, as quantified by Cohenôs ə, of top-ranked genes based on absolute LimoRhyde2 ȹamplitude 

and either CircaCompare -log10 adjusted p-value (green circles) or CircaCompare estimated ȹamplitude 

among genes having adjusted p-value Ò 0.1 (orange triangles). 

 

We then used LimoRhyde2 to explore the dataset in more detail by analyzing distributions of 

differential rhythm statistics between WT-AL and each of the other three conditions (KO-AL, WT-

RPF, or KO-RPF). Overall, the distributions of ȹamplitude were similar, centered around zero, 

and showed no clear boundaries between ñrhythm enhancedò and ñrhythm disruptedò (Fig. 

S8.10A), in contrast to the original analysis based on JTK_CYCLE 33. Interestingly, genes showing 

high amplitudes in WT-AL tended to show negative ȹamplitudes, whereas genes showing low 

amplitudes in WT-AL tended to show positive ȹamplitudes (Fig. 3.8A). The distributions of 

ȹmesor, meanwhile, indicated that RPF had a greater effect on mean expression levels than did 

KO (Fig. S8.10A), although genes showing the highest amplitudes in WT-AL tended to show 

increased mean expression in KO (Fig. S8.10B). As previously observed 112, RPF also induced a 

ȹphase of ~12 h in thousands of genes in both the WT and KO strains, irrespective of the genesô 

amplitudes in WT-AL (Fig. 3.8B and Fig. S8.10B). 

 

To determine how these perturbations affected biological functions, we performed gene set 

analysis on both ȹmesor and ȹamplitude between WT-AL and the other three conditions. Relative 

to WT-AL, both WT-RPF and KO-RPF caused increased mesor (i.e., mean expression) of many 

genes related to oxidative phosphorylation and the ribosome. Consistent with previous findings 

33,82, for all three comparisons, several top-ranked gene sets for decreased amplitude were related 

to circadian rhythms (including the genes Arntl, Cry1, and Per3), while a top-ranked gene set for 

increased amplitude comprised targets of SREBP (including Elovl6, Fasn, and Pcsk9; Fig. 3.8A, 

Fig. 3.8C). Here we also took advantage of LimoRhyde2ôs ability to estimate credible intervals 

https://www.zotero.org/google-docs/?nAkR99
https://www.zotero.org/google-docs/?uEuVvA
https://www.zotero.org/google-docs/?kguiH8
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(Bayesian analogs to confidence intervals) for posterior fits and for rhythm and differential rhythm 

statistics (Fig. S8.11, Fig. S8.12). Overall, these results indicate that LimoRhyde2 can reveal 

biologically relevant differences between conditions in rhythmic, genome-scale data. 

 
Figure 3.8. Effects of hepatocyte-specific Nr1d1/Nr1d2 double-knockout (KO) and reverse-phase 

feeding (RPF) on the mouse liver transcriptome as quantified by LimoRhyde2.  

(A) Scatterplots of posterior peak-to-trough ȹamplitude vs. posterior peak-to-trough amplitude in WT-AL 

for three comparisons between conditions. Points represent genes. Genes in either of two gene sets (KEGG 
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circadian rhythms or SREBP targets) are labeled with distinct shapes and colors. (B) Histograms of 

posterior peak ȹphase for genes in each decile of amplitude in WT-AL. (C) Posterior fits of time-courses 

of expression in each condition for three genes in each of the two gene sets labeled in (A). Colors represent 

gene sets (orange for KEGG circadian rhythms and green for SREBP targets), lines represent posterior 

means, ribbons represent 90% credible intervals. 

3.4 Discussion 

 

As circadian genomic experiments grow 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 on p-values and statistical significance remains a 

limitation.  

Rhythmicity parameters have long since provided a rich way of characterizing periodic 

variables 113ï115 and their reliable quantification in genomic analyses may further elucidate richer 

details about the circadian system, especially about its response to circadian disruption and its 

degrees of effects in disease 10. 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 of cell-cell 

communication to circadian function within nearby cell types in the liver 33. 

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 across various scales 116,117. Some 

indications suggest that phase plays a biologically significant role in establishing systemic 

coordination, potentially serving to integrate specific functions 26,54,118,119. Our understanding of 

the potential role of amplitude is less comprehensive. There is evidence supporting amplitude's 

https://www.zotero.org/google-docs/?cBYBlN
https://www.zotero.org/google-docs/?c5q88g
https://www.zotero.org/google-docs/?Y4MFHV
https://www.zotero.org/google-docs/?eNbHji
https://www.zotero.org/google-docs/?pvkRF7
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involvement in shaping a rhythm. Many diseases and other disruptions to the circadian clock can 

diminish amplitudes in rhythmic genes 53,120. 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 disturbances 40. Thus, developing 

methods to reliably quantify rhythmic parameters becomes imperative. 

Here we present a well-validated method for extending LimoRhyde2 for differential 

rhythmicity analysis. LimoRhyde2ôs provides multiple outputs, estimating curves in each 

condition as well as distinct parameters defining differential rhythmicity. Although multiple 

outputs may make the analysis process arduous in contrast to a single output (e.g., a p-value), 

LimoRhyde2 enables researchers to investigate differential rhythmicity more completely. 

Additionally, it enables estimation of differential rhythmicity without categorization to interpret 

features, thereby preserving information otherwise lost through this process. Lastly, 

LimoRhyde2ôs effect distributions make it easier to incorporate differential rhythmicity results 

into follow-up analytical pipelines 121.  While this chapter underscores 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 beneficial as a distribution. This includes describing correlated patterns 

between effects, such as the extent of amplitude reprogramming response observed between 

different tissues following a specific treatment. 

LimoRhyde2 focuses on quantification, making it challenging to assess and compare 

LimoRhyde2ôs performance through binary classification metrics such as precision, recall, and 

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 methodôs performance with real data. While the true effect sizes in real datasets 

https://www.zotero.org/google-docs/?iK77I0
https://www.zotero.org/google-docs/?qXunuO
https://www.zotero.org/google-docs/?8Bst6s
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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 parameters (i.e., amplitude and phase). Notably, 

in data from Guan et al. genes exhibiting high amplitudes in WT-AL often displayed negative 

ȹamplitudes, while genes with low amplitudes in WT-AL tended to exhibit positive ȹamplitudes, 

suggesting a dynamic, yet directional relationship between amplitude and condition beyond 

distinct boundaries such as "rhythm enhanced" and "rhythm disrupted" suggested in initial 

analyses based on JTK_CYCLE rhythmicity detection 34,88. Gene sets linked to circadian rhythms, 

including well-known circadian genes like Arntl, Cry1 were 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 in WT-AL yet positive 

ȹamplitudes in all comparisons. SREBPs 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 cardiovascular health and 

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 of activity 122. 

Furthermore, ȹmesor distributions for RPF indicated a more significant impact on mean 

expression levels compared to KO, although genes with the highest amplitudes in WT-AL tended 

to display increased mean expression in the KO condition. In relative terms, both WT-RPF and 

KO-RPF led to an increased mesor (mean expression) of several genes related to oxidative 

https://www.zotero.org/google-docs/?5FcAe1
https://www.zotero.org/google-docs/?CDw9qk
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phosphorylation and the ribosome, processes having known links to the circadian clock and 

including COX1, a well-known target of low-dose aspirin for heart attack prevention 12.  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 a user-specified period shared by all genomic features 

in all conditions. LimoRhyde2 does not model amplitude decay; it assumes that each genomic 

featureôs rhythm within a given condition is fixed. LimoRhyde2 cannot determine what magnitude 

of a given (differential) rhythm statistic is biologically 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, 

rather than drawing artificial cutoffs such as ñrhythmicò and ñarrhythmicò, or ñrhythm-retainedò 

and ñrhythm-alteredò. We have thus far only validated LimoRhyde2 on bulk transcriptome data, 

and are excited to apply it to other types of circadian genomic data, including data from ATAC-

seq 123 and GRO-seq 124. 

Studies use increasingly complex genome-scale experiments to address challenging 

questions in circadian biology as evidence of circadian genomic control continues to grow. 

Methods used to analyze rhythmicity from these experiments must accommodate the additional 

complexity to generate relevant conclusions. LimoRhyde2ôs effect-size-based approach is a step 

in this direction. By directly estimating rhythmic properties that reflect circadian phenomena, 

LimoRhyde2 narrows the gap between statistical analysis and biological interpretation. For 

example, rhythmic properties can be compared between groups (i.e., cells, tissues, genotypes) in 

https://www.zotero.org/google-docs/?s0aoMG
https://www.zotero.org/google-docs/?VhZ6MM
https://www.zotero.org/google-docs/?jculFC
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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, and uncertainty 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 circadian systems. 
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Chapter 4 

 

4 Rhythmicity analysis of the circadian gene expression atlas using LimoRhyde2 

This chapter discusses the circadian gene expression atlas, a widely cited dataset profiling 

transcriptional rhythms in 12 mouse organs. Initially focused on discovering large-scale rhythms, 

the dataset revealed the extent of tissue-specific gene rhythmicity within the circadian system. 

Here, we reanalyze this dataset using LimoRhyde2 and identify relationships between tissues 

based on rhythm parameters. Our analysis found tissue-specific trends in amplitude and phase, 

and largely similar trends in mesor. Using sparse principal analysis to summarize major patterns 

of rhythmicity within each tissue, and identified biological process associated with circadian 

amplitude shared between all tissues. This included hormone response pathways, raising 

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

4.1 Introduction  

 

To map connections between the core clock and various biological processes, researchers 

have invested considerable time studying transcriptional rhythms 10,13,45. While informative, 

typical circadian studies focus on one or two organs, making it hard to investigate large-scale 

rhythmicity and relationships between tissue clocks. 125. To overcome this limitation, the circadian 

gene expression atlas used microarray to profile transcriptional rhythms in 12 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 hours, creating an atlas of mouse biological space and time 12. This dataset remains 

https://www.zotero.org/google-docs/?k0X2ws
https://www.zotero.org/google-docs/?cuOSM2
https://www.zotero.org/google-docs/?owhXjU
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one of the largest publicly available resources to investigate transcriptional circadian regulation at 

scale. 

The atlas is particularly useful for demonstrating how genes associate with tissue clocks. 

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 statistical methods 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 12. 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 unclear which tissue-

specific functions retain highest and lowest amplitude rhythms, and the overt relationships between 

circadian parameters across tissues.     

Subsequent hypothesis-based analyses on specific tissues may select individual genes 

found to be rhythmic for further investigation. In this regard feature selection becomes an 

important aspect of the discovery-based data analysis of atlas data due to minimize the number of 

tissues and features of 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 in clinical medicine 127ï129. In circadian biology, unbiased feature 

selection is used to predict internal circadian time in data without time labels 73, yet is not often 

considered when selecting features from circadian genomic time-course data. Here, p-value and 

amplitude-based thresholds are typically used to extract features of interest. However, thresholds 

https://www.zotero.org/google-docs/?EU6yQz
https://www.zotero.org/google-docs/?KrVQEk
https://www.zotero.org/google-docs/?MtCIZW
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are often arbitrary and feature selection methods present empirical, unbiased, and interpretable 

results 130. 

Here, we reanalyze the circadian atlas data using LimoRhyde2 to investigate circadian 

parameters and their relationships between tissues and compare findings to the original paper. We 

further apply feature selection using sparse principal component analysis (SPCA) to summarize 

rhythmicity within each tissue, which may also present an unbiased form of feature selection 131. 

Our results show that SPCA may identify motifs of strong, yet correlated gene rhythms, which 

may implicate tissue-specific function. Therefore, this mode of analyses may better infer tissue-

specific rhythms in 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 IDs, and perform robust multi-array average (RMA) 

normalization, which returns log2-transformed expression values 77,108.  

 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 data) 107. Where applicable, we calculated 90% 

equal-tailed credible intervals based on 200 posterior samples. 

https://www.zotero.org/google-docs/?lRHgfW
https://www.zotero.org/google-docs/?9D0Zy2
https://www.zotero.org/google-docs/?M7pdVK
https://www.zotero.org/google-docs/?9uxOZQ
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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 package 73,131. Each SPC is a low-dimensional 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 posterior fits for each gene, and 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 sparsity) to 4, and 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 of gene-wise statistics 

64,132. For each tissue, the input was posterior peak-to-trough amplitude or posterior mesor from 

LimoRhyde2. We used the C2 and C5 Gene Ontology (GO) gene sets from MSigDB 

(https://www.gsea-msigdb.org/gsea/msigdb), and used the biomaRt R package to map the 

provided human Entrez Gene IDs to mouse Entrez Gene IDs 110,111. 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 atlas 12, in which 

samples were acquired every 2 h for 48 h from various tissues of wild-type mice in constant 

darkness. We used LimoRhyde2 to fit periodic spline-based linear models for each gene (raw fits), 

https://www.zotero.org/google-docs/?ztIq3c
https://www.zotero.org/google-docs/?6i268l
https://www.zotero.org/google-docs/?m1uLHv
https://www.zotero.org/google-docs/?k6jtmJ
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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 non-sinusoidal.  

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. 4.1A). 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 genes (Fig. 4.1- Fig. 4.2) 12. On the 

other hand, brain tissues: hypothalamus, cerebellum, and brainstem maintained weak rhythms in 

both analyses (Fig. 4.1Fig. 4.2, Fig. S8.13). However, many of the highest-amplitude genes were 

tissue-specific (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 tissues (Fig. 4.3A-B, and Fig. S8.14). In particular, certain tissues showed interesting 

patterns between amplitude and phase, indicative of rhythm ñrush hoursò originally reported, 

although occurring at different modes of phase (Fig. 4.3A-B, Fig. S8.14). For example, adrenal 

gland and skeletal muscleôs highest amplitude genes occurred primarily around subjective dawn 

and dusk respectively, while highest amplitude genes in white adipose occurred at both phases. In 

contrast, the liver tended to retain rhythmicity throughout the circadian period (Fig. 4.3A-B). 

Furthermore, contrary to previous findings 47, the highest-amplitude genes tended to be 

moderately expressed, not the most highly expressed (Fig. 4.3C). 
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Figure 4.1. Amplitude distributions based on LimoRhyde2 posterior statistics differed from original 

atlas analysis. 

(A) Violin plots showing log-transformed amplitudes (y-axis) of genes in each tissue (x-axis). (B-C) 

Density plot of amplitudes in 4 tissues (B) and 3 brain tissues (C) after log-transformation. Color 

represents tissue. 
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Figure 4.2. Distributions of amplitude varied across tissues. 

(A-B). Histograms of log-transformed 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 of (A) peak-to-trough amplitude vs. peak phase and peak-to-trough amplitude vs. mesor (C) 

for genes in each tissue (indicated at top). Points represent genes. (B) Histograms of peak phase. All plots 

include only the top 25% of genes based on amplitude. 
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Figure 4.4. Tissue-specific major patterns of rhythmicity as summarized by SPCA.  
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(A) Rhythms of top four sparse principal components (SPCs) for four tissues. Each SPCôs curve is scaled 

by its ñdò value (analogous to an eigenvalue for a standard PC), thus indicating the relative amplitude of 

each SPC within each tissue. (B) Bar plots showing percent of variance explained by each of four SPCs 

(color) for all tissues. (C) Genes with non-zero loading scores for each of four SPCs (color) for four tissues. 

(D) Curves represent posterior fits for genes having non-zero loadings for the respective SPC in the adrenal 

gland (top) and liver (bottom). Each curve is centered to have mean zero. (E) Loading scores of genes 

having non-zero 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 major patterns of rhythmicity by 

constructing ñpseudogenesò from all features. Similar to the joint distributions of amplitude and 

phase, SPC patterns of rhythmicity varied widely between tissues (Fig 4.4A, Fig S8.15). However, 

SPC 1 was sinusoidal for all but two tissues (adrenal gland and skeletal muscle) (Fig S8.15). 

Interestingly, SPC1 for these two tissues showed similar non-sinusoidal rhythms having amplitude 

decay over the circadian period (Fig 4.4A, Fig S8.15). The SPCs combined explained more than 

45% of variance 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 4.4C-D, Fig S8.17). SPC 1 had genes with 

the most comparable rhythms in all tissues and had almost identical gene rhythms in the 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 expression (Fig 4.4D). For example, 4 top-ranked 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 amplitude-ranked genes to SPC selected genes in each tissue. Top amplitude-ranked 
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genes tended to be tissue-specific, 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, the core clock 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 8.20). Across a broader set of genes, SPC-selected genes often 

overlapped with top-amplitude-ranked 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 4.5. Top genes and core clock gene rhythmicity.  

Posterior peak-to-trough amplitudes and corresponding 90% credible intervals for top 10 genes in each of 

three tissues (A) and for each of three core clock genes in all tissues (B) ranked and sorted by posterior 

peak-to-trough amplitude. Points represent genes (A) and tissues (B), color represents peak phase for each 

gene. Dashed lines indicate 0 amplitude. 
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Figure 4.6. Feature selection using SPCA.  

(A) SPC loadings for each of three core clock genes in all tissues. Color represents SPC. (B) Comparison 

in liver (left) and adrenal gland (right) of shared genes between each of 4 SPCs and ranked genes by 

amplitude into 3 levels. Levels determined based on the first three quantiles in data. Bars represent 

number (with labeled percentage) of shared genes in the intersection set from indicated comparisons.  
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Figure 4.7. Sparse principal components select high amplitude genes.  

(A) Scatterplots of peak-to-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 gene set enrichment 

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). Most tissues retained many tissue-specific 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 circadian 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 amplitude were similar between all non-brain 

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 hormone rhythms 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 significantly enriched 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 recapitulate results from all features.  However, only a small number 

of gene sets were enriched across tissues, with the share of tissue-specific gene-sets 

disproportionately larger (Fig. 4.12). Similarly, less circadian clock associated gene sets were 

enriched across 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 clustering, suggesting 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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Figure 4.8. Characteristics of gene set significantly enriched in all tissues.  

(A) Upset plot showing number of significant gene sets shared when between groups of tissues. Bars 

represent number of shared gene sets in the intersection set from indicated tissue group comparisons (top) 

along with bar plot of total significant gene sets within each tissue (bottom). (B) Bar plot of number of 

genes for the 10 gene sets shared between all tissues.  
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Figure 4.9. Mean amplitudes vary for significantly enriched gene sets in all tissues. 

Heatmap of mean amplitude for the top gene sets shared between at least 11 tissues. 
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Figure 4.10. Hormone response signaling pathways enriched in all tissues. 

Amplitude distributions per tissue for 3 hormone-response pathways enriched in all tissues. 

 

 
Figure 4.11. Gene set similarities of SPC genes.  

Scatter plot of significant gene sets from GSEA analysis based on amplitude vs. fraction of gene sets shared 

from using spc-selected genes or all genes. 
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Figure 4.12. SPC-selected genes revealed tissue-specific, yet highly correlated gene set enrichment. 
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(A-B) Upset plot showing number of significantly enriched gene sets overlapping between groups of 

tissues (A) or exclusive sets for each tissue (B) after GSEA using SPC-selected genes. Top bar plot of 

counts of gene sets shared for indicated tissue overlaps (bottom) along with bar plot of total significant 

gene sets within each tissue. 

 

 

 

 
Figure 4.13. Top gene sets enriched among tissues from SPC-based enrichment analysis   

Heatmap of mean amplitude for the top gene sets shared between at least three tissues after gene set 

enrichment analysis using only spc genes. 
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4.4 Discussion 

 

In this study, we applied LimoRhyde2 to reanalyze microarray data from the mouse 

circadian atlas. Notably, our posterior statistics revealed tissue-specific variations in amplitude and 

phase distributions. Brown adipose and skeletal muscle exhibited larger mean amplitudes, with 

peak amplitudes at different phases compared to liver and kidney. In contrast, brain tissues 

demonstrated weak rhythmicity. Furthermore, we applied sparse principal component analysis 

(SPCA) to identify major rhythmicity patterns and key genes in each tissue, uncovering significant 

tissue-specific 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 the 

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, and thus may 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 explained, other methods may explain higher proportions with 

fewer SPCs. The input data here consisted of time-course spanning 48-hours per gene, functional 

PCA may present another alternative although it does not correct for periodicity 133, while Circular 

(nonlinear) PCA may account for periodicity for longer time courses 134. 

Incorporating sparse principal component analysis to genomic rhythmicity profiles served 

several purposes, the most important being improved interpretability. SPCA in our analysis 

https://www.zotero.org/google-docs/?HFVXp6
https://www.zotero.org/google-docs/?el0rD1
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showed that major patterns of rhythmicity had phases quite different from the proposed bimodal 

rhythmic ñrush hoursò reported in most tissues 12. While these bimodal peak phases did appear, it 

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 information, making it more comprehensive at 

interpreting major patterns of rhythmicity at a large-scale.  

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 more likely to be 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 is 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 time, SPCA may better model transience 

within the circadian cycle, which may be useful, for example, to understand or modify malarial 

developmental cycles within a host, to investigate changing photoperiodism, or to optimize crop 

yields for photosensitive plants.  

  

https://www.zotero.org/google-docs/?LjSBHn
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Chapter 5 

 

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 acknowledged, 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 studies to examine sex inclusion in studies 

on daily rhythms. Most results of 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 biomedical research and is 

particularly stark among preclinical studies using non-human mammals 135,136. In 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 population 138. 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 (NOT-OD-15-102: Consideration of Sex as a Biological Variable in 

NIH-funded Research). 

https://www.zotero.org/google-docs/?DpmzoJ
https://www.zotero.org/google-docs/?5fy69A
https://www.zotero.org/google-docs/?wRPu3c
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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 non-visual effects of light in humans have included females 139. Even 

more striking, among studies on light and circadian phase-shifting in rodents published 1964-2017, 

only 7% included females 140. 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 more variable 

than male rats in any neuroscience-related traits 141ï143. Encouragingly, there is growing 

recognition of the importance of addressing sex bias and investigating sex differences in sleep and 

circadian rhythms 139,144. Although sleep and circadian research increasingly makes use of genomic 

techniques, 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 RNA-seq) from mice, rats, or humans that had samples from at least 

three times of day. We downloaded the metadata for each study using the seeker R package 76. 

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 only included studies 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, light-dark cycle, or any other experimental condition. 

Altogether, the collection comprised 123 studies in mice (7,305 samples), 10 in rats (373 samples), 

and 15 in humans (191 subjects). We defined each studyôs sex inclusion status as male only, female 

only, male and female (if each sampleôs sex was identifiable), mixed (if each sample was based on 

https://www.zotero.org/google-docs/?OKoitF
https://www.zotero.org/google-docs/?7JkoN9
https://www.zotero.org/google-docs/?LfXxqC
https://www.zotero.org/google-docs/?fbayvF
https://www.zotero.org/google-docs/?Rz0Igr
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pooled tissue from males and females, or if the article stated using both males and females, but 

each sampleôs sex was not identifiable), or unspecified. 

 

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 specified sex included 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 females are 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 
female 

6 

Mouse Mixed 6 

Mouse Unspecified 9 

Rat Male only 9 

Rat Unspecified 1 

Human Male only 5 

Human Female only 1 

Human Male and 
female 

8 

Human Unspecified 1 
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Table 5.2. Samples per sex within each organism 

Organism Sex N samples 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 had samples 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) 51,112,145ï147. 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 subjects) from males than 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 Sex inclusion 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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Mouse Epidermis Mixed 1 

Mouse Heart Male only 5 

Mouse Heart Female only 1 

Mouse Hippocampus Male only 2 

Mouse Hypothalamus Male only 2 

Mouse Hypothalamus Female only 1 

Mouse Ileum epithelial cell Male only 1 

Mouse Ileum epithelial cell Unspecified 1 

Mouse Kidney Male only 7 

Mouse Kidney Female only 2 

Mouse Kidney Unspecified 2 

Mouse Liver Male only 46 

Mouse Liver Female only 5 

Mouse Liver Male and 
female 

5 

Mouse Liver Mixed 2 

Mouse Liver Unspecified 2 

Mouse Lung Male only 4 

Mouse Macrophage Male only 2 

Mouse Other Male only 13 

Mouse Other Female only 7 

Mouse Other Male and 
female 

1 

Mouse Other Mixed 1 

Mouse Other Unspecified 2 

Mouse Pancreatic islet Male only 3 

Mouse Pancreatic islet Unspecified 1 

Mouse Retinal pigment 
epithelium 

Male only 1 

Mouse Retinal pigment 
epithelium 

Mixed 1 

Mouse Skeletal muscle Male only 7 

Mouse Skeletal muscle Unspecified 1 

Mouse Skin Male only 3 

Mouse Small intestine Male only 2 

Mouse White adipose Male only 8 

Rat Scn Male only 1 

Rat Scn Unspecified 1 

Rat Cortex Male only 1 

Rat Heart Male only 1 

Rat Liver Male only 2 
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Rat Lung Male only 1 

Rat Retina Male only 1 

Rat Skeletal muscle Male only 1 

Rat Small intestine Male only 1 

Rat Spinal cord Male only 1 

Rat White adipose Male only 1 

Human Adipose Male only 1 

Human Blood Male only 1 

Human Blood Female only 1 

Human Blood Male and 
female 

6 

Human Blood Unspecified 1 

Human Oral mucosa Male only 1 

Human Skeletal muscle Male and 
female 

1 

Human Skin Male only 2 

Human Skin Male and 
female 

1 

 

 

Table 5.4 Unique tissues by sex inclusion 

Sex inclusion N tissues 

Any 44 

Male only 23 

Female only, male and female, or mixed 16 

 

 

 

Table 5.5. Studies including each sex in mouse liver 

Sex inclusion N pmids 

Male only 46 

Female only 5 

Male and 
female 

5 

Mixed 2 

Unspecified 2 
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We also examined sex inclusion trends over time, based on the publication year of each 

studyôs corresponding article (Fig. 5.1and Table 5.6). These results indicate that even as the overall 

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

constant since 2011. Although the proportion of male-only studies appears slightly lower since 

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

 

Table 5.6. Sex inclusion from 2000 - 2022 

Year Sex inclusion N pmids 

2005 Male only 2 

2006 Male only 1 

2007 Male only 2 

2007 Unspecified 1 

2008 Male only 3 

2009 Male only 4 

2009 Male and female 1 

2010 Male only 3 

2011 Male only 2 

2012 Male only 9 

2012 Female only 1 

2012 Male and female 1 

2012 Mixed 2 

2012 Unspecified 1 

2013 Male only 4 

2013 Male and female 1 

2014 Male only 8 

2014 Female only 1 

2014 Male and female 2 

2015 Male only 8 

2015 Female only 1 

2016 Male only 7 

2016 Male and female 1 

2017 Male only 9 

2017 Female only 1 

2017 Male and female 2 

2017 Unspecified 2 

2018 Male only 8 
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2018 Female only 1 

2018 Male and female 3 

2018 Unspecified 1 

2019 Male only 8 

2019 Female only 5 

2019 Male and female 1 

2019 Unspecified 2 

2020 Male only 9 

2020 Unspecified 2 

2021 Male only 12 

2021 Female only 2 

2021 Male and female 1 

2021 Mixed 2 

2021 Unspecified 1 

2022 Male only 6 

2022 Male and female 1 

2022 Mixed 2 

2022 Unspecified 1 

 

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 underrepresentation 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 results by sex 147,148. 

 

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 or similar samples. Second, the collection 

https://www.zotero.org/google-docs/?YgWGV9
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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 donors may be more sex-balanced 102,149,150. 

Third, the collection does not include studies from less commonly used vertebrates or from 

invertebratesðdespite the importance of fruit flies to circadian research. Nonetheless, our findings 

are consistent with those for biomedical research as a whole and for circadian phase-shifting 

experiments 136,140 . 

Our study highlights the utility of compiling and standardizing the vast amount of publicly 

available circadian data, as also recently shown by a meta-analysis of circadian gene expression in 

mouse liver 63,125. 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 genes compared to other tissues 12, 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 non-invasiveness of drawing 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 diversity in circadian datasets 151,152. 

Given the few studies and tissues having sufficient data from males and females, we leave 

a meta-analysis of sex differences in daily rhythms for future work. Previous work indicates that 

some differences, such as those related to development and reproduction, may be large, whereas 

others may be more subtle 144,153. To this point, a sex-based analysis is not possible for studies 

whose sex inclusion is ñmixedò (whether due to pooling or lack of labeling). Rigorous 

https://www.zotero.org/google-docs/?tAeWZd
https://www.zotero.org/google-docs/?6YAncL
https://www.zotero.org/google-docs/?6YccqA
https://www.zotero.org/google-docs/?j8J74g
https://www.zotero.org/google-docs/?1Cb2dX
https://www.zotero.org/google-docs/?KtyKHe
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quantification of sex differences or sex-specific 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 misinterpretation 48,49,51,52. 

Importantly, however, the ethical principle of fair representationðas well as the NIHôs 

policy on sex as a biological variableðdoes not require that all studies be powered to detect sex 

differences. Such a requirement could be challenging for circadian genomic experiments, which 

already involve a time-course, 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 justification for decisions 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 single-cell genomics. Improving sex inclusion could both 

improve our workôs generalizability and contribute to a growing understanding of the role of 

biological sex in daily rhythms. 

 

https://www.zotero.org/google-docs/?QIxH45
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Figure 5.1. Sex inclusion in circadian transcriptome studies from mice, rats, and humans.  

Each study corresponds to a published article. (A) Barplots of number of studies by organism and sex 

inclusion status. The latter is also represented by color, which is consistent throughout the figure. (B) Bar 

plots of number of studies by organism, tissue, and sex inclusion status. SCN indicates the suprachiasmatic 

nucleus. For mouse studies, the ñotherò tissue comprises tissues represented in only one study. Some studies 

included samples from multiple tissues, so the total counts in (B) could be more than the 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 group. (D) Bar plot of number of studies (from all organisms) by sex inclusion 

status and publication year of the corresponding article. 
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Chapter 6 

 

6 Conclusions and Future Directions 

 

 

In summary, this dissertation aimed to enhance the genomic analysis of circadian rhythms 

within genome-scale data by introducing a universal approach for rhythmicity and differential 

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 

estimates served 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 on p-values and statistical 

significance. To address these limitations, this research introduced a novel approach based on the 

empirical Bayes method, which aims to improve the analysis of circadian rhythms in genomic 

data. 

Empirical Bayes approaches have long been used in the analysis of differential expression 

analysis, often giving improved estimates after model fitting. Likewise, the empirical Bayes 

approach encapsulated within LimoRhyde2 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 sharing among genomic features, leading to more reliable estimates, and 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 genome-scale data an advantage rather than a burden. 

Furthermore, this dissertation emphasizes the importance of amplitude as a rhythmic 

parameter often 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 providing deeper 

insights into the circadian system's response to circadian disruption and its implications in disease. 

Moreover, by prioritizing large effects, researchers can generate hypotheses about important 

targets from rhythmicity using biologically relevant parameters like amplitude and phase, rather 

than relying on method-based arbitrary thresholds. To help facilitate gene selection for further 

analysis, feature 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 features can yield more 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 time-dependent trends in mesor to capture 

variations in amplitude. While the assumption of a user-specified period shared by all genomic 

features in all conditions is pragmatic, there is room for enhancement by accommodating non-

monotonic rhythms, potentially including ultradian rhythms. 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 reliance on user-provided 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 transcriptome. In the future, 

LimoRhyde2's application can extend to various types of circadian genomic data, most 

importantly, single cell RNA-seq data. It is not yet appreciated the role single-cell technologies 

may have in elucidating circadian clock network dynamics. Recent since cell RNA sequencing 

data revealed heterogeneous but functionally coordinated gene expression signatures between 

peptide producing cells, neurons, and non-neuronal cells within different locations of the SCN, as 

well as providing granular spatiotemporal information supporting heterogenous individuality, 

leading to synergy via connectivity and neuropeptide-mediated signaling within the master 

pacemaker 154. A single nucleus sequencing experiment in the liver revealed that cellular rhythms 

can emerge from intercellular communication between cell types. Hepatocyte-specific knockout 

of genes encoding REV-ERBŬ and REV-ERBɓ in adult mice altered rhythms in enhancers, 

transcripts, and metabolites of neighboring endothelial and Kupffer cells, despite these cells 

retaining an intact clock 33. 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 cycle early in the 

differentiation process and may play a role in gating development 155.  Last 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 RNA-seq data, in which quantifying amplitude occurs at 

the population-level, leading to perhaps averaged rhythmic information per gene 156. 

https://www.zotero.org/google-docs/?g6N2n6
https://www.zotero.org/google-docs/?b439lf
https://www.zotero.org/google-docs/?BfdOHz
https://www.zotero.org/google-docs/?HOE1bn
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Our studies also emphasized the need to aggregate and standardize the extensive pool of 

publicly available circadian data. This becomes evident when considering recent research, such as 

a meta-analysis focusing on circadian gene expression in the mouse liver, showing that results 

between 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. However, this emphasis 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 

resource, not 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 large-scale. Large-scale bioinformatics analyses may uncover 

critical insights into inter-tissue coordination and its significance in both normal and perturbed 

circadian systems. Unlike current methods, LimoRhyde2ôs linear modeling procedure may be used 

to adjust for batch effects to facilitate comparisons 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 

covariates. While 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 variation, and limited 

access to organs. Data sampling from deceased donors often consists of a single sample and many 

covariates among other things, leading to its own complications. It is possible to discern 

population-scale rhythms using single samples collected from numerous donors 34,149,156, however, 

https://www.zotero.org/google-docs/?abfHWl
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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 collection times 34,92,157,158.  

Despite these challenges, genomic analysis of human population-level rhythms showed 

evidence of rhythmicity in half of the human protein-coding genome regardless of an individual's 

sex, age, or ethnicity 102, while a separate study revealed sex and age-specific stratification of 

circadian rhythms in different tissues 159. LimoRhyde2ôs predecessor LimoRhyde, successfully 

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, data-rich sources such as the UK Biobank offer 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 biology 160ï163. 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 environmental 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 for individuals with irregular schedules such as night shift workers and 

frequent flyers 164. However, similar challenges with inter-and intra-subject variability can be 

found here 49. 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 techniques to enhance our understanding of 

circadian rhythms. As the complexity of genomic data continues to evolve, it is essential that 

https://www.zotero.org/google-docs/?lgzFad
https://www.zotero.org/google-docs/?n7uZ63
https://www.zotero.org/google-docs/?wL91IE
https://www.zotero.org/google-docs/?r7nM6N
https://www.zotero.org/google-docs/?Zqc6O9
https://www.zotero.org/google-docs/?V0gP3r
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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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8 Appendix 

 

 

 
Figure S8.1 

Scatterplots of difference between raw and posterior peak-to-trough amplitude vs log2 mean standard error 

of the raw fit for genes in each tissue. Points represent genes. 

 

 

 

 
Figure S8.2 

Posterior peak-to-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 of (A) peak-to-trough amplitude vs. mesor and (B) peak-to-trough amplitude vs. peak phase 

for genes in each tissue (indicated at top). Points represent genes. (C) Histograms of peak phase. All plots 

include only the top 25% of genes based on amplitude. 
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Figure S8.4  

A) Scatterplot of the actual vs predicted scale factor with 3 labeled genes. Points represent genes. Dashed 

lines indicate y = x. B) Scatterplot of the scale factor prediction error (actual - predicted 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) and scaled (bottom row) conditions for select genes 

with scaled condition scale factors per gene printed for the scaled condition. Points represent samples. 

Curves represent LimoRhyde2 fitted curves of the given type. D) Scatterplot of the prediction error (actual 

- predicted ȹamplitude) vs. predicted ȹamplitude along with genes labeled in B). Values calculated after 

performing differential rhythmicity analysis with LimoRhyde2 where the scaled condition was created with 

a constant scale factor applied to all genes. Points represent genes. Dashed lines indicate y = 0. E) Violin 

plot showing mean standard error across genes in the scaled condition at five different time intervals. F) 

Time-courses of expression in the original (top row) and scaled (bottom row) conditions for gene Npas2 

(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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