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ABSTRACT 

Nearly all forms of life have evolved intricate and extensive mechanisms to synchronize 

inner physiology with predictable daily environmental changes. These mechanisms are known as 

circadian rhythms and are generated at the cellular level by a conserved transcription/translation 

feedback loop to regulate an astounding amount of cellular, tissue and organism-level processes. 

Chronic disruption of circadian rhythms is associated with an increased risk for disease, including 

metabolic, cardiovascular and neurodegenerative diseases. Because all of these diseases associated 

with chronic circadian disruption share underlying pathologies rooted in inflammation, we sought 

to further understand the mechanistic roles of circadian regulation in immunity and inflammation 

by focusing on the circadian regulatory networks in macrophages, a key immune cell involved in 

inflammation. Utilizing cytokine paneling, we profiled the systemic immunological consequences 

of chronic circadian disruption and identified a diverse range of cytokines secreted by and/or 

targeting macrophages. We further developed robust in vitro methods for examining circadian 

changes in macrophages to generate two large datasets profiling the macrophage transcriptome 

and proteome over circadian time with unprecedented comprehensiveness for a mammalian tissue. 

By also developing novel computational tools to analyze our circadian omics datasets, we 

identified and characterized large proportions of the macrophage transcriptome and proteome 

regulated by macrophages’ endogenous circadian timekeeping mechanism. Our omics analysis 

revealed that circadian rhythms regulate fundamental cellular processes in macrophages, such as 

metabolism and protein turnover, to ultimately influence macrophages inflammation-related 

processes, including those relevant to diseases such as Alzheimer’s disease. This work provides a 

foundational understanding of circadian regulation of macrophages and, consequently, 

inflammation to ultimately inform potential approaches for prevention and treatment of disease. 
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1. INTRODUCTION 

Endogenously generated cellular circadian rhythms play an immensely important role in 

the maintenance of human physiology, health and disease. Circadian disruption is becoming an 

increasingly important issue to public health with the increasing prevalence of light-emitting 

electronic device usage at night and rotating work shift schedules that can all contribute to chronic 

circadian disruption. The health consequences of chronic disruption of circadian rhythms are 

known to be severe, being associated with increased incidence and deleterious progression of 

diseases such as cancer, cardiovascular and metabolic diseases. However, the mechanisms by 

which circadian disruption contributes to disease remains unclear. Substantial evidence is now 

mounting that disruption and dysregulation of the robust daily rhythms observed in immunological 

processes may underly many pathological mechanisms via promoting a pro-inflammatory 

environment. This introductory review examines the progress made and strides needed in 

understanding the role of circadian rhythms and circadian disruption in macrophages, an important 

immune cell type that has essential, multidimensional functions in immunity and inflammation. 

1.1 Circadian Biology Background 

Circadian rhythms are observed in numerous aspects of physiology at the cellular, tissue, 

organ and organism level. By definition, circadian rhythms are self-sustaining, endogenous 24-

hour oscillations that can be reset by environmental factors, such as light and temperature, yet 

continue to persist even in the absence of these cues (Edmunds 1988). The core driver of these 

rhythms, the circadian clock, consists of a transcription-translation negative feedback loop, 

completing one cycle in approximately 24 hours (Dunlap 1999). These molecular timekeepers 
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have been ubiquitously conserved, demonstrating the profound advantage conferred by 

coordinating cellular processes in anticipation of predictable environmental changes.  

1.1.1 The Mammalian Molecular Clock 

The mammalian circadian clock found in all tissue types, comprises a 24-hour 

transcription-translation feedback loop, consisting of a negative and positive arm to form the core 

oscillator that is highly conserved between mammals (Figure 1.3). At relative dawn, positive arm 

proteins CLOCK and BMAL1 dimerize and promote the transcription of negative arm genes 

Period (Per1, Per2, Per3) and Cryptochrome (Cry1, Cry2). PER and CRY proteins 

Figure 1.1: Circadian rhythms generated at the molecular level produce tissue, organ and 

organism-level rhythms. 
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heterodimerize, inhibiting CLOCK-BMAL1 promoter activation and Per and Cry transcription. 

The PER-CRY complex is temporally phosphorylated by complexing with kinases (e.g. CK1), 

which targets PER-CRY for degradation, releasing CLOCK-BMAL1 repression and starting the 

cycle anew. The robustness of the clock’s oscillation is further stabilized via an interlocking 

auxiliary loop resulting in the circadian transcription of BMAL1 itself (Ko and Takahashi 2006).  

Nearly all peripheral cell and tissue types contain this same core clock mechanism, but the 

only clock capable of directly integrating light input resides with the cells of the Suprachiasmatic 

nucleus (SCN), a specialized brain area directly behind and innervated by the eyes. The SCN is 

thought of as a “master” clock synchronizing the “slave” clocks of the peripheral tissues via neural 

and hormonal signals, yet peripheral clocks can still oscillate independently, even under in vitro 

conditions (Figure 1.2) (Reppert and Weaver 2002).  

The influence of the circadian clock extends far beyond activity/rest cycles: the circadian 

clock is becoming appreciated as a uniquely powerful regulator of gene expression. Transcriptional 

Figure 1.2: The master clock SCN synchronizes the peripheral tissue “slave” clocks. 
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regulation stemming from the clock has been shown to modulate as much as 40% of all genes in 

mice and other well-studied eukaryotic organisms (Hurley et al. 2014; R. Zhang et al. 2014). It is 

now clear that the circadian clock temporally influences a vast molecular network to effect changes 

at the cellular, physiological and behavioral levels. While an understanding of the magnitude of 

direct clock control over cellular output is beginning to emerge, the networks of molecular clock-

controlled pathways affecting organism-level physiology is poorly understood. 

The canonical mechanism of clock regulatory output stems from the positive arm, where 

genes referred to as clock-controlled genes (CCGs) possess a promoter element to which positive 

Figure 1.3: The transcription/translation feedback loop comprising the mammalian circadian clock. The core 

oscillator consists of negative arm proteins that repress their own transcription by inhibiting positive arm 

protein activity as a transcription factor. The auxiliary loop further stabilizes the core oscillator by regulating 

Bmal1 transcription via repression by REV-Erba, whose expression is also promoted by the BMAL1:CLOCK 

heterodimeric transcription factor. Transcriptionally-based clock regulatory output is determined by clock-

controlled genes (ccgs) whose expression oscillates with positive arm transcription factor activity similar to the 

negative arm proteins. 
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arm proteins bind. The oscillation of these CCGs is what is thought to generate the rhythmic 

regulation of behaviors and physiology observed at the organism level. This circadian clock is 

known to be a powerful regulator of gene expression and the regulatory output from the clock is 

highly tissue-specific. Though peripheral tissues all possess the same core clock genes, there is a 

wide variation between different cell types in what transcripts are circadianly regulated; in general 

~10% of expressed transcripts are rhythmic in a given tissue and it was determined in a multi-

tissue analysis in mice that 40% of protein-coding genes are rhythmic in at least one organ (R. 

Zhang et al. 2014). In a systematic analysis of baboon tissues, up to 80% of protein-coding genes 

were rhythmic in at least one tissue (Mure et al. 2018). 

Beyond this canonical transcriptional regulation, it is now further clear that a substantial 

amount of regulation is derived from circadian post-transcriptional regulatory mechanisms, 

highlighting the importance of proteome-oriented studies and the  (Schwanhäusser et al. 2011; 

Reddy et al. 2006; Mauvoisin et al. 2014; Robles, Cox, and Mann 2014; Hurley et al. 2014; Menet 

et al. 2012; Partch, Green, and Takahashi 2014; Choudhary et al. 2016). Despite this preliminary 

evidence, little is known about clock regulation at the post-transcriptional, translational, and post-

translational levels, and how this regulation ultimately is integrated to influence physiology and 

health. Importantly, understanding clock output on all levels is essential as disruption of circadian 

output is believed to be the underlying cause of circadian-associated diseases.(Geiger, Fagundes, 

and Siegel 2015) 

1.1.2 Impacts of Circadian Rhythms and Circadian Disruption on Health 

Understanding the clock’s network pathways is critical because it is known that the health 

consequences of circadian disruptions are profound. Several studies have found that chronic 

circadian disruption can lead to serious health issues such as cancer, cardiovascular disease, stroke, 
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diabetes, and obesity in humans and model organisms, as reviewed by Evans and Davidson 2013 

(Figure 1.4). The health risks are so pronounced that the World Health Organization has gone so 

far as to classify shift work disruptive to circadian rhythms as a class 2A carcinogen, which applies 

to an estimated 15-30% of the workforce in Europe and America (Boivin and Boudreau 2014). 

Considering that circadian rhythms can also be chronically disrupted by pervasive elements of 

modern society, countless more are potentially at risk due to sugar laden meals, jet lag, and 

exposure to artificial light at night from sources such as electronic screens and streetlights (Wood 

et al. 2013; Pauley 2004). Thus, a deeper understanding of the clock-controlled network of 

elements clock is imperative for the improvement and safeguarding of public health. 

1.1.2.1 Circadian Rhythms, Inflammation and Disease 

A common element of the diseases linked to chronic circadian disruption is that they all 

have underlying chronic inflammation mechanisms associated with their development and 

progression. Inflammation is an essential defense and repair mechanism against cellular damage 

caused by myriad biological pathogens and bodily injury. When activated by a pathogen or 

signaling molecule, immune cells orchestrate inflammatory responses primarily by secreting 

Figure 1.4: Chronic circadian disruption is associated with increased risk for several diseases. 



 7

various cytokines, proteins that have profound impact on cellular function as well as direct the 

behavior of surrounding tissues and recruit additional immune cells (Feghali and Wright 1997). 

Using these complex signal cascades, the activation of a few cells can be amplified to generate 

powerful local and systemic responses to perceived threats. However, when inflammation becomes 

dysregulated and chronic, the remarkable power of the immune response is misdirected, leading 

to tissue damage and cellular dysfunction (Miyasaka and Takatsu 2016). Although the mechanisms 

Figure 1.5: Daily oscillations in circadian clock genes corresponds with oscillations in a variety of systemic 

immune parameters. (Figure Adapted from Geiger, at al., 2015). Mice are nocturnal, meaning that in contrast 

with humans, they are active during the dark and rest during the light phase. However, murine clock gene 

expression and resulting physiological rhythms are relative to their subjective active/rest phases observed in 

humans. 
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of acute inflammation are well-studied, the intricacies of chronic inflammation are not well 

understood despite the known detrimental role of chronic inflammation in disease.  

The circadian clock may be a key to understanding inflammation, as many immunity 

components display circadian rhythms in synchrony with circadian clock genes. Levels of 

cytokines, hormones and immune cells fluctuate daily to produce distinct circadian immune states 

(Scheiermann, Kunisaki, and Frenette 2013). These oscillations translate to distinct circadian 

susceptibilities; exposure to pathogens or toxins displays higher lethality when introduced during 

resting phase (Figure 1.5) (Geiger, Fagundes, and Siegel 2015). Circadian fluctuations of immune 

and inflammatory parameters also correspond with observed clinical patterns. As the active phase 

begins, sufferers of rheumatoid arthritis exhibit increased pain and stiffness, those with allergic 

rhinitis display more congestion/sneezing and asthmatics have highest constriction of bronchioles 

(Cutolo and Maestroni 2005; Smolensky, Lemmer, and Reinberg 2007). In addition, the timing of 

crucial medical interventions such as chemotherapy and vaccinations vary in effectiveness 

depending on the time of day administered (Innominato et al. 2014; Long et al. 2016). It is thus 

abundantly clear that the essential processes of immunity and inflammation are intricately 

connected with the circadian network. Disrupting the circadian rhythm has been shown to provoke 

significant changes in various inflammatory parameters, providing evidence that circadian 

regulation of inflammation is the underlying cause of health consequences when disrupted (Carter 

et al. 2016). One such study concludes that considerable pathological dysregulation of 

inflammation can be caused by circadian disruption alone, i.e. independent of sleep loss or stress 

responses (Castanon-Cervantes et al. 2010). Therefore, further investigation into the circadian 

clock’s regulation of inflammation could potentially lead to the discovery of a crucial element 
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within the circadian framework, providing novel strategies for treatment and prevention of 

inflammation-rooted disease.  

 

1.2 Macrophages as a Circadian Cell Type 

Macrophages are key cell types in understanding circadian clock disruption and 

inflammation-based diseases for several reasons. Macrophages are resident or myeloid-monocyte 

derived circulating phagocytic white blood cells that are central to both the innate and adaptive 

immune responses. They are well-known to play a central role in initiating, sustaining and 

resolving inflammation. They express a wide array of external and internal receptors, such as Toll-

Like Receptors (TLRs) and signaling proteins, forming complex signaling pathways that allow 

them to detect and mount sophisticated responses to pathogenic threats and tissue 

damage/dysfunction. They secrete a plethora of specialized signaling molecules, such as cytokines, 

that allow them to communicate with, target and modulate their surrounding cells in facilitating a 

robust innate immune response as well as being powerful effector cells targeted in adaptive 

immune responses. Because of their important roles in immunity, it is especially intriguing that 

macrophages exhibit strong molecular circadian rhythms in vivo and in vitro, demonstrating that 

they have self-sustained clock function even when devoid of hormonal or nerve signals. Circadian 

fluctuations in inflammation-relevant characteristics that will be further discussed in this review, 

such as cytokine release and signaling, have also been noted in macrophages and studies suggest 

that the internal clock of macrophage cells alone can produce these rhythms (Keller et al. 2009; 

Silver, Arjona, Walker, et al. 2012). 

The direct role of macrophages in inflammation and disease has been of extensive interest 

to the scientific and medical community. They have been found to comprise up to 80% of tumor 
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mass and act as facilitators of demyelination in multiple sclerosis, plaque formation in 

atherosclerosis and the killers of insulin-secreting beta cells in diabetes, to name only a few 

(Allavena et al. 2008; Breij et al. 2008; Cochain and Zernecke 2017; Olefsky and Glass 2010).  

Alternatively, macrophages can also be the mediators of cellular repair and the resolvers of an 

inflammatory response (Serhan and Savill 2005). Macrophages are derived from bone marrow 

progenitor cells and released as circulating macrophages which receive recruitment signals from 

tissues to induce polarization into M1 or M2 sub-phenotypes. M1 macrophages express a pro-

inflammatory phenotype, whereas M2 macrophages coordinate tissue repair and inflammation 

resolution (Martinez et al. 2008).   

Macrophages’ unique ability to play roles both in the initiation and resolution of 

inflammation and their robust circadian rhythms makes them a promising cell type to address the 

question of how circadian disruption causes disease. Although several previous reviews have been 

disseminated on the many different roles of circadian rhythms in immunity (Annie M Curtis and 

Fagundes 2016; Labrecque and Cermakian 2015; Cermakian et al. 2013; Plytycz and Seljelid 

1997; Druzd and Scheiermann 2013; Scheiermann et al. 2018; Carter et al. 2016; Geiger, 

Fagundes, and Siegel 2015; Petrovsky 2005), this review will serve to uniquely focus on what is 

known about the circadian behaviors and cellular activities in macrophages specifically and 

explore what questions are still unanswered in circadian macrophage biology. 

While the molecular workings of the mammalian circadian clock is well-studied, the 

clock’s regulatory output in macrophages specifically remains unclear. It is clearly established by 

multiple studies that clock genes robustly oscillate in several macrophage monocyte-derived and 

resident sub-populations, both independent of external cues as well as synchronized to light cycles 

via SCN cues (Silver, Arjona, Hughes, et al. 2012; Keller et al. 2009). 
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Several studies have examined the global rhythmic gene expression in various 

homogenized tissues that may or may not include significant macrophage populations, but only 

one study to date has attempted to detail the rhythmic macrophage transcriptome in a high 

throughput manner (Keller et al. 2009). In their analysis of microarray data taken every 4 hours 

for 48 hours from ex-vivo peritoneal macrophages, the authors reported that ~8% of the 

macrophage transcriptome exhibited circadian oscillations in mRNA steady state abundance. In 

addition to the clock genes expected, among notable oscillatory genes were several implicated in 

well-characterized macrophage inflammation-related pathways, such as the TLR4 signaling 

pathway and regulatory components in the AP-1 and NF-kB transcription factor complexes. While 

this study suggests that the cell-intrinsic circadian clock in macrophages dictates rhythmic 

inflammatory responses, due to the macrophage samples being harvested ex vivo it still remains 

unclear if these oscillations are dictated by unknown extracellular rhythmic cues. Interestingly, in 

defining the macrophage-specific mechanisms that dictate circadian transcriptional regulation in 

macrophages, Lam et al., 2013 reported that the auxiliary clock gene REV-ERBa acts a widespread 

transcriptional repressor specifically via repressing non-coding enhancer RNAs that are specific 

to the macrophage lineage. Thus, providing tangible evidence that REV-ERBa represses 

macrophage-specific gene transcription beyond the canonical direct repression mechanisms 

facilitated by a REV-ERB recruiting sequence in the promoter region. Further work confirmed that 

this epigenetic repressional action of REV-ERBa, in part dictated by BMAL1, can modulate the 

TLR4 mediated inflammatory responses in macrophages (Oishi et al. 2017). 

While few studies exist on the global transcriptional output of the circadian system in 

macrophages, only one to date has examined rhythmic changes in their global proteome, which is 

problematic as previous work has emphasized the lack of overlap between genes that are rhythmic 
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in the transcriptome and proteome (Hurley et al. 2014). This recent study examined the proteome 

changes in Kupffer cells, the resident macrophage population in the liver, which were harvested 

from mice every 6 hours for 24 hours (Yunzhi Wang et al. 2018). The authors found that TLR 

proteins peaked during the relative day and that the protein interactions that were dominant during 

the daytime were immune-related whereas the nighttime interactions were involved in metabolism. 

The biological relevance of the increase in TLR proteins observed during the day was examined 

by inducing liver injury with lipopolysaccharide (LPS) injection either during the day or at night. 

They found that more LPS pathway-associated proteins were produced from the daytime injection, 

correlating with the higher amount of TLR proteins, indicating that the pathway appears more 

sensitive during the day. Importantly, this work also emphasized the need for examining 

macrophage type cells in detail as many genes that were rhythmic in Kupffer cells were not 

detected as rhythmic in a comparable proteome study done with whole liver samples. 

1.2.1 Rhythms in Bone Marrow Replenishment and Differentiation from 

Progenitors 

Circulating macrophages are derived from hematopoietic stem cell myeloid progenitors 

maintained in the bone marrow, which differentiate into monocytes released into the bloodstream 

where monocytes further differentiate into macrophages. The rhythms of the bone marrow and 

monocyte/macrophage differentiation and release from the bone marrow have been examined by 

several researchers. It was first determined  that the number of human myeloid cells was 150% 

higher during the day than during the night (Smaaland et al. 1992). Soon thereafter it was reported 

that the efficiency of murine myeloid progenitor cell differentiation in response to human and 

murine colony stimulating factors was most prominent in early relative night (Perpoint et al. 1995).  

Further studies also established rhythmic variations in bone marrow cell production, 

renewal, release, as well as synthesis of melatonin (Conti et al. 2000; Smaaland et al. 2002; Bourin 
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et al. 2002). Most recently, Golan et al., 2018 showed that there is a replenishment of the reservoir 

of bone marrow progenitor cells at night and release of mature leukocytes into circulation during 

the day. They further report that these diurnal patterns are most robustly synchronized by bursts 

of melatonin, tumor necrosis factor, and norepinephrine at daily onsets of light and darkness that 

serve to alternately modulate vascular permeability to facilitate the release of mature leukocytes. 

In addition to the rhythms in bone marrow, systemic daily fluctuations in the amount of 

macrophage colony stimulating factor (MCSF) has been observed in multiple studies (Young et 

al. 1995; Abdelaal et al. 2000; Dinçol et al. 2000). Because MCSF is essential to the differentiation 

and survival of macrophages and can be secreted by a plethora of cell types, this suggests that 

rhythmic tissues both within and outside the bone marrow collectively encourage temporal 

differentiation and survival of macrophages via M-CSF secretion. 

1.2.2 Migration and Trafficking 

Once released from the bone marrow, macrophages are a highly mobile cell type in order 

to fulfill their role in surveilling the body for immunologic threats. Monocyte-derived 

macrophages circulate in the bloodstream and lymph and, when recruited to sites of inflammation, 

must be able to migrate into tissues and within the tissue. Resident macrophages as well as 

monocyte-derived macrophages, once within the tissue, must also navigate through the 

extracellular space towards chemoattractants and chemotaxis inducing molecules to migrate 

towards where they are most needed. Studies have long reported diurnal variations in the number 

of macrophages present in various tissues and compartments, often times noted as a background 

effect in a control group for experiments unrelated to circadian rhythms (Sohzoh Suzuki et al. 

1997; Scheiermann, Kunisaki, and Frenette 2013).  
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In addition to a difference in the numbers of macrophages circulating in the blood and in 

tissues such as the spleen and peritoneum, studies also have reported that the trafficking of 

inflammatory macrophages to the peritoneum following thioglycolate injection, which provokes a 

“sterile peritonitis,” is increased three-fold at the end of the day versus the beginning of the day 

(Nguyen et al. 2013). Further, this same trafficking rhythm was also seen in the peritoneum, spleen 

and liver after intraperitoneal injection of the gram-positive bacteria L. monocytogenes. 

Interestingly, a recent study showed that when immunodeficient mice were transplanted with 

human immune cell progenitors so that their immune cell composition consists of both human and 

murine immune cells, that they exhibit opposite diurnal patterns of blood abundance despite being 

in the same in vivo environment (Y. Zhao et al. 2017). They further proposed that the opposite 

migration patterns were maintained by a macrophage-intrinsic difference in circadian-linked 

Reactive Oxygen Species (ROS) signaling pathways between murine and human leukocytes that 

served to either inhibit or upregulate CXCR4 receptor expression respectively, controlling the 

migration of the leukocytes. This evidence supports that macrophage migration and trafficking 

rhythms are mainly derived from the cell-intrinsic clockwork as opposed to external cues. 

1.2.3 Responses to LPS 

Lipopolysaccharide (LPS) is a classically used endotoxin to invoke immune responses 

from macrophages and other cell types. LPS is a lipid-polysaccharide molecule that is found in the 

cell walls of gram-negative bacteria and is thus recognized as a pathogen associated molecular 

pattern by innate immune cells such as macrophages. Due to its historical prevalence in the 

immunological literature, the TLR-4 signaling cascade and alternative activation pathways that 

LPS induces is well understood in macrophages. In response to detecting LPS, macrophages are 

activated to release a multitude of pro-inflammatory cytokines designed to recruit and activate 
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additional immune cells and self-activate to expand the response to ultimately neutralize the 

perceived immunological threat via innate mechanisms such as phagocytosis. 

Disruption of macrophages rhythms by myeloid specific murine BMAL1 knockout results 

in a largely pro-inflammatory phenotype in terms of  the repertoire and quantity of cytokine 

released in response to incubation with LPS (Early et al. 2018). Similarly, when circadian function 

is disrupted via environmental factors such as  constant dim light, the LPS inflammatory response 

is also enhanced (Adams et al. 2013; Fonken, Weil, and Nelson 2013; Castanon-Cervantes et al. 

2010). Consequently, LPS actually has been found to disrupt the macrophage circadian clock, 

suggesting that post-LPS-activation exerts a type of positive feedback consequence where the 

resulting breaking of the clock will continue to lock the macrophage into a pro-inflammatory 

phenotype (Yusi Wang et al. 2016). 

1.2.4 Responses to Pathogens 

Tuberculosis (Mycobacterium tuberculosis) infection of ex vivo peritoneal macrophages 

harvested at various time points resulted in a difference in the resulting expression and activity of 

metalloproteinases which contribute to tuberculosis infection and pathology by deteriorating lung 

matrix. This difference was dictated by the regulation of microRNA-223, which was found to bind 

the BMAL1 3’ UTR (Lou et al. 2017). 

Susceptibility to infection with salmonella bacteria has also been found to be highest during 

early relative night (Bellet et al. 2013). Further work on the integration of circadian rhythms with 

salmonella immune defense revealed that diurnal changes in macrophage mitochondrial dynamics 

dictated the variation in susceptibility by modulating bactericidal capabilities (Oliva-Ramírez et 

al. 2014). The circadian susceptibility to salmonella infection has also been demonstrated in non-

murine and non-human species. In the zebrafish model, which also contain macrophage-like cells 
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with conserved functions in innate immunity, infection at night also resulted in reduced survival 

(Du et al. 2017). 

Macrophages are specifically targeted for infection by the parasite Leishmania. Indeed 

there is evidence that susceptibility of macrophages to infection by Leishmania is rhythmic, both 

with in vivo and in vitro murine models; macrophage-specific BMAL1 knockouts showed no 

rhythms in susceptibility to infiltration. It is thought that this rhythmicity stems from circadian 

regulation of chemoattractant factors that allow a higher amount of macrophages to  migrate into 

the tissue to the site of infection (Kiessling et al. 2017). 

1.2.5 Phagocytosis 

The engulfment of pathogens, dead cells and cellular debris by macrophages is a hallmark 

feature of macrophages and their ability to neutralize threats and mount effective immune 

responses. Diurnal rhythms of phagocytosis activity in ex vivo sampled macrophages under 

light/dark cycles have been described in multiple organisms, e.g. goldfish, chickens, mice and with 

the uptake of multiple types of particles, e.g. latex beads, FITC-labeled Zymosan (Kurepa, Rabatić, 

and Dekaris 1992; Kondo et al. 1992; McNulty, Cole, and Fox 1988; Carmen Barriga et al. 2001; 

C Barriga et al. 2002; Paredes et al. 2007; Hayashi, Shimba, and Tezuka 2007). Most studies found 

that phagocytosis is most efficient in the mid/late relative day. 

Since these initial papers establishing widespread diurnal rhythms in macrophage 

phagocytosis, A-Gonzalez et al., 2017 examined phagocytosis of cellular debris by various resident 

macrophages and found that all resident macrophages observed had rhythmic uptake of 

fluorescently labeled cells/cellular debris. Curiously, liver resident macrophages, known as 

Kupffer cells, were the only resident macrophages that did not exhibit rhythmic uptake, 

presumably due to Kupffer cells’ preference for small particle uptake altering uptake kinetics. 
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To date, no studies have shown that phagocytosis is rhythmic in vitro in serum-

synchronized cells as opposed to ex vivo isolates, leaving the question open as to whether 

endogenous rhythms entirely independent of external regulatory cues is adequate to generate 

phagocytosis rhythms. Recently Chen, Fuller, Dunlap, & Loros, 2018 reported that the uptake of 

fungal spores by peritoneal or bone-marrow derived is not rhythmic. However, they found that 

clearance from the lungs in vivo is higher when inoculation is done at night, suggesting that other 

cell types such as neutrophils may be the primary clearer of at least fungal debris or may be 

influencing macrophages in vivo with an extracellular cue. 

1.2.6 Macrophage Rhythmicity and Disruption Implicated in Disease 

1.2.6.1 Atherosclerosis 

Macrophages are known for their role in the pathology of atherosclerosis, as macrophages 

both accumulate in damaged blood vessels to secrete atherosclerotic plaque as well as facilitate a 

chronic inflammation environment in the vessels that progresses the disease. Several studies have 

examined the role of the macrophage circadian rhythm and circadian disruption in the context of 

atherosclerosis and have described the specific impacts of many different clock genes in the 

negative arm and auxiliary arms of the core oscillator. In an epigenome-wide association study of, 

Per3 was one of three methylation sites identified as associated with the ability of macrophages to 

contribute cholesterol to high density lipoprotein, which facilitates cholesterol reuptake by the 

liver to confer protection from atherosclerotic disease (Sayols-Baixeras et al. 2017). 

In mouse models where REV-ERBa expression was knocked down with a myeloid-specific 

shRNA-lentivirus, higher numbers of plaque lesions were found in the aorta in addition to higher 

markers for pro-inflammatory M1 macrophages, without causing changes to the serum levels of 

phospholipids, cholesterol, triglycerides. Alternatively, overexpression of REV-ERBa in myeloid 
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cells resulting in more markers for anti-inflammatory M2 macrophages, indicating that REV-

ERBa and the circadian clock in macrophages are contributing to plaque formation via modulating 

inflammation phenotype (Ma et al. 2013). 

Another lab focused on CRY1 expression in humans and mouse models with 

atherosclerosis. Among their main findings were that human patients with atherosclerosis had 

lower serum level expression of CRY1 compared to healthy patients. In their ApoE-deficient 

mouse model they found that CRY1 overexpression attenuated the development of atherosclerotic 

lesions. Although their methods did not specifically address the lesion-related effects of CRY1 in 

macrophages, they concluded that CRY1 expression confers a protection against atherosclerosis 

by inhibiting the TLR/NFkB pathway, which is known to be highly circadianly regulated in 

macrophages (Yang et al. 2015). 

Most recently, it was found that Per2 represses ABCG5/8 expression, which is essential to 

reverse cholesterol metabolism reactions; it is thought that upregulation of ABCG5/8 proteins is 

what confers the cardiovascular benefits in patients taking metformin by decreasing the amount of 

cholesterol secreted by macrophages to form plaque, making Per2 a potential therapeutic target for 

treatment of atherosclerosis (Molusky et al. 2018). 

1.2.6.2 Asthma 

Asthma is defined by the chronic and acute inflammation of the bronchioles, and rhythmic 

symptoms have long been noted by the medical field. Asthmatic attacks are much more prevalent, 

severe and resistant to steroidal treatment during the night than during the day (Kraft et al. 2001; 

Jarjour and Busse 1995). In a myeloid-specific BMAL1 knockout asthma mouse model, signs of 

asthma-related inflammation, e.g. cytokine release, lung inflammation, eosinophil abundance, 

were much more pronounced compared to wild type counterparts. The role of BMAL1 in 
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repressing asthmatic inflammation facilitated by myeloid cells such as macrophages is thought to 

be the reason that astmatic attacks occur more frequently during the night, as this is when the 

expression levels of BMAL1 are at the lowest (Zasłona et al. 2017). 

1.2.6.3 Arthritis 

The inflammatory symptoms of rheumatoid arthritis (RA) are known to be highly rhythmic 

in nature. To determine mechanisms that generate rhythmic symptoms as well as the prevalence 

of circadian disruption in RA patients, one recent study that examined clock gene expression in 

blood circulating macrophages from RA and non-RA patients. It was determined that Per2 and 

Per3 expression was no longer rhythmic in RA patients whereas BMAL1 remained rhythmic, but 

at much lower amplitude. In addition, it was noted that the amount of each circulating cell type 

lost rhythmicity in RA patients. This evidence suggests that RA is exacerbated by a loss of 

endogenous macrophage circadian rhythmicity that results in a more pro-inflammatory phenotype 

(Spies et al. 2015). 

1.2.6.4 Metabolic Disease 

Many studies have sought to further understand the role of circadian genes and disruption 

in metabolic diseases such as type II diabetes (Jetten, Kang, and Takeda 2013), but few have 

focused on the role macrophages specifically play. It is now known that a high-fat diet in mice 

with chronic disruption via light schedule disruption has profound detrimental effects mediated 

through macrophage mechanisms: splenic migration patterns are altered and M1 pro-inflammatory 

macrophages are more abundant and more actively secreting pro-inflammatory cytokines within 

the adipose tissue (Kim et al. 2018). 



 20 

1.2.6.5 Sepsis 

Sepsis is the often-lethal condition that occurs when an infection has progressed to the 

point where organs begin to shut down and demonstrate widespread dysfunction. It was shown in 

an advanced, post-septic murine model that BMAL1 deficiency in macrophages specifically 

exacerbates organ dysfunction and the underlying infection by upregulating programmed death 

ligand 1 (PD-L1) mediated pathways, causing the increased apoptosis of T cells. The authors 

conclude that BMAL1 deficiency and the circadian clock in macrophages is a viable therapeutic 

target in improving outcomes in septic patients (Deng et al. 2018). 

1.2.6.6 Viral/pharmaceutical Related Hepatitis 

Fulminant hepatitis is severe liver injury that is often caused by viruses or pharmaceuticals. 

The circadian auxiliary protein REV-ERBa temporally regulates the formation of inflammasome 

complex protein NLRP3 and the associated cytokine release in ex vivo murine and in vitro human 

macrophages. Disruption of circadian rhythms consequently lead to more severe liver 

inflammation in a fulminant hepatitis murine model, suggesting that the timing and circadian 

disruption state of patients may be crucial in predicting the extent of liver injury caused by viruses 

or pharmaceuticals (Pourcet et al. 2018). 

1.2.6.7 Inflammatory Bowel Disease 

The role of macrophage expression of circadian genes in chronic inflammation of the bowel 

has been examined in both humans and mouse models. Nearly all human patients with ulcerative 

colitis or inflammatory bowel disease sampled demonstrated low levels of clock gene expression 

in circulating macrophages. Further, a lower level of clock gene expression in circulating 

macrophages was correlated with a higher expression of C-reactive Protein, which is a commonly 
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used marker of inflammation, indicating that macrophages are involved in the pathology of gut 

inflammatory diseases (Xiaojing Liu et al. 2017). 

1.2.6.8 Skeletal Mandibular Hypoplasia 

Being a cell type related to macrophages and of the same differentiation, the rhythmicity 

and consequent circadian disruption in osteoclasts has recently been implicated in the human 

disease known as skeletal mandibular hypoplasia, characterized by an underdeveloped jaw. This 

study found that BMAL1, via promoter binding, directly regulated osteoprotegerin (OPG) secreted 

by osteoclasts that is essential for bone development (Zhou et al. 2018). Further, in mouse models 

where circadian disruption was induced with jet lag light schedules, they found the chronic 

disruption led to more underdeveloped jaws, comparable to the condition found in adults. They 

concluded that BMAL1 deficiency results in a downregulation of OPG, which in turn enhances 

the differentiation of osteoclasts over osteoclasts, therefore decreasing bone resorption over bone 

creation. 

1.3 Conclusions 

Macrophages possess a robust internal clock, and the importance of this endogenous 

rhythmic regulation is becoming increasingly evident in terms of both maintaining human health 

and contributing to disease. General consensus in the literature maintains that during the relative 

rest phase, factors related to immune cell maturation and release from the bone marrow are highest. 

Whereas during the active phase, macrophages are recruited into the tissues and are most primed 

for effective innate immune responses and inflammation. Pathogenic or immunological insults that 

occur during relative night hours, when circadian rhythms have not optimized macrophages to 

respond, often results in a dysregulated overreaction in the production of pro-inflammatory 
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cytokines, leading to tissue damage and susceptibility to infection. Similarly, it is becoming clearer 

that disruption of macrophage rhythms, either via knockout of clock genes or as a consequence of 

disruptive lighting schemes, consistently results in a pro-inflammatory phenotype, contributing to 

a multitude of detrimental pathologies rooted in inflammation. 

In gaining a deeper understanding of the fundamental clock regulatory output that underlies 

and generates these macrophage-related physiological rhythms and subsequent dysregulated 

inflammatory phenotypes, more work still needs to be done in examining with more specificity 

which aspects of the clock are regulating which immune functions/responses and to what extent 

regulatory output is derived from transcriptional vs. post-transcriptional mechanisms. 

To fill this major gap in knowledge, we sought to profile global transcriptomic and 

proteomic circadian oscillations in macrophages and then explore how this regulation impacts the 

function of macrophages in an immune and inflammatory context to ultimately inform potential 

roles in disease pathophysiology. Current issues with our knowledge of the role of macrophages’ 

circadian regulation is that many studies are not designed to delineate which processes are 

controlled primarily by their cell-intrinsic rhythms as opposed to extracellular rhythmic cues. This 

is partly due to the lack of knockout approaches utilized that specifically target the clock function 

only in macrophages, with most targeting strategies only able to target myeloid cells, which also 

includes other leukocytes such as neutrophils and dendritic cells. The fact that studies of 

macrophages in vivo and ex vivo, although provide a more holistic context, cannot separate which 

rhythms are derived from the endogenous oscillator versus from the presence of external, systemic 
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cues such as hormone and nutrient signaling. While how those external circadian cues impact 

macrophage physiology are indeed relevant at the organismal level, they do not facilitate an 

understanding of how the macrophage endogenous oscillator generates physiologically relevant 

output. Our work in comprehensively profiling circadian output in macrophages with a multi-

omics approach will provide a strong foundation on which to build a detailed, mechanistic view 

of how the circadian clock regulates macrophage physiology (Figure 1.7). Upon this foundation 

of what is controlled under normal circadian conditions, we can further build an understanding of 

which regulatory networks would be targeted when circadian rhythms are circadianly disrupted 

and apply these insights to the plethora of studies that emphasize the detrimental consequences of 

prolonged circadian disturbances. 

The regulation of macrophage immunological responses by the circadian system and its 

relevance to disease is becoming increasingly popular, with the majority of literature reviewed in 

this chapter being published only in the last 5 years. As studies continue to be done on the 

interconnection between immunity and circadian rhythms/circadian disruption, it is our hope that 

Figure 1.6: A multi-omics approach builds a foundation to understand the role of circadian rhythms in 

disease. 
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macrophage-specific insights become increasingly focused since macrophages serve uniquely 

poised roles in immunity in terms of coordinating acute and chronic inflammation that can damage 

tissue and exacerbate disease. Further understanding the role of circadian regulation in 

macrophages and how circadian disruption impacts macrophages will undoubtedly lead to new 

therapeutic targets in addition to novel strategies such as light therapy and time of day optimization 

that will help improve existing therapies for diseases and treatments that have inflammatory 

components. 
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2. CHRONIC CIRCADIAN DISRUPTION PROMOTES 

SYSTEMIC PRO-INFLAMMATORY DYSFUNCTION 

 

2.1 Introduction 

As reviewed earlier, chronic circadian disruption is associated with a higher risk of 

developing diseases such as cancer, metabolic disease, cardiovascular disease and 

neurodegenerative disease. While there are many environmental factors that can cause chronic 

circadian disruption (e.g. high fat/sugar diet, sleep deprivation), shifting work schedules is an 

important source of circadian disruption to understand the consequences of because such a high 

proportion of the global work force are subjected to rotating shifts (Boivin and Boudreau 2014). 

The study of shift work is also highly conducive to laboratory study because lighting schemes can 

be controlled to simulate a rotating shift schedule by inverting the lighting schedule. These are 

also referred to “jet lag” studies because this also simulates lighting changes that are experienced 

by traveling to a time zone conflicting with preceding entrainment cues.  

Many such studies have sought to address how this paradigm of chronic circadian 

disruption leads to the dysregulation of several physiological processes, with many focusing on 

the dysregulation of metabolism, hormone levels and observable behavioral patterns (Khalyfa et 

al. 2017; Haus and Smolensky 2013; Kim et al. 2018; Boivin and Boudreau 2014; Figueiro et al. 

2017). Studies have also found that chronic circadian disruption has profound impacts on innate 

immunity and inflammation by examining altered responses to immunological challenges such as 

LPS injection (Guerrero-Vargas et al. 2015; Castanon-Cervantes et al. 2010). However, through 

which mechanisms this dysregulation occurs is unclear as well as which cell types are the most 

impactful targets. It is further unclear what immunological and pro-inflammatory changes are 

brought about by dysregulation alone as studies have not addressed the underlying impacts of 
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dysregulation on baseline chronic inflammation and have only focused on analyzing responses to 

a powerful immunological challenge.  

To shed light on the systemic consequences of chronic circadian disruption and potential 

mechanistic insights, we conducted two experiments to comprehensively profile serum cytokines 

with diverse immunological and metabolic functions. The first was a qualitative antibody array-

based approach measuring cytokine profile changes from baseline measurements for individual 

mice following exposure to rotating shift work schedules. The second was a quantitative bead-

based multiplex comparing cytokine profiles between baseline, dayshift-only mice and those 

undergoing simulated shift work schedules. We discuss the potential relevance to inflammation of 

a number of cytokines found to be modulated by chronic circadian disruption to create a pro-

inflammatory bodily state. We further discuss the modulation of several macrophage-specific and 

macrophage relevant cytokines which emphasize the importance of macrophage dysregulation as 

a mechanism linking chronic circadian disruption to inflammation-related pathologies and 

diseases. 
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2.2 Qualitative Cytokine Profiling with Antibody Arrays 

2.2.1 Methods 

2.2.1.1 Simulated Shift Schedule Protocol 

To probe the effects of shift work schedules on mice, 3 mice were subjected to 4 

consecutive lighting schemes designed to simulate various shifting work schedules (Figure 2.1). 

After the conclusion of each lighting scheme, tail-derived blood samples were taken for cytokine 

profiling to be done at the conclusion of all lighting schemes tested. The first lighting scheme was 

a normal, diurnal lighting scheme with 12 hours of darkness followed by 12 hours of light 

(12L:12D) for 3 weeks to establish baseline levels of serum cytokines under natural circadian 

conditions. The next lighting scheme was simulating shift workers with 3 “night shifts” per week. 

During this scheme, the lighting remained 12 hours of light and 12 hours of darkness for 3 weeks, 

but the lighting schedule was inverted for 3 consecutive days a week, as a shift worker would 

experience. The next lighting scheme was designed to simulate one night shift per week for a shift 

worker, where the lighting was inverted once a week. The final lighting scheme was a return to 

the normal baseline 12 hours light and 12 hours of darkness to examine the recovery of cytokine 

levels with a return to an uninterrupted circadian schedule. In between each lighting scheme mice 

Figure 2.1: Experimental design for examining effects of shift work schedules of serum cytokine levels. 
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were subjected to a “wash out” for 4 weeks, which consisted of 2 weeks of darkness and 2 weeks 

of normal 12L:12D to wash out the entrainment effects of the previous scheme before starting the 

next. Further, green lighting was used for all periods of light, as green light has been shown to be 

less stressful for mice due to their adaptation to low lighting, thus the stress of white light would 

be considered a confounding factor. 

2.2.1.2 Cytokine Array Profiling 

Following each blood collection as outlined in the above section, serum samples were left 

to clot at room temperature, centrifuged and serum layer was aliquoted and stored at -80ºC until 

samples could all be processed simultaneously at the conclusion of the experiment. Once all 

Figure 2.2: Cytokine array panel for simultaneous detection of 111 mouse cytokines. Above map 

indicates layout of antibody spots. Spots A1, A2, J1, J2, A23 and A24 are positive control spots. J23 and 

J24 are negative control spots used for determining background value. Each cytokine/control is spotted 

in duplicate. Lower image shows representative panel following exposure of chemiluminescent array to 

film. 
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samples were collected, cytokine profiling was then done with the Proteome Profiler Mouse XL 

Cytokine Array (R&D Systems) (Figure 2.2). Each kit contains 4 arrays, thus each kit was run  

Table 2.1: List of 111 cytokines tested with Proteome Profiler XL (R&D Systems). Red highlights the 56 

cytokines that were considered adequately detected for qualitative analysis. 

Adiponectin/Acrp30 CXCL1/KC IGFBP-6 MMP-3 
Amphiregulin CXCL2/MIP-2 IL-1 alpha/IL1F1 MMP-9 
Angiopoietin-1 CXCL9/MIG IL-1 beta/IL-1F2 Myeloperoxidase 
Angiopoietin-2 CXCL10/IP-10 IL-1ra/IL-1F3 Osteopontin (OPN) 
Angiopoietin-like 3 CXCL11/I-TAC IL-2 Osteoprotegerin/TNFRSF11B 
BAFF/BLyS/TNFSF13B CXCL13/BCA-1 IL-3 PD-ECGF 
C1q R1/CD93 CXCL16 IL-4 PDGF-BB 
CCL2/JE/MCP-1 Cystatin C  IL-5 Pentraxin 2/SAP 
CCL3/CCL4 MIP-1 a/b Dkk-1 IL-6 Pentraxin 3/ TSG-14 
CCL5/RANTES DPPIV/CD26 IL-7 Periostin/OSF-2 
CCL6/C10 EGF IL-10 Pref-1/DLK-1/FA1 
CCL11/Eotaxin Endoglin/CD105 IL-11 Proliferin 
CCL12/MCP-5 Endostatin IL-12p40 Proprotein Convertase 9/PCSK9 
CCL17/TARC Fetuin A/AHSG IL-13 RAGE 
CCL19/MIP-3 beta FGF acidic IL-15 RBP4 
CCL20/MIP-3 alpha FGF-21 IL-17A Reg3G 
CCL21/6Ckine Flt-3 Ligand IL-22 Resistin 
CCL22/MDC Gas6 IL-23 E-Selectin/CD62E 
CD14 G-CSF IL-27 P-Selectin/CD62P 
CD40/TNFRSF5 GDF-15 IL-28 Serpin E1/PAI-1 
CD160 GM-CSF IL-33 Serpin F1/PEDF 
Chemerin HGF LDL R Thrombopoietin 
Chitinase 3-like 1 ICAM-1/CD54 Leptin TIM-1/KIM-1/HAVCR 
Coagulation Factor III IFN-gamma LIF TNF-a 
Complement Component C5 IGFBP-1 Lipocalin-2/NGAL VCAM-1/CD106 
Complement Factor D IGFBP-2 LIX VEGF 
C-Reactive Protein/CRP IGFBP-3 M-CSF WISP-1/CCN4 
CX3CL1/Fractalkine IGFBP-5 MMP-2 - 

with all samples for each mouse, thus a total of 3 kits, all from the same lot, were used. 

This cytokine array simultaneously profiles 111 different cytokines via spotting of detection 

antibodies on a nitrocellulose membrane (Table 2.1). Each cytokine is also duplicated for increased 

validity. After incubation of arrays with serum samples and processing with development 

antibodies/reagents, the arrays are exposed to film at for various exposure times to measure the 

chemiluminescent signal (Figure 2.2). This chemiluminescent signal is a qualitative assessment of 

the amount of cytokine present in each serum sample. Relative cytokine levels were quantified 
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from the x-ray images using ImageJ analysis of the mean gray value of each spot, with background 

subtracted to control for differences between background signal levels of each individual image. 

The resulting mean gray values for duplicate spots were then averaged together to determine a 

quantitative representative of the expression for each cytokine of each sample. 

 

2.2.2 Results 

Of the 111 cytokines assayed by our proteome profiling array, we found 56 cytokines that 

were adequately detected for analysis. Because our experiment did not involve a severe, acute 

perturbation of the immune system, such as invoking a massive inflammatory response via 

introduction of a pathogen, it is not surprising that the majority of the local inflammatory 

cytokines, such as Interleukins, were not abundant enough in serum samples to be detected by our 

assay technique. However, our profiling array had the advantage of profiling cytokines beyond 

those classically involved in inflammation and immunity, such as those that have functions 

involved in metabolism and epithelial cell proliferation.  

2.2.2.1 Overall Cytokine Abundance Changes with Shift Work Schedules 

Surveying the 56 cytokines we detected, we noted an interesting pattern offering insight 

into the widespread consequences of chronic circadian disruption. Overall abundance of cytokines 

increased under 3x/week shift schedule compared to under a normal 12:12 schedule (Figure 2.3). 

Interestingly, despite the reduction of the shift work schedule to 1x/week, average cytokine levels 

continued to increase. Finally, after the return of mice to a 12:12 schedule it was observed that 

cytokines decreased compared to 1x/week schedule, but still remained elevated and did not return 

to the original baseline. Our results suggest that the duration of chronic circadian disruption is 

perhaps more influential rather than the severity in reference to the number of days a week exposed 
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to inverted light schedules. Another possibility is that the age of exposure to circadian disruption 

is also an important factor, where older mice have a stronger systemic response to chronic circadian 

disruptions. Another important takeaway from this data is that cytokine levels remained elevated 

even after returning to a 12L:12D, indicating that the effects of chronic circadian disruption are 

long lasting and persist potentially for weeks after normal circadian rhythms are re-established.  

2.2.2.2 Biomarkers of Inflammation 

As we were most interested in the inflammatory consequences of chronic circadian 

disruption, we first were interested in cytokines that are well known as biomarkers of inflammation 

in both mice and humans. Two such cytokines, C-Reactive Protein and Pentraxin 3 were detected 

in our panel (Figure 2.4). Although the relative amount of abundance differed between the 3 mice 

for each cytokine, a general pattern emerged from analysis of averaged relative values. The amount 

of CRP and Pentraxin 3 was lowest at the first time point under normal 12L:12D conditions, then 

increased as chronic disruption 3x/week was introduced and continued to increase under disruptive 

Figure 2.3: Effects of chronic circadian disruption on overall serum cytokine levels. Each bar represents 

the average background-subtracted values for all cytokines detected by cytokine array profiling. 
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conditions 1x/week. After return to 12L:12D, both cytokines decreased slightly from 1x/week 

values, but remained higher than the baseline. CRP is a liver protein that rises in response to 

inflammatory signals from macrophages and adipocytes. It is released as a consequence of 

inflammation due to tissue injury/infection to activate complement pathway-mediated clearance 

most specifically for recognition of dead or damaged cells. This is such a potent biomarker of 

inflammation that CRP levels are used in clinical settings to assess patients for infection/tissue 

injury risk during a heart attack or following surgery and illness (Black, Kushner, and Samols 

2004). Similar to CRP in structure, Pentraxin 3 is rapidly produced in response to primary 

inflammatory signals, but is produced by innate immune cells and endothelial cells. It is thought 

that Pentraxin 3 works in aiding the complement system activation and recognition of pathogens 

Figure 2.4: Cytokine abundance for inflammation biomarkers increase under shift work schedules. Average 

of cytokine levels for all three mice at each time point shown in blue and labeled. 
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and is considered a reliable biomarker for acute inflammation  (Kunes et al. 2012; Satoshi Suzuki 

et al. 2008). Due to their importance in the acute phase inflammatory response, the increase in 

levels of these two cytokines under conditions of chronic circadian disruption suggests that the 

stress of circadian disruption supports an inflammatory state with indicators of tissue dysfunction 

and injury. 

2.2.2.3 Factors for Proliferation and Recruitment of Macrophages 

We next were interested in cytokines that serve macrophage-specific purposes, as we are 

most interested in how circadian rhythms regulate macrophage physiology. Two cytokines, CCL6  

and Macrophage Colony Stimulating Factor (M-CSF) are particularly important for macrophage  

recruitment and differentiation respectively. Although a mouse-specific cytokine, CCL6 is a 

chemoattractant specifically for monocytes and macrophages as a signal to recruit macrophages 

into inflamed tissues and towards pathogens/tissue injury (Coelho et al. 2007). Alternatively, M-

CSF is a critical factor signaling hematopoietic stem cells to differentiate into macrophages 

(Popova et al. 2011). During both our simulated shift work conditions, the average level of CCL6 

and M-CSF increased compared to baseline (Figure 2.5). CCL6 levels slightly decreased when 

12L:12D conditions were restored, but remained elevated compared to baseline and the first 
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instance of circadian disruption, indicating that high levels resulting from perturbed circadian 

rhythms were sustained. Based on average values, M-CSF continued to rise even after restoring 

12L:12D conditions, but at the individual mouse level it became apparent that this higher average 

is due to one of the three mice with an abnormally high value, where the other two mice show 

levels decreasing on par with the pattern observed with other cytokines. Our observations that 

serum levels of CCL6 and M-CSF increased after simulated shift work schedules suggests that 

chronic circadian disruption significantly perturbs tissue homeostasis to such a significant degree 

that levels of macrophage differentiation and recruitment are increased as a response as if akin to 

a pathogenic threat or bodily injury. 

Figure 2.5: Cytokine abundance for macrophage specific cytokines. Average of cytokine levels for all 

three mice at each time point shown in blue and labeled. 
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2.2.2.4 Adaptive Immune Cell Maturation Factors 

While we found several cytokines associated with innate immune responses, which are the 

“front-line” immunological defenses coordinated by macrophages and other innate immune cells, 

we also looked for cytokines involved in the adaptive immune response. Adaptive immunity is 

coordinated by B and T cells to generate highly specific recognition of pathogens, which is slower 

to respond, but mounts a generally much larger and effective immune response to neutralize 

pathogenic threats. One such adaptive immunity cytokine we identified was CCL17. This cytokine 

is produced by activated macrophages in addition to constitutive expression in the thymus and is 

known as a chemoattractant specific to T cells due to their high expression levels for the receptor 

CCR4, which binds to CCL17 (Staples et al. 2012). However, it has been noted in certain 

inflammatory contexts, such as pulmonary fibrosis models, that macrophages may also express 

CCR4 to facilitate tissue-damaging inflammation (Belperio et al. 2004). Compared to other 

cytokines, which generally showed an increase in abundance in 1x/week vs 3x/week shift work 

lighting schedules, CCL17 demonstrated highest levels during the 3x/week scheme (Figure 2.6). 

Figure 2.6: Cytokine abundance of T cell-specific cytokine CCL17. Average of cytokine level for all three 

mice at each time point shown in blue and labeled. 
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Further, average levels returned to baseline values when 12L:12D conditions were restored. This 

suggests that CCL17 release is most perturbed by circadian disruption when it occurs several 

nights a week. It is still perturbed by once a week simulated shift work to a lesser extent, but 

appears to be able to recover more quickly once regular circadian conditions are re-established. 

2.2.2.5 Mechanisms for Innate Antimicrobial Defense 

We also surveyed our cytokine panel for changes in cytokines involved in the innate 

immune response aimed at neutralizing pathogens specifically, as opposed to general tissue 

Figure 2.7: Abundance of antimicrobial innate defense cytokines. Average of cytokine

level for all three mice at each time point shown in blue and labeled. 
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damage and inflammation. Lipocalin-2 is expressed by neutrophils, an important short-lived innate 

immune cell, as a means to sequester iron as an innate defense against pathogens since iron is a 

critical component of redox reactions used by pathogens for cell respiration and DNA synthesis 

(Doherty 2007; Flo et al. 2004). Another cytokine, Reg3G, is secreted by damaged epithelial cells, 

skeletal muscle and peripheral neurons and is a lectin with antimicrobial activity against gram 

positive bacteria (Choi 2018). Reg3G and similar lectins protect against pathogenic threats by 

disrupting the stability of the bacterial cell wall, making them vulnerable to lysis by osmotic forces 

(Mukherjee and Hooper 2015). Our measurements of Reg3G and Lipocalin-2 demonstrated similar 

patterns to other cytokines, with increased abundance during simulated shift work schedules and 

moderate decrease once conditions are returned to 12L:12D (Figure 2.7). The increase of these 

cytokines during circadian disruption suggests that such conditions promote pro-inflammatory 

conditions evolved to combat pathogens. Perhaps these pathogen-fighting cytokines are higher 

levels in circadian disrupted mice due to shared inflammatory pathways, but it is also possible that 

circadian disruption increases their susceptibility to pathogens despite no difference in normal 

pathogen exposure. 

2.2.2.6 Epithelial Cell Proliferation and Inflammatory Crosstalk Factors 

Epithelial cells are a cell type especially poised for coordinating immune/inflammatory 

responses as they are typically the first line against pathogens being the surface barrier cells of the 

body. Epithelial cell proliferation and turnover dynamics is an important consequence and 

mediator of inflammation as epithelial proliferative changes are associated with ongoing 

inflammation, especially in the contexts of cancer and inflammatory bowel diseases (Hu, Elinav, 

and Flavell 2011; Sipos et al. 2005). We identified two cytokines intimately involved with 

epithelial cell proliferation in crosstalk with inflammation that were impacted by circadian 
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disruption. Gas6 is a factor known to stimulate epithelial cell growth, survival, adhesion and 

migration as well as amplifies pro-inflammatory endothelial cell activation via participating in 

coagulation factor pathways (Fernández-Fernández, Bellido-Martín, and García de Frutos 2008; 

Law et al. 2015). HGF is an important factor for tissue repair as it modulates growth, motility and 

morphogenesis of epithelial cells. Further, a pre-processed form of HGF activates macrophage 

stimulating proteins, making macrophages more likely to be activated to coordinate inflammation 

(Dignass, Lynchdevaney, and Podolsky 1994). For these two cytokines we observed that they both 

had increased serum levels during chronic circadian disruption and slightly, but not fully, 

recovered after normal circadian lighting scheme was re-established (Figure 2.8). 

Figure 2.8: Abundance of epithelial cell modulating cytokines. Average of cytokine level for all 

three mice at each time point shown in blue and labeled. 
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2.2.2.7 Glucose Metabolism and Obesity-Linked Inflammation 

Finally we surveyed our profiled cytokines for those involved in glucose metabolism, due 

to glucose metabolism’s importance directly with inflammation as well as via metabolic diseases 

such as diabetes and obesity. Dipeptidyl peptidase-4 (DPP-4) plays a critical role in how the body 

metabolizes glucose as DPP-4 is able to inhibit insulin production by degrading the hormone that 

stimulates insulin production (Ahrén 2007). Its importance is emphasized by the fact that a 

commonly used, effective drug class used to treat diabetes are DPP-4 inhibitors (Ahrén 2007). 

Further, DPP-4 is thought of as the link between metabolism and inflammation as it drives obesity-

induced inflammation by regulating macrophage activation (Zhuge et al. 2016). In our simulated 

shift work experiment we found that DPP-4 average serum levels increased as circadian disruption 

continued and did not return to baseline after the conclusion of simulated shift work schedules.  

 

 

 

Figure 2.9: Abundance of DPP-4 with simulated shift work conditions. Average of 

cytokine level for all three mice at each time point shown in blue and labeled. 
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2.3 Quantitative Cytokine Profiling with Luminex 

2.3.1 Methods 

2.3.1.1 Simulated Shift Schedule Protocol 

Because of the success of our first array-based panel in identifying a plethora of cytokines 

involved in inflammation that are more abundant under conditions of chronic circadian disruption, 

we sought to conduct a similar experiment with quantitative methods as opposed to qualitative in 

the hopes that we would detect additional low-level cytokines such as interleukins that were largely 

undetected in our array profiling. In addition, we created two mouse groups, one group of 2 mice 

to undergo chronic circadian disruption and one group of 2 mice as an age control that only 

experienced 12L:12D lighting (Figure 2.10). Further, we wanted to determine the differences 

between using green light vs white light, so the experiment was repeated for both lighting 

conditions. 

8-week old C57BL/6 male mice were purchased from Taconic Farms and were split 

between the dayshift control and rotating shift rooms. For 2 weeks prior to the beginning of the 

experiment, mice were exposed to 12 hours of light followed by 12 hours of darkness for 2 weeks 

to acclimatize to cages. After this entrainment/adjustment period, the dayshift room continued on 

this 12L:12D schedule for the duration of the experiment, whereas the rotating shift room will 

undergo a disruptive protocol simulating shift work by inverting lighting 3x/week for the duration 

of the experiment (Figure 2.10). Every 7 weeks blood samples from all mice were drawn, allowed 

to clot for one hour, centrigued and serum was frozen for analysis at the conclusion at the 

conclusion of the experiment. 

Ambient lighting was turned off during the entire experiment. The rooms were windowless 

and equipped with light-tight doors to prevent any light leakage. A 30-cm long array of narrow-

band colored light emitting diodes (LEDs), using green or white irradiances were mounted inside 
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empty cages to the side of each occupied cage. The empty cages also contained a Teflon diffuser 

placed in front of the light source. Red flashlights and headlamps were used by humans to navigate 

in the room during the dark periods, as during these periods there is no ambient lighting other than 

Figure 2.10: Lighting protocols for examining impacts of circadian disruption on cytokine levels. Yellow 

denotes lights on, grey denotes lights off. Dates where blood samples are taken are labeled with an “X.” 
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that provided by the electrical equipment.  Staff were also given a red flashlight and headlamps 

for examining the animals daily. Light levels were modulated using software controls, which were 

programmed to turn the lights on and off at specific times. The cages will be provided with no 

more than 8 uW/cm2 of irradiance from the LEDs, as this light level has been shown to deliver 

biologically meaningful light for C57BL/6 mice.  

2.3.1.2 Luminex Panel 

After all samples were collected, a multiplexed magnetic bead-based panel using all 

samples (Luminex MCYTMAG-70K-PX32) was processed in 96-well format for simultaneous 

measurement of 32 cytokines. This panel utilized magnetic fluorescent beads conjugated to 

analyte-specific capture antibodies, where each bead has a unique fluorescence signature to allow 

identification of the analyte it is designed to capture, which enables measurement of 32 cytokines 

simultaneously with a single sample (Figure 2.11, Table 2.2). After 18 hours of incubation of 

samples with bead mixture, detection antibodies and development reagents (streptavidin-

phycoerythrin) were used to facilitate quantitation of the number of analyte binding events to each 

bead. The magnetic nature of the capture beads aids in the wash steps so that samples can be 

Figure 2.11: Approach of quantitative Luminex magnetic bead based assay. 
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thoroughly washed between development steps without losing the bead/analyte/detection antibody 

complex. A standard curve is also processed with known analyte concentrations so as to calibrate 

sample results and ensure validity of concentration measurements. Additionally, quality control 

samples are run with known expected range results to ensure the assay is recovering expected 

ranges for each cytokine. Final quantitation values in pg/mL are calculated for each cytokine by 

comparing Mean Fluorescence Intensity (MFI) signal to the standard curve and averaging together 

the result for both duplicate sample values. 

Table 2.2: List of 32 cytokines measured in Luminex inflammation panel. 

Eotaxin/CCL11 IL-4 IL-13 M-CSF 

G-CSF IL-5 IL-15 MIG 

GM-CSF IL-6 IL-17 MIP-1α 

IFN-γ IL-7 IP-10 MIP-1β 

IL-1α IL-9 KC MIP-2 

IL-1β IL-10 LIF RANTES 

IL-2 IL-12 (p40) LIX TNF-α 

IL-3 IL-12 (p70) MCP-1 VEGF 

2.3.2 Results 

2.3.2.1 Standard Curve and Quality Controls 

 Standard curves were calculated by fitting a 5 parametric logistic curve to 5 known 

standards prepared via serial dilution ranging from 12.8 – 40,000 pg/mL. As an representative 

example, the curve for cytokine IL-1a demonstrates that our curve is successful at generating a 

predictable curve for reliable quantitation of sample unknown values. For the quality control 

measurements for IL-1a, the lower range target was 98-204 and the higher range target 502-1044. 

Our quality control values were calculated to be 140.5 and 756.9, demonstrating excellent recovery 

of accurate cytokine measurements. These curves and control values were equally as accurate for 

all cytokines tested.  
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2.3.2.2 Macrophage-Specific Cytokines 

Prior to completing the full 32 cytokine panel, our protocols were tested using a Luminex 

kit containing only beads for detecting M-CSF. An extra mouse per group was used to draw blood 

samples during the experiment done under green lighting, but recovered serum amounts for these 

mice was inadequate for duplicate testing at some time points. Thus, these “extra” mice were used 

for a test assay as a preliminary analysis, with some time points only quantified by one instead of 

duplicate values. M-CSF was chosen as the test analyte since we observed that this factor had 

increased over time in our qualitative antibody array experiments (Figure 2.5). This preliminary 

test found that M-CSF dramatically increased over time for the mouse experiencing rotating shift 

schedules, whereas the mouse exposed only to 12L:12D lighting remained at low levels. This 

would suggest that our earlier findings using qualitative arrays were recapitulated and that M-CSF, 

Figure 2.12: Quantitative measurement of M-CSF in preliminary assessment. Each line 

consists of one mouse sampled across 3 time points and each point is the average of 1-3 

values with standard deviation. Points without error bars are based on only one value due 

to insufficient serum amounts. 
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a macrophage-specific differentiation factor, is more abundant as a consequence of chronic 

circadian disruption. 

However, analysis of the remaining mice used for the full cytokine panel, which also 

included M-CSF, did not demonstrate a similar pattern under either green or white lighting (Figure 

2.13). Several points across all conditions were considered undetected due to MFI values outside 

the viable curve. Compared to the 100-fold difference between minimum and maximum values 

seen in our preliminary Luminex run, values in our full panel run remain low in all samples and 

Figure 2.13: Quantitative measurement of M-CSF with cytokine panel. Dates 1-3 refer to the three 

time points under the various lighting conditions at which blood serum samples were collected. 

Duplicate mice for each time point are shown and each point represents the average of technical 

duplicate concentration values. Red line indicates average concentration between the two mice and 

shaded region shows range between them. Missing points indicate that value was too low to be 

considered quantifiable. 
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with large discordance between the two mice sampled at each condition/time point. It is admittedly 

difficult to reconcile this data as ultimately we saw the effect observed in earlier qualitative 

experiments in only one of the three mice available to examine for this important cytokine. 

However, looking at all dayshift mice showed minimal changes over time, with many too low to 

be detected, suggesting that age-related increases in M-CSF serum levels are within the range of 

variability between mice and thus age is not the primary factor contributing to the increase 

Figure 2.14: Quantitative measurement of MCP-1 with cytokine panel. Dates 1-3 refer to the three time points 

under the various lighting conditions at which blood serum samples were collected. Duplicate mice for each 

time point are shown and each point represents the average of technical duplicate concentration values. Red 

line indicates average concentration between the two mice and shaded region shows range between them. 

Missing points indicate that value was too low to be considered quantifiable. 
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observed in our qualitative experiment and in the one “responder” mouse in our quantitative 

experiment. 

A macrophage specific cytokine that clearly demonstrated higher overall abundance in 

mice with simulated shift work schedules was Monocyte Chemoattractant Protein 1 (MCP-1) 

(Figure 2.14). MCP-1 is a critical macrophage-specific chemoattractant released by myriad cell 

types, particularly as a response to immunological insults and in the context of inflammation. The 

function of MCP-1 is to recruit macrophages/monocytes across the capillary walls and into tissues 

towards areas of inflammation (Deshmane et al. 2009). Under simulated shift work lighting 

schedules using green light, average serum levels of MCP-1 were higher than those without 

exposure to disruptive light schedules. Although average values are more similar at the last time 

point due to one large value for the dayshift Mouse 2, for time points 1 and 2 MCP-1 levels are 2x 

to 4x higher than in the dayshift mice. Interestingly, this pattern was only observed in the green 

light conditions and was not recapitulated under white light. This would suggest that circadian 

disruption with green light has more profound immunological consequences in the context of 

increased signaling for macrophage mobilization. 

2.3.2.3 Interleukins 

A limitation of our previous array-based experiment was that most interleukins were not 

abundant enough to be detected. Despite our more sensitive quantitative experimental approach, 

this was also true for the majority of interleukins (IL) profiled, with the exception of a few. The 

major inflammatory cytokine IL-15 is secreted primarily by macrophages in addition to fibroblasts, 

dendritic cells, epithelial cells and bone marrow stromal cells. Upon binding its receptor IL-15R, 

IL-15 is a potent activator of JAK/STAT signaling in innate cells to ultimately provoke the release 

of a multitude of pro-inflammatory cytokines (Perera et al. 2012). It also plays an important role 
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in the survival of T cells of the adaptive immune system. Thus, IL-15 a critical cytokine for 

inflammation in both contexts of acute pathogen defense as well as in chronic inflammation 

(Kirman, Vainer, and Nielsen 1998). Under green lighting, serum levels of IL-15 were consistently 

higher under circadian disruption conditions compared to 12L:12D conditions (Figure 2.15). With 

circadian disruption, this elevated average level continued to increase as disruptive conditions 

continued, yet with normal ciradian lighting values remained almost undetectable. However, this 

trend was not apparent under white lighting, suggesting that this circadian-derived stress is 

exacerbated by green light mediated mechanisms. 

Another interleukin with classical importance for inflammation is IL-6, secreted primarily 

by macrophages as a response to stimuli of the innate immune system (Tanaka, Narazaki, and 

Kishimoto 2014). Inflammation mediated by IL-6 is a key factor in the progression of 

inflammatory diseases such as rheumatoid arthritis and a successful treatment available for arthritis 

is the IL-6 blocker Tocilizumab (Tanaka, Narazaki, and Kishimoto 2014). Under simulated shift 

Figure 2.15: Quantitative measurement of IL-15 with cytokine panel. Dates 1-3 refer to the three time 

points under the various lighting conditions at which blood serum samples were collected. Duplicate mice 

for each time point are shown and each point represents the average of technical duplicate concentration 

values. Red line indicates average concentration between the two mice and shaded region shows range 

between them. Missing points indicate that value was too low to be considered quantifiable. 
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work conditions utilizing green light, IL-6 exhibited elevated levels for both mice at the midway 

time point, although levels returned to baseline/dayshift by the latest time point (Figure 2.16). 

Although not a sustained response over weeks of exposure to circadian disruption scheme, this 

substantial peak implies that IL-6 secretion may be effected by circadian disruption. In addition to 

its release by immune cells like macrophages for a role in pro-inflammatory signaling, IL-6 can 

also be secreted by muscles as a response to strenuous exercise, suggesting that perhaps this spike 

Figure 2.16: Quantitative measurement of IL-6 with cytokine panel. Dates 1-3 refer to the three time 

points under the various lighting conditions at which blood serum samples were collected. Duplicate 

mice for each time point are shown and each point represents the average of technical duplicate 

concentration values. Red line indicates average concentration between the two mice and shaded region 

shows range between them. Missing points indicate that value was too low to be considered quantifiable.
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is related to irregular exercise levels prior to sampling, which may have been precipitated by 

circadian disruption since this was not seen under dayshift conditions. 

All cytokines reviewed so far have been elevated only under conditions of simulated 

rotating shift work as well as when the lighting is green as opposed to white. However, one 

cytokine, IL-4, was found to be elevated in rotating shift schedule compared to dayshift schedule 

only under white lighting (Figure 2.17). It is interesting that this cytokine is the only cytokine that 

is elevated compared to dayshift equivalent as IL-4 is the primary cytokine that pushes 

macrophages into an anti-inflammatory, wound healing phenotype and blocks macrophages from 

expressing pro-inflammatory phenotypes (Bosurgi et al. 2017). Thus, perhaps white light-based 

circadian disruption in mice may be causing manageable levels of tissue damage, where a serum 

Figure 2.17: Quantitative measurement of IL-4 under white lighting conditions with cytokine Panel. Dates 1-3 

refer to the three time points under the various lighting conditions at which blood serum samples were collected. 

Duplicate mice for each time point are shown and each point represents the average of technical duplicate 

concentration values. Red line indicates average concentration between the two mice and shaded region shows 

range between them. Missing points indicate that value was too low to be considered quantifiable. 
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profile more akin to a widespread pro-inflammatory environment is avoided due to the increased 

signaling of macrophages to support tissue healing. 

2.3.2.4 Neutrophil Specific Factors 

Another essential immune cell for innate immune responses are neutrophils, which share a 

common lineage with macrophages as they are both derived from bone marrow progenitor cells. 

Much like how M-CSF is the differentiation signal for hematopoietic stem cells to differentiate 

Figure 2.18: Quantitative measurement of G-CSF with cytokine panel. Dates 1-3 refer to the three 

time points under the various lighting conditions at which blood serum samples were collected. 

Duplicate mice for each time point are shown and each point represents the average of technical 

duplicate concentration values. Red line indicates average concentration between the two mice and 

shaded region shows range between them. 
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into macrophages, the equivalent growth factor for neutrophils and similar granulocytes is 

Granulocyte-colony stimulating factor (G-CSF) (Basu et al. 2002). Neutrophils are the generally 

short-lived yet abundant and powerful cells recruited by inflammatory signals during acute 

infections and injury, however their complex roles in chronic inflammation are also beginning to 

be understood (Kolaczkowska and Kubes 2013). Under green lighting, serum levels of G-CSF are 

consistently elevated when mice are exposed to circadian disruption as opposed to normal 

12L:12D light schedules (Figure 2.18). However, no elevation in G-CSF is seen in either lighting 

schemes when the light source is white. This suggests that circadian disruption via green lighting 

is effective at provoking pro-inflammatory responses which promote neutrophil differentiation and 

mobilization from the bone marrow into circulation. 

2.3.2.5 Adaptive Immune Cell Factors 

A final cytokine of interest identified in our quantitative panel as modulated as a 

consequence of chronic circadian disruption was IFNy-Inducible Protein 10 (IP-10). IP-10 plays 

diverse, complex roles in immunity and inflammation by facilitating apoptosis, inhibition of cell 

proliferation, and chemotaxis for a variety of immune cells (M. Liu et al. 2011). In addition to 

these general functions, it is known through knockout studies that IP-10 is a critical factor for T 

cell generation as well as trafficking to sites of inflammation (Dufour et al. 2002). Compared to 

mice under a 12L:12D green lighting scheme, mice exposed to circadian disruption via green light 

demonstrated consistently elevated levels of IP-10 (Figure 2.19). Due to IP-10’s roles in both 

adaptive and innate immunity, elevation under chronic disruption would suggest that specifically 

green light-mediated disruption can have profound pro-inflammatory consequences via broad 

immunological mechanisms. 
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2.4 Discussion and Conclusions 

There is myriad evidence establishing that chronic circadian disruption can cause, 

contribute to the progression of, or exacerbate a multitude of diseases with inflammatory 

components (Evans and Davidson 2013; Adams et al. 2013; Labrecque and Cermakian 2015; 

Boivin and Boudreau 2014; Kim et al. 2018; N. Park et al. 2012; Archer et al. 2014; Morris et al. 

Figure 2.19: Quantitative measurement of IP-10 with cytokine panel. Dates 1-3 refer to the three time points 

under the various lighting conditions at which blood serum samples were collected. Duplicate mice for each 

time point are shown and each point represents the average of technical duplicate concentration values. Red 

line indicates average concentration between the two mice and shaded region shows range between them. 
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2016; Haus and Smolensky 2013). Because of the prevalence of shift workers and other 

environmental factors disruptive to circadian rhythms in the modern world (e.g. artificial light, 

travel across time zones), understanding the consequences of circadian disruption is of critical 

importance to public health. However, most studies have assessed the impacts of shift work from 

targeted perspectives evaluating the effects of circadian disruption on behavior/sleep, 

metabolism/obesity, susceptibility to pathogens, hormone levels or homeostasis of specific 

tissues/cell types. Several studies have shown that circadian disruption particularly disturbs innate 

immunity pathways and provokes pro-inflammatory signatures in tissues such as adipose (Husse 

et al. 2012; Castanon-Cervantes et al. 2010; Kim et al. 2018). In our simulated shift work 

experiments we conducted serum cytokine profiling so as to gain a holistic overview of the 

systemic effects of chronic circadian disruption on inflammatory cytokines as well as compare 

lighting schemes and shift schedules to determine which have more/less of an impact to guide in 

identifying the most important factors to circadian disruption. In both our qualitative and 

quantitative profiling experiments, we found a multitude of cytokines that indicate simulated shift 

work schedules in mice has profound pro-inflammatory consequences, particularly that shift work 

elevates levels of cytokines with potent effects on macrophage and other innate cell-mediated 

inflammatory responses. 

In our qualitative experiment, we identified cytokines with diverse roles in inflammation 

that were elevated under conditions of chronic circadian disruption derived from two variants of 

simulated shift work schedules. The elevation of prominent biomarkers of inflammation (CRP, 

Pentraxin 3), macrophage-specific and T-cell specific factors for proliferation and chemotaxis 

(CCL6, M-CSF, CCL17), and innate antimicrobial defense factors (Lipocalin-2, Reg3G) all 

support a paradigm that circadian disruption fosters a highly inflammatory internal environment 
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which serves to mobilize increased numbers of innate and potentially adaptive immune cells. 

Further evidence of this widespread pro-inflammatory dysregulation is the elevation of cytokines 

involved in epithelial cell turnover in crosstalk with inflammation (Gas6, HGF), suggesting that 

shift work facilitates profound disruption to epithelial tissue homeostasis.  

While the individual mice sampled in our qualitative experiment were solely used for our 

cytokine paneling, additional mice in the same study were simultaneously being evaluated for 

changes in glucose tolerance at the same time points our blood samples were drawn for cytokine 

paneling. Work published on the results of this study indicated that both 3x/week and 1x/week of 

simulated shift work imparted a profound detriment on glucose tolerance (Figueiro et al. 2017). 

Thus, shift work even 1x/week was disruptive enough to cause metabolic dysfunction conducive 

to severe metabolic disorders such as diabetes. In our cytokine profiling experiment, we observed 

an elevation of DPP-4 in circadian disruptive conditions, which offers a convincing mechanism 

underlying the finding that glucose tolerance is significantly decreased in circadian disruption. 

Because DPP-4 potently inhibits insulin production, the elevation of DPP-4 under simulated shift 

work may be preventing normal insulin production in response to sugar intake. 

In comparing the average effects of 3x/week of circadian disruption to 1x/week, we found 

that while 3x/week resulted in an initial large increase in average cytokine levels from baseline 

values, decreasing to 1x/week shift schedule did not decrease cytokines, but instead they continued 

to rise, albeit by a proportionally lower amount. While we are not able to account for the 

convoluting factor of age with our experimental design, these findings suggest that just 1x/week 

exposure is significant enough to facilitate detrimental inflammation and that perhaps the overall 

duration of exposure to even minor circadian disruption is more important than the “severity” of 

the exposure. Alternative explanations include that age of exposure to circadian disruption is a 
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major contributing factor, where older individuals suffer more profound inflammatory 

consequences. Because our qualitative experimental design involved exposing the same cohort of 

mice to consecutive changes in lighting schemes, we were also able to examine how cytokine 

levels responded to returning to a normal 12L:12D scheme after experiencing circadian disruption. 

Interestingly, we found that for the majority of cytokines examined and as an average overall trend 

that cytokines did decrease as expected from 1x/week disruption scheme levels but did not return 

to baseline levels and in many cases remained on par with levels observed after 3x/week of 

circadian disruption. Thus, shift work could have long-lasting consequences on inflammation and 

dysregulation of tissue homeostasis that persist even when normal environmental cues are restored. 

As mentioned previously, our original qualitative experimental design could not isolate the 

factor of age and questions remained as to how much of these cytokine elevations could be age-

related. Additionally, qualitative antibody-based arrays are limited in their abilities to precisely 

measure the abundance of cytokines due to their low dynamic ranges of detection via film and 

presumably non-linear relationships between analyte concentration and resulting signal intensity. 

Thus, we next employed a quantitative technique for measuring cytokine abundance via a 

multiplexed Luminex bead-based assay. To control for age, mice for this experiment were 

separated into separate groups for those undergoing simulated shift work schedules and those that 

only experience 12L:12D lighting for comparison. In addition, we conducted this same experiment 

both under green lighting, as had been used in our previous experiment, as well as white lighting 

to determine if either lighting scheme would ameliorate the consequences of simulated shift 

schedules. 

Similar to what we found in our previous experiment, we also found that green lighting 

circadian disruption elevated several cytokines related to innate immunity coordinated 
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inflammation (IL-15, IL-6, G-CSF), with several having macrophage-specific functions (M-CSF, 

MCP-1). Surprisingly, all cytokines that were elevated under green light disruptive conditions 

showed no elevation under white lighting. Although green lighting is thought to be less stressful 

for mice compared to white lighting while still imparting biologically significant light levels, our 

results suggest that perhaps green lighting is extremely effective at facilitating immunological 

consequences of circadian disruption. Because of lack of circadian murine studies done under 

green lighting, it is difficult to postulate biological mechanisms that may be driving this stark 

difference in response. Other practical explanations may be that perhaps white lighting is stressful 

to the mice so that they more actively avoid light exposure during lights-on periods by 

burrowing/hiding, effectively self-limiting their exposure. Behavioral analysis, such as wheel 

running measurements, would shed light on whether white light mice in the circadian disruption 

group showed signs of rhythm disturbances as expected. Other practical explanations include the 

technical challenges of caring for and interacting with animals by staff and research technicians 

under green lighting, perhaps contributing to stress during blood drawing and normal husbandry 

operations. 

In summary, both our experiments support a paradigm where chronic circadian disruption, 

even as infrequently as once a week, results in the modulation of cytokines to provoke a pro-

inflammatory systemic state and dysfunctional glucose metabolism. Further, a major target of 

these modulations appeared to be macrophage-specific factors that mobilize macrophages, 

participate in their activation and ultimately their coordination of sustained inflammation. Previous 

studies on the consequences of shift work and circadian disruption related metabolic disturbances 

have similarly found that immunological parameters such as LPS response and metabolism-related 

inflammatory pathways are most sensitive to circadian insults. (Evans and Davidson 2013; Adams 
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et al. 2013; Labrecque and Cermakian 2015; Boivin and Boudreau 2014; Kim et al. 2018; N. Park 

et al. 2012; Archer et al. 2014; Morris et al. 2016; Haus and Smolensky 2013). Importantly, a 

previous study examined the multiple potential detrimental factors of the shift work paradigm and 

reported that disruption and desynchrony between circadian clock expression in innate immune 

cells themselves is the main factor in driving pro-inflammatory consequences, and not sleep loss 

or stress due to disruptive lighting schemes (Castanon-Cervantes et al. 2010).  

Because of the importance of macrophages in the innate immune response and our work in 

addition to the plethora of others work demonstrating that circadian disruption imparts health 

consequences via dysregulation of innate immune responses, it is now imperative that we gain a 

deeper understanding of the role of the circadian clock in macrophages. Understanding the scope 

and mechanisms of endogenously-derived circadian regulation in macrophages will shed much 

needed light on why disruption to macrophages’ circadian rhythms results in pro-inflammatory 

responses with systemic consequences capable of contributing to myriad disease pathologies. 
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3. OMICS EXPERIMENTAL METHODS AND DATA PRE-

PROCESSING 

 

3.1 Macrophage Time Course Protocol 

3.1.1 Bone Marrow Primary Cell Harvest, Growth and Differentiation 

For our multi-omics approach and related follow up experiments, we have opted to utilize 

primary cells that are harvested from the bone marrow of mice and subsequently differentiated 

into macrophages, i.e. Bone Marrow-Derived Macrophages (BMDMs). The use of these primary 

murine cells versus murine/human cell lines or human cells has both significant scientific and 

practical advantages. Although circadian clock gene expression can be induced in some murine 

and human immortalized cell lines, such as RAW 264.7 (murine macrophage-like) and THP-1 

(human monocytes), the mechanisms of immortalization in these cells and its unpredictable 

impacts on cell regulatory networks would be too great a confounding factor for our detailed 

profiling approach (Perez-Aso et al. 2013; Fujihara et al. 2014). The use of human primary 

macrophages or bone marrow cells is prohibitive in availability for the number of cells required to 

conduct the depth and breadth of sampling as required by our triplicate experimental design and 

profiling techniques. Further, mice can be bred so that their genomes are essentially identical, 

whereas it would be difficult to account for genetic variation between human samples that would 

be required to produce the number of cells needed for our in-depth profiling techniques. In 

addition, the availability of luciferase/circadian clock fusion transgenic mouse models allows for 

luminescence tracking to confirm rhythmicity of time courses. Transgenic clock gene knockout 

mouse models are also available, which enables follow up experiments that can ensure any 

observed rhythms are clock-derived and would not exist without normal clock function. 
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Previous studies examining circadian rhythms in macrophages largely have utilized 

primary macrophages taken from the peritoneal cavity, harvested either at each time point or re-

synchronized in culture (Silver, Arjona, Hughes, et al. 2012; Hayashi, Shimba, and Tezuka 2007; 

Geiger et al. 2019). However, peritoneal macrophages are not naïve as they have been exposed to 

potentially immunogenic signals that influenced their phenotypes. Additionally, the harvesting 

protocol for peritoneal macrophages involves the introduction of thioglycolate into the abdomen, 

which could have unknown effects on the cells as well as introduce variation and error by 

increasing the amount and duration of manipulation of the cells prior to being assayed. Because 

peritoneally-derived macrophages are considered terminally differentiated and thus have limited 

expansion capabilities, the use of peritoneal macrophages would also require several mice to gain 

enough cells and time points to complete one time course experiment, as opposed to one mouse 

per time course that can be obtained via bone marrow differentiation.  

For all of these reasons discussed above, we chose to utilize serum-shocked bone-marrow 

derived macrophages as our model to probe the circadian regulation of macrophage physiology. 

Differentiation of naïve macrophages from their bone marrow progenitor cells in vitro ensured that 

our experiments best represent endogenous clock-derived circadian regulatory networks in the 

absence of confounding external and systemic cues. As our source of BMDMs for omics time 

courses, we utilized PER2::Luc mice from an in-house maintained breeding colony established via 

2 breeding pairs obtained from Jackson Labs (accession number 006852). These mice have the 

firefly luciferase gene Luc fused to the clock gene Per2 to create a protein fusion as a reporter for 

PER2 abundance, and the creators of this transgenic mouse confirmed that normal PER2 and other 

clock gene circadian oscillations were unperturbed by this fusion construct (Yoo et al. 2004). Thus, 

circadian rhythmicity and synchronization could be confirmed via luminescence tracking. For 
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studies where clock function needed to be impaired, we utilized Per1/Per2 double knockout mice 

obtained from donated breeding pairs from the Dunlap lab at Dartmouth and previously 

designed/described by Zheng et al (Zheng et al. 2001). All tissues of these mice are completely 

arrhythmic, as Per1 and Per2 have non-redundant roles in clock function. This clock knockout 

model was chosen as opposed to commonly used BMAL1 knockouts, which are also completely 

arrhythmic, because BMAL1 is a transcription factor with many known gene targets other than 

circadian clock negative arm genes (Trott and Menet 2018). 

Figure 3.1: Protocol for harvesting macrophage progenitor cells from murine bone marrow. Figure adapted 

using images previously published by Madaan et al., 2014. 



 62 

For each time course experiment, harvesting of progenitor cells from the bone marrow was 

done using the four leg bones of one mouse (2 tibias, 2 femurs). Legs bones were cut at each end 

and flushed with media until bones were as white as possible, indicating that the majority of 

marrow had been harvested (Figure 3.1). The cells were then treated with a lysis buffer that 

specifically lyses only red blood cells (Ammonium Chloride Potassium ACK buffer, Gibco) and 

resuspended in Dulbecco’s Modified Eagle Medium (DMEM) based growth media supplemented 

with recombinant murine Macrophage Colony Stimulating Factor (M-CSF). Cell density was 

counted with hemocytometer or automated cell counter. Cells were then plated at 1*106 cells per 

plate in 2ml growth media, i.e. a density of 5*105 cells/ml. Enough total cells from one mouse 

were harvested to plate about 36 35mm diameter plates. Cells were then expanded and 

differentiated for 6 days, incubated at 37ºC with 5% CO2 and media was replenished at Day 3 by 

adding 2 mls of fresh media without washing so as to prevent cell loss, ensuring a 100% confluent 

monolayer of adherent macrophages by Day 6 (Figure 3.2). The number of cells per plate was 

determined plating various numbers of cells from  3*105 cells/plate up to 1*106 and determining 

Figure 3.2: Protocol for growth and differentiation of macrophages from progenitor cells. 
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Figure 3.3: Luminescence signal for various plating cell densities. Blue vertical lines indicate time range for 

baseline removal calculation. 
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that a higher peak in luminescence signal was achieved with 1*106 cells/plate after serum shock 

synchronization (discussed in detail in Section 3.1.2), albeit with greatly diminishing returns after 

8*105 cells/plate, indicating that the plates reach their maximum confluence (Figure 3.3). 

M-CSF, which is added to the media, is the macrophage-specific differentiation signal for 

bone marrow derived progenitor cells, hematopoietic stem cells, to differentiate into macrophages 

most similar to those observed in vivo circulating in the blood and migrating into various tissues. 

In confirming that the progenitor cells successfully differentiated into macrophages, first it was 

observed that the cells morphologically resemble macrophages in that they become larger in 

diameter as well as possess large, irregular projections where space permits (Figure 3.2). Further, 

the monolayer formed is strongly adherent, thus all non-differentiated progenitor cells are removed 

from culture by aspirating growth media and washing with PBS.  

To conclusively determine that our differentiation protocol reliably produced macrophage 

monocultures prior to our time course protocol, we also conducted flow cytometry using 

fluorophore conjugated antibodies that target macrophage-specific surface markers F4/80 and 

Cd11b (Madaan et al. 2014) (Figure 3.4). After differentiation cells were lifted from plates into 

suspension using CellStripper (Corning) and incubated with Fc blockers to prevent non-specific 

binding to antibodies constant region. Cells were then stained with AlexaFuor488-anti-Cd11b and 

PerCP/Cy5.5-anti-F4/80 (Biolegend) (Figure 3.4). A portion of cells were also heat-killed at 67ºC 

for 2 minutes and combined in 1 part heat-killed to 2 parts non-killed cell sample and stained with 

Zombie Violet (Biolegend), confirming that all cells in our samples are living and viable (Figure 

3.4C). We found the entire population of cells tested positive for both surface markers. F4/80 

staining produced slightly lower intensity signal compared to Cd11b, with slight overlap   with 

unstained cells background auto-fluorescence levels (Figure 3.4B). This is likely explained  by 
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reports of F4/80 showing lower expression levels in naïve blood-derived macrophages as opposed 

to polarized and/or tissue-resident macrophages (Gordon et al. 1992). However, the absence of 

any distinct peaks allows us to conclude that the entire population shifted towards higher signal 

Figure 3.4: Flow cytometry confirming complete differentiation into macrophages. A. Shift in fluorescence 

For 10,000 total events for cell with and without staining with AF488 conjugated anti-cd11b. B. Shift in 

fluorescence For 10,000 total events for cell with and without staining with PerCP conjugated anti-F4/80. 

C. Intensity of  background CD11lb vs F4/80 signal for unstained macrophages. D. Intensity of CD11b vs 

F4/80 signal for macrophages stained for both, indicating a shift of the entire cell population to display 

increased expression of both surface markers. 



 66 

and thus tests positive for PerCP/Cy5.5-anti-F4/80 staining. Figure 3.4 shows representative 

experiments, but flow cytometry was done to confirm complete differentiation and cell viability 

for every time course used in the transcriptomic and proteomic datasets, both prior to the time 

course and after their conclusion. 

3.1.2 Serum Shock Synchronization and Time Course 

After determining that we could successfully and reliably acquire BMDMs in monoculture, 

we then developed a protocol to synchronize the rhythms of BMDMs. While each individual cell 

generates at ~24 hour circadian rhythm in clock gene expression in vitro, these rhythms are not 

Figure 3.5: Flow cytometry confirmation that only live cells being assayed in time course. Samples were tested 

for the presence of dead cells by combining 1 part heat-killed cells with 2-parts cell   sample and stained with 

Zombie Violet. Recovery of correct ratio indicates all cells being assayed in macrophage time course protocol 

are viable. 
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synchronized between cells in the absence of systemic cues derived from the processing of light 

or nutrient cues by other tissues (Nagoshi et al. 2004). Additionally, peripheral tissues will not 

synchronize with surrounding cells via proximity signaling between cells, although circadian time 

can be passed from a dividing cell to its daughter cell (Nagoshi et al. 2004). Thus, two primary 

methods have been used to synchronize cellular circadian rhythms in vitro, “shocking” i.e. pulsing, 

with either fetal bovine/horse serum or dexamethasone (A. Balsalobre 2000; Aurélio Balsalobre, 

Damiola, and Schibler 1998). Macrophages cannot directly entrain to light due to being peripheral 

cells, so instead they maintain synchronicity with the “master clock” of the SCN via systemic cues 

such as those present in serum, presumably due to various nutrients and growth signals present in 

fetal bovine serum (FBS). This temporary shock of serum acts as the “zeitgeber” (German for 

“time giver”), which is a term used in the circadian field to describe the environmental 

synchronizing cue to which circadian rhythms will entrain. A zeitgeber can be any environmental 

cue, most commonly light, nutrients, temperature, but in the experiments conducted in this work 

all utilize the zeitgeber of serum shock. 

While both are accepted, published methods to synchronize peripheral cells, we chose to 

use serum shock method as this method has been extensively used with macrophages (Oliva-

Ramírez et al. 2014; Yusi Wang et al. 2016; Silver, Arjona, Walker, et al. 2012). Additionally, 

there is evidence that serum shock transiently upregulates expression of several negative arm clock 

genes, whereas dexamethasone only upregulates Per1, thus serum shock elicits a stronger, more 

uniform resetting of the circadian clock (A. Balsalobre 2000; Kirkconnell et al. 2016). After the 

zeitgeber of incubating cells with serum shock is concluded, the cells are returned to a media with 

standard levels of FBS and a time course may begin as the cells are now synchronized. Thus, 

“zeitgeber time” (ZT) refers to the time elapsed since the conclusion of the serum shock. 
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Serum shock induced synchronization is a widely published method, yet it is a highly 

variable method that requires tailoring of methodology to each specific cell type and conditions to 

successfully generate high amplitude, sustained rhythms. Major points of variation between 

protocols include different base media and supplementation, duration of the shock, use of horse vs 

bovine serum, the duration/existence of a starve period prior to shock and the use of serum in the 

post-shock media. Because our profiling methods were so comprehensive in their approach, it was 

essential to first create a protocol to generate as high amplitude and sustainable/reproducible 

rhythms as possible. Ultimately such a protocol was achieved (Figure 3.6) after comparison of 

various methods by selecting for the elements that produced the highest amplitude oscillations in 

Per2 as determined by luciferase tracing via the Per2::Luc fusion protein present in our mouse 

model (discussed previously in section 3.1.1). 

  

Figure 3.6: An overview of serum shock protocol for circadian time courses in macrophages. After 6 days of 

incubation in DMEM growth media, cells undergo four additional media changes prior to beginning of a time 

course on Day 8 to synchronize circadian rhythms between all cells/plates. Image shows Lumicycle32 model 

luminometer used for luminescence tracking. 
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3.1.2.1 Shock Protocol Optimization 

To enable luminescence tracking with our luminometer during time courses, plates needed 

to be sealed with grease and glass coverslips due to the sensitivity of photomultiplier tubes to 

humidity. Thus, we determined that an appropriate base media for serum shock/time courses is 

Leibovits media, also known as L-15, because Leibovits is specifically formulated for “supporting 

cell growth in environments without CO2 equilibrium.” (ThermoFisher 2020). Although plates are 

not sealed until cells media is exchanged for assay/luciferin media prior to being put into the 

luminometer, we designed our protocol to use Leibovitz as the base for the entire serum 

starve/shock protocol so as to keep the extracellular environment consistent as long as possible 

prior to beginning time course assays. To ensure an adequate amount of time to adjust to new base 

media conditions, we tested the effects of an extra day spent in Leibovitz media prior to beginning 

the serum starve/shock procedure. We found that an extra 24 hours spent in Leibovitz prior to the 

starve step resulted in higher amplitude oscillatory luminescence signal from our Per2::Luc fusion 

reporter and that this high ampltide was both immediate and sustained for a second circadian cycle 

(Figure 3.7). 

Figure 3.7: Effects of extra day in leibovitz media prior to serum starve/shock. Each line 

corresponds to a plate of confluent macrophages. 
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We further sought to determine the length of starve needed, as literature reports vary for 

this step from no starve step at all to a full 24 hours spent in starve. During the starve step, the 

media composition is exactly the same as media used in the previous Leibovitz adjustment step 

and the following shock step, with the exception that no FBS is added. We found that a 24 hour 

starve step produced higher amplitude oscillations in Per2::Luc signal compared to a 2 hour starve, 

with the higher ampltide being much more apparent for the second circadian cycle (Figure 3.8). 

Because our time course for omics analysis is 48 hours, thus including a second circadian cycle in 

our expeirment, it was essential that rhythms were maintained as high amplitude as possible for at 

least two cycles. Interestingly, we also found that with a 24 hour starve step, the absence of a shock 

step results in nearly the same amplitude oscillation (Figure 3.9). However, because there was a 

slighly higher ampltiude with a shock step as well as a lack of examples in literature where a shock 

step was not included, it was determined that the shock step should ultimately be included to ensure 

highest amplitude oscillations. 

Figure 3.8: Effects of a 24-hour vs 2-hour starve step in synchronization protocol. Each line corresponds to a 

plate of confluent macrophages. 
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Finally, we also wanted to examine the effects of including FBS in the assay media versus 

without, as literature reports both strategies for in vitro time courses. Results indicated that the 

addition of FBS to the assay media resulted in higher amplitude oscillation for the second cycle as 

desired for our omics profiling time courses (Figure 3.10).  

 

Figure 3.9: Effects of no shock vs 2 hour shock with FBS. Each line corresponds to a baseline-subtracted 

average of 4 plates. 

Figure 3.10: Effects of including/not including FBS in assay media. Each line corresponds to a plate of confluent 

macrophages. 
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After this determination of a successful protocol in terms of high amplitude oscillations, 

we next sought to confirm that these oscillations would be highly repeatable between time courses 

and between plates to prevent experimental biases that would convolute replicate data. With our 

established protocol we found that after an initial high Per2:Luc signal and early peak, the first 

trough of Per2:Luc was reached around ZT16. Additionally, Sin-curve fitting analysis determined 

that starting at ZT16 resulted in a robust rhythm with a caculated period of 24.7 hours. Because of 

the consistency in the circadian rhythm achieved after ZT16 and the 24 hour period, we chose to 

start all time courses at ZT16 (Figure 3.11). Further, starting at ZT16 allows time for gene 

expression directly effected by serum-response to return to baseline levels following the 

starve/shock procedure. 

 

We also needed to further confirm that variation between plates of cells would not be too 

great for our high-resolution time course experimental setup. Comparison of timings of all 

maximal peaks in Per2::Luc signal confirmed that variation was well within the realm of what 

Figure 3.11: Period analysis confirming 24 hour rhythms starting at ZT16. Top panel shows raw luminescence 

data starting at when macrophages are added to Lumicycle post-shock (ZT0). Blue lines indicate window of 

ZT16-ZT118 used for calculating baseline-subtracted period from. Bottom panel shows baseline subtracted 

window subset of data alongside calculated best-fit sine curve with 24.7-hour period in red. 
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could be captured by our 2-hour resolution sampling. Timing of the first peak in signal around 

ZT28 had a standard deviation of 20 minutes, whereas the Lumicycle assays signal for each plate 

about once every 10 minutes, thus indicating that timing is highly similar between plates (Figure 

3.12). As expected, the deviation between peak times increased to 40 minutes for the second cycle, 

as randomly derived variations accumulate without the continuation and repetition of a 

synchronizing cue and as media is depleted. We were thus able to confirm that our serum shock 

protocol results in repeatable, consistent rhythms between plates and between time courses. 

A potential issue with conducting a 48-hour time course with primary cells is that if all 

time points are derived from the same time of serum shock then the cells that are assayed at the 

end of a time course are much older than those from the beginning of the time course in terms of 

time since harvested from the animal. One solution to this is to stagger the shock protocol so that 

multiple time points can be collected simultaneously within a smaller collection window, yet still 

spend the correct desired amount of time in the assay media so as to accurately represent a given 

circadian time point. To achieve our 2 hour resolution over 48 hours time course, we created four 

staggered “groups” every 12 hours so that the collection window is reduced to a 10-hour collection 

Figure 3.12: Standard deviation between synchronized plates for time courses. Each line corresponds to a 

confluent plate of serum shocked macrophages. 
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window (Figure 3.13, top panel). With this protocol, the first group of cells (G1) to undergo serum 

shock treatment become the latest time points ZT52-62, whereas the last group (G4) becomes the 

early time points ZT16-26. Differences between the timings of first and second peaks was lower 

between synchronization groups (Figure 3.13, bottom panel) than between plates of the same 

synchronization group, confirming that the serum shock response of Per2, as measured by 

Figure 3.13: Staggering of serum shocks enables a condensed collection window for time course. Top panel 

shows the experimental scheme for collecting samples every 2 hours over 48 hours by staggering groups of 

plates for serum shock. Each bar represents a plate of cells that will represent the labeled time point labeled. 

Vertical lines represent 2 hours and color corresponds to type of media used in each step. Bottom panel shows 

representative luminescence data for test plates from each staggering group where each line corresponds to a 

plate of cells. 
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luminescence, is independent of when cells undergo shock treatment. Standard deviation for the 

first peak was 7 minutes whereas the second peak was 25 minutes between different 

synchronization groups, which is more than acceptable variation considering our time course 

resolution is 2 hours. Small “bumps” in signal can be observed in groups 1 and 2 at the time the 

lumicycle door/incubator is opened for the addition of plates from groups 3 or 4, at ZT24. This is 

most likely due to the temperature sensitivity of photomultiplier tubes, as signal corrects itself 

within 20 minutes as incubator returns to a stable temperature without lasting effects. 

Another key component of designing a successful time course is ensuring that cells are 

processed for each time point assay as quickly as possible so as to most accurately represent the 

transcriptome/proteome at that circadian time point as well as prevent disturbing other plates. To 

facilitate this, the staggering groups were strategically loaded into the lumicycle to facilitate quick 

Figure 3.14: Layout of time course groups in Lumicycle plate positions. The four photomultiplier 

tubes (PMT) A-D assay luminescence simultaneously and the lumicycle rotates through 8 positions for 

a total of 32 plates. Group 1 (G1) plates are loaded into all A positions, G2 into B, G3 into c and G4 

into D positions to prevent needing to rotate between positions at each collection time point. 
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retrieval of plates for each processing time point. The lumicycle has 4 photomultiplier tubes that 

assay luminescence simultaneously and the lumicycle rotates 32 plates through 8 positions to assay 

all plates in consistent intervals. There are 8 positions and at each position 4 plates are assayed for 

luminescence over 75 seconds, thus all plates are assayed approximately every 10 minutes. 

Because the positions need to be rotated between manually when the lumicycle is open, having 

plates randomly placed would require extra time with the incubator/lumicycle open while 

retrieving all the necessary time points. To prevent this, all plates from group 1 (G1) were loaded 

into the A slots, G2 into B slots, G3 into C slots and G4 into D slots (Figure 3.14). This allows the 

retrieval of plates for all 4 simultaneous time points without needing to rotate between positions, 

thus greatly reducing the amount of time the incubator/lumicycle is opened. 

In summary, we have optimized our synchronization protocol to generate high amplitude, 

sustained, consistent rhythms for plates of confluent macrophages in vitro. We have further 

verified that our protocol can successfully synchronize plates of cells that are staggered by 12 

hours without any detectable differences in circadian clock gene oscillations, enabling a shorter 

collection time window to encompass 48 hours of sampling without introducing large age 

differences. Our protocol provides high quality circadian time courses for triplicate profiling with 

our high-resolution sampling and high-throughput multi-omics approach. 

3.2 Multi-Omics Experimental Methods and Validation 

3.2.1 Transcriptomics 

3.2.1.1 Extraction and Sample Preparation for RNA-seq 

Several time courses were completed with the end goal of collecting RNA in high enough 

quantities and without degradation to facilitate high fidelity sequencing. For each time course, at 

each collection time point, samples were processed by first removing and saving spent media for  
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Figure 3.15: Luminescence tracings for 3 time courses used for RNA profiling. Time courses with the 

most consistent Per2::Luc signal were chosen for RNA-seq analysis. 
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potential future analysis of circadian media components. Plates were then washed with cold 

PBS and “Buffer RLT” from Qiagen’s RNeasy kit was added to immediately lyse the cells as 

quickly as possible. Lysate was then homogenized via Qiashredder columns and lysate was flash 

frozen in liquid nitrogen and stored at -80°C until future processing. This method ensured effective 

lysing and stabilization of RNA, however RNA is extremely sensitive to degradation because of 

the prevalence of RNases in the environment. Thus, great precautions were taken to avoid potential 

contamination of samples via tubes, tips, pipettors, lab surfaces and human contact, such as pre-

treatment of surfaces/gloves/tubes with hydrogen peroxide. 

Following the completion of several time courses, 3 time courses were chosen for our 

transcriptomic analysis based on the consistency between Per2::Luc signal traces (Figure 3.15). 

Frozen lysate for the selected time courses were then thawed and processed with RNeasy kits for 

RNA purification suitable for sequencing. To prevent batch biases, all 75 samples were processed 

Figure 3.16: Representative quality control bioanalyzer results for RNA samples for RNA-Seq. Quality of RNA 

is determined by the 28s:16s ratio and over quality of the electrophoretic trace. An RNA Integrity Number 

(RIN) quality score was calculated for each sample where a score of 10 is considered maximal quality. 
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on the same day and randomly assigned to 7 groups of RNeasy processing. RNA was depleted of 

DNA with on-column DNase treatment and following purification via RNeasy columns the 

amount and purity of RNA for each sample was estimat  ed with nanodrop spectral analysis. An 

average of 20 µg of RNA was recovered for each time point, well beyond the 2µg recommendation 

for RNA-seq.  

After confirming that RNA reached purity and concentration requirements, samples were 

sent to Genewiz (South Plainfield, NJ) for sequencing. Prior to library creation, RNA samples 

were rigorously evaluated for quality and to ensure RNA was intact and not degraded. The gold 

standard for determining fitness of RNA samples for RNA-seq with minmal sample loss is analysis 

with Agilent’s Bioanalyzer System (Aranda et al. 2009). Bioanalyzer results showed that RNA 

was of consistent superb quality, with no indications of sample loss or degradation for all samples 

submitted (Figure 3.16). 

Figure 3.17: Overview of RNA-seq library creation and sequencing performed by Genewiz.  
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3.2.1.2 Library Preparation and Sequencing 

High quality RNA samples could then undergo library preparation for sequencing analysis 

by Genewiz. The first step of library preparation was the depletion of ribosomal RNA, which 

makes up the vast majority of RNA in a cell (Figure 3.17). Without this critical step, the majority 

of RNA-seq reads would be “wasted” on sequencing of ribosomal RNA as opposed to transcripts 

and non-coding RNA of interest, making quantification and detection of these RNAs difficult. The 

method of ribosomal depletion was chosen over other popular method of poly-A capture, where 

instead of depleting ribosomal RNA, coding RNA is selected for via binding of the poly-A tail 

Figure 3.18: Sequencing and bioinformatics pipeline for RNA-sequencing results reported 

by Genewiz. 
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region of mRNA to poly-T conjugated beads. We did not opt for poly-A encirhment as this method 

does not capture non-coding RNAs, RNAs with short tails or partially degraded RNAs (W. Zhao 

et al. 2014). Thus, use of the ribosomal depletion method allows us to explore both the coding and 

non-coding transcriptome over circadian time. Next, samples were fragmented and randomly 

primed for the synthesis of the first and second cDNA strands, as sequencing is actually done with 

DNA as opposed to RNA (Figure 3.17). After end repairs, the reads are then ligated with adaptors 

to enable sequencing as well as with barcodes that are specific to each sample (Figure 3.17).  This 

barcoding allows samples to be combined into a singular mixture to be sequenced on a flow cell, 

yet the origin of each read is determined by also sequencing the barcode and can be deconvoluted 

during downstream computational analysis. Finally, reads are sequenced on an Illumina HiSeq 

platform, which utilizes next-gen sequence-by-synthesis technology. It was run in paired end 

mode, meaning that the directionality of the reads are maintained and can be matched to their 

paired sequence. Paired end sequencing offers many benefits such as detection of novel transcripts, 

doubling read numbers for the same library prep, and greatly reducing sequence ambiguity in 

repetitive genomic regions (Nakazato, Ohta, and Bono 2013). The number of flow cells and 

amount of RNA library run on the sequencer was optimized to ensure at least 60 million paired 

end reads were detected for each sample, which is considered robust detection for adequate 

quantification of transcriptomic circadian rhythms (Li et al. 2015). 

Sequencing of samples with Illumina outputs raw FASTQ format files detailing the 

sequence identified for each read as well as quality scores for each read. These reads then undergo 

a bioinformatics pipeline to ultimately provide transcriptomic profiles for each sample. Raw 

FASTQ reads are first trimmed of adapter sequences and barcodes so that only the genomic 

sequence information remains (Figure 3.18). High quality reads in terms of sequence confidence 
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were then aligned to the reference mouse genome Mus musculus GRCm38.87 with the proprietary 

DRAGEN RNA pipeline (Edico Genome Inc.). This alignment step creates alignment files which 

also specify the quality of alignment, known as the Mapping Quality Score (MAPQ). Alignments 

with a quality score higher than 30 are considered high quality for measuring gene expression, thus 

all reads aligned to a gene region with a MAPQ>30 was counted for each gene annotated in the 

mouse genome reference via the programmatic tool HTSeq (Figure 3.18).  

Table 3.1: Summary statistics from DRAGEN RNA-seq pipeline analysis. 

In addition to all raw files, the final result reported from Genewiz was a list of “hits”, i.e. 

reads aligned, for each mouse gene as well as bioinformatics summaries for the data processing 

steps (Table 3.1). Examination of the sequencing and DRAGEN statistics confirmed that we 

achieved the desired read depth of over 60 million reads for all samples, with an average of 75 

million reads (Table 3.1). Further, the vast majority of these reads were of high quality 

(MAPQ>30) alignment that were used in quantifying gene expression via aggregate hit counts 

(Table 3.1). In summary, our RNA-seq dataset represents a thorough, high-confidence capturing 

of the macrophage transcriptome over circadian time. 

METRIC (per sample) MEAN MIN MAX 
Read depth 74,977,964 62,979,228 92,692,033 
Total reads with mates sequenced 149,955,927 125,958,456 185,384,066 
Total alignments                                       175,160,125 145,055,925 218,097,014 
Secondary alignments                                   26,034,227 17,853,585 37,593,114 
Supplementary (chimeric) alignments                    4,040,492 2,854,178 5,869,759 
% Mapped reads                                           96.8 95.8 97.9 
% Reads with MAPQ >40                               78.7 75.2 82.5 
% Reads with MAPQ [30:40)                                0.5 0.4 0.7 
% Reads with MAPQ [20:30)                                2.1 1.8 2.4 
% Reads with MAPQ [10:20)                                1.0 0.8 1.4 
% Reads with MAPQ [ 0:10)                                14.4 10.5 17.3 
Mean MAPQ quality score 37.51 37.25 37.80 
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3.2.2 Proteomics 

3.2.2.1 Extraction and Sample Preparation for TMT-MS 

Similar to time courses completed for transcriptomic profiling, several were also completed 

to ultimately use for proteomic profiling. It is important to note that the triplicate transcriptomic 

time courses and triplicate proteomic time courses comprise 6 total individual time courses, where 

1 mouse was used for all plates in each time course, for a total of 6 mice. Although preliminary 

experiments were done to determine if a universal lysis method could simultaneously provide both 

RNA for RNA-seq interrogation and protein for TMT-MS from a single time course, it was 

determined that these profiling techniques and molecular species are too sensitive and we did not 

want to introduce a bias by using non-ideal lysis methods defined for each approach. Additionally, 

a relatively large amount of protein is needed for TMT-MS, so splitting of samples would not have 

been possible. To ensure the utmost similarity between all time courses used for transcriptomic 

and proteomic analysis, the exact same protocol and same lots of reagents were used for all time 

courses. Further, mice from the same litter or as close in birth date as possible were used for all. 

For each time course, at the appropriate time point samples were lysed on the plate with 

freshly-prepared buffer with 8M Urea, 1% SDS, 100 mM Tris and HALT protease inhibitor with 

a pH adjusted to 8.5. This potent buffer is optimized for broad solubility of cellular proteins and 

was the recommended buffer to use according to communications received from the Thermo Fisher 

Center for Multiplexed Proteomics (TCMP). Lysate was flash frozen with liquid nitrogen and 

stored at -80ºC until sent to TCMP for analysis. The required amount of protein for analysis by 

TCMP was 200µg, so representative samples were assayed to gauge the average amount of protein  
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Figure 3.19: Luminescence tracings for time courses used for TMT-MS profiling. Time 

courses with the most consistent Per2::Luc signal were chosen for RNA-seq analysis. 
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recovered per sample. We found that from each plate of cells about 300-500 µg of protein 

could be recovered in appropriate concentrations, ensuring that guidelines were met by our lysis 

method. 

Time courses to send to TCMP for analysis were chosen based on which had the most 

consistent Per2::Luc signal within and between time courses (Figure 3.19). Because protein 

purification and quality assurance were to be done by TCMP, samples were shipped out frozen in 

Urea buffer used for lysis. After quantification with micro-BCA assay to confirm adequate protein 

amounts, proteins were first precipitated by Methanol Chloroform and then were resuspended in 

6M urea and digested overnight with LysC and Trypin to reduce proteins to peptides suitable for 

MS (Figure 3.20A). After additional quantitation of peptides to ensure adequate recovery, all 

peptides of a sample were then labelled with one of each of 10 different isobaric tags prior to 

fractionation. The principal behind isobaric tagging for mass spectrometry is that all 10 tags are 

designed to have an equal molecular weight, yet in the tag region of the spectra they are able to be 

Figure 3.20: Overview of sample pre-processing for TMT-MS analysis. (A) Workflow for preparation of protein 

samples for analysis with mass spectrometry. (B) Scheme for isobaric tagged multiplexing of circadian time 

course, adapted from Hurley et al., 2018. 
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differentiated (Figure 3.20B). This tag region is then how one is able to relatively quantify the 

abundance of a peptide between samples. However, due to the limitation that there are only ten 

isobaric tags, to be able to compare between 72 samples, several multiplexes were run. To enable 

comparison between all 10-plex TMT-MS runs, one of the ten samples in all multiplexes was a 

common “pool sample” created by combining small fractions of all samples prior to labeling 

(Figure 3.20B). All samples were then randomly assigned to one of the 8 10-plexes to prevent bias 

derived from batch effects, i.e., each of the 8 10-plexes consisted of 9 random time point samples 

and 1 pool sample. Each multiplex was then analyzed with three rounds of mass spectrometry 

(Orbitrap Lumos), the first to detect peptides, the second to determine the sequences of peptides, 

and the third to quantify relative amounts of peptide in each sample based on the isobaric tag region 

spectra.   

3.2.2.2 Spectral Data Analysis 

Analysis of spectra for peptide identification and quantification was completed by TCMP. 

MS2 spectra were searched using the SEQUEST algorithm against the Uniprot reference proteome 

for Mus musculus (C57BL/6J mouse, Proteome ID: UP000000589), of which there are over 55,000 

protein entries derived from 21,000 genes. Peptide spectral matches were filtered to a <1% false 

discovery rate (FDR) using the target-decoy strategy combined with linear discriminant analysis. 

Proteins were quantified only from peptides with a summed SN threshold of >=200 and MS2 

isolation specificity of 0.5. However, data was received both in collapsed, protein form with 

summed peptide signals and in full form describing the signal for each peptide. Protein detection 

was ideal for our goal to profile thousands of proteins over circadian time, with over 10,000 total 

unique protein IDs detected from over 162,000 unique peptide IDs (average of 16 peptides/protein) 

and over 6,000 detected in every time point (Table 3.2). 
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Table 3.2: Detection of peptides/proteins in multiplexed tandem mass tag mass spectrometry experiment. 

Multiplex 

# -> 
1 2 3 4 5 6 7 8 

Total 

Peptides 

(<1%) 

112,412 113,452 105,827 121,907 124,280 130,827 121,987 124,646 

Total 

Proteins 

(<1%) 

8,927 8,822 8,704 8,952 8,933 9,019 9,064 8,923 

Total 

protein IDs 
10,162 from 162,920 unique peptide sequences 

Total 

Collapsed 

Proteins 

8,472 8,364 8,381 8,480 8,478 8,551 8,586 8,463 

Quantified 

Proteins 
7,983 7,795 7,787 7,835 7,849 7,872 7,903 7,782 

Shared 

Quantified 

Proteins 

6,290 proteins quantified in all 8 10-plexes 

3.3 Removal of Batch Effects and Normalization 

3.3.1 Comparison of Batch Effect Removal Strategies 

After successful sequencing of transcripts and quantitation of proteins in all our samples 

comprising triplicate time courses, we then were tasked with assessing how to best address batch 

effects. Although there can be biases and technical-derived variation in RNA-seq data, batch 

effects are much less of a concern in our RNA-seq dataset since due to sequence barcoding all 

samples can be combined and run together in the same sequencing experiment. Further, RNA-seq 

is considered a thorough profiling method where, assuming a reasonable read depth, undetected 

transcripts are most likely to be due to actual lack of expression as opposed to missed by random 

chance. In other words, transcripts with zero read alignments at a given time point sample can be 

realistically considered not expressed at that time point as opposed to being a “missing” or “null” 
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value. Because of current limitations in mass spectrometry (MS) based profiling, peptides can 

often be undetected for myriad reasons other than low abundance (Mallick et al. 2007). Thus, MS-

based peptide experiments are plagued by peptides with missing values in a considerable number 

of samples and that missing values cannot be assumed to be due to low abundance. In addition to 

determining how to approach missing values, multiplexed MS-based approaches are more 

sensitive to batch effects. This is due to variations between MS runs and in sample handling in 

addition to the high error rate in measuring peptide abundance that is inherent to current MS 

technical abilities (Hultin-Rosenberg et al. 2013). 

Indeed in our initial evaluation of circadian proteins as determined by Extended Circadian 

Harmonic Oscillator (ECHO) analysis (ECHO is described at length in Chapter 4) indicated that 

batch effects were a major factor interfering with circadian gene identification (Figure 3.21). The 

Figure 3.21: Batch effects present in TMT-MS data. Left heatmap shows relative expression of all proteins with 

>70% detection across all timepoints (n = 7,325). Relative abundance is average normalized abundance value 

of the three replicates at each time point. Proteins are sorted vertically by phase as calculated by ECHO. Right 

heatmap shows relative expression of proteins identified as circadian by ECHO using parameters period 20-

28, Benjamini Hochberg (BH) adjusted p values .05 and considered a damped, forced or harmonic oscillation 

by ECHO. 
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full dataset exhibited several column “streaks” with higher overall expression for all proteins 

throughout the entire sample, suggesting that these time points are most effected by dominant 

batch effects. Further, circadian proteins exhibited expression patterns similar to the patterns seen 

in the full dataset, indicating that instead of identifying rhythmically expressed proteins, our 

analysis is being dominated by batch effects resembling oscillations.   

The batch effects observed between multiplexes MS-based experiments are similar to those 

that are found between microarray experiments, thus existing strategies to ameliorate are based off 

of those initially developed for microarrays. We focused on comparing two main strategies for 

batch effect normalization: quantile normalization and surrogate variable analysis (SVA). The 

latter of these methods has been incorporated into a python package Learning and Imputation for 

Mass-spec Bias Reduction (LIMBR), which is improved upon and optimized for use with 

multiplexed proteomics data derived from circadian time course experiments (Crowell et al. 2019). 

Quantile normalization is based on making the distribution of all datasets (samples) identical, so 

that the highest value is made equal between all datasets by averaging all the highest values, the 

second highest values are then also made equal, then the third highest, and so on (Callister et al. 

2006). Alternatively, LIMBR is a more complex approach where the first step is to impute missing 

data for peptides with less than 30% missing time points (no more than 21 out of 72 time points 

are null) using the K nearest neighbors imputation strategy (Jinxia Wang et al. 2017; Crowell et 

al. 2019). LIMBR then uses singular value decomposition (SVD) based strategies to calculate then 

remove trends that are deemed batch effects in that the identified trend contributes more variability 

than would be expected at random. What makes LIMBR especially powerful and ideal for 

circadian time course data is first that it reduces and subsets the data to grossly non-circadian data 

to avoid detecting the variable of interest (circadian expression patterns) as a batch effect and also 
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to control for biases derived from modeling choices (Crowell et al. 2019). Most importantly, 

LIMBR uses a model for calculating residuals that is able to incorporate pool sample values and 

time course information such as length and replicates per time point so that it is able to more 

accurately model and isolate batch effects (Crowell et al. 2019). 

To ensure that LIMBR produces superior results compared to quantile normalization, 

which is not optimized for use with proteomics and/or circadian time courses, we tested two 

pipelines based on both methods (Figure 3.22A). Although it would appear at first that quantile 

normalization successfully removed batch effects when looking at a heatmaps of all detected 

proteins (Figure 3.22B), examination of circadian genes identified from this normalization method 

demonstrated the same batch effect “streaking” as observed in our non-normalized dataset 

analysis. Although quantile normalization makes distributions identical, this clearly only adjusted 

the relative scale of the batch effects to appear less drastic as opposed to effectively removing them 

in a meaningful way for identifying rhythmic patterns. In other words, individual abundance values 

mostly were adjusted in proportion to the batch effects so that the batch effects were not removed, 

only set to a different scale, which becomes more apparent when visualizing only the proteins 

identified as circadian. 

In contrast, LIMBR normalization does not exhibit prominent “streaks” in heatmaps 

visualizing either all detected proteins or identified circadian proteins (Figure 3.22C). Proteins 

identified as circadian demonstrated reasonable expression profiles resembling sinusoidal 

abundance levels as would be expected from circadian regulation, as opposed to asymmetrical, 

sharp off/on abundances. Further solidifying the appropriateness of using LIMBR for our batch 

effect normalization is that the authors of LIMBR specify that LIMBR is most effective at 

modeling batch effects when 1) high sample numbers and replicates are used, 2) samples used in 
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each multiplex are randomized and 3) an identifical pooled sample is run in each multiplex. Our 

omics experiments met all of these requirements for optimal batch effect removal with LIMBR. 

Figure 3.22: Comparison of batch effect normalization strategies LIMBR and quantile normalization. A. 

Overview of pipelines used to compare batch effect removal methods. B. Heatmaps visualizing outcome of 

quantile normalization method. Heatmaps visualizing outcome of LIMBR method. 
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3.3.2 Bioinformatics Pipelines 

After determining that LIMBR normalization was a superior method for batch effect 

removal, we assembled full pipelines for pre-processing of both RNA-seq and TMT-MS datasets 

. While considered less prominent in RNA-seq, there can still be batch effects derived from sample 

processing and handling. Also, to be able to make accurate comparisons between RNA-seq and 

TMT-MS datasets in downstream analyses, it was imperative that similar pre-processing steps 

Figure 3.23: Bioinformatics pipelines for pre-processing of omics data. A. Pipeline for Proteomics data from 

peptide abundance values to evaluation of protein rhythmicity with ECHO. B. Pipeline for RNA-seq data from 

read hit counts to evaluation of RNA rhythmicity with ECHO. 



 93 

were applied to both datasets. LIMBR has the built-in option to run RNA-seq data, which will still 

incorporate time course information such as sampling resolution and replicates, but does not 

require pool sample values as this is not applicable to RNA-seq experiments. Prior to LIMBR 

normalization, RNA-seq data was converted into transcripts per kilobase million (TPM) to 

normalize for gene lengths and read library size between samples. TPM is calculated by first 

calculating reads per kilobase (RPK), which is the gene hit count divided by gene length in 

kilobases. This value is then divided by the sum of all RPK values in a sample divided by 1 million. 

Thus TPM represents the number of reads per length of the gene and per sequencing depth of the 

entire sample library.  

The final output from LIMBR for both datasets is then ready for analysis with ECHO to 

robustly identify genes with circadian oscillations in expression/abundance. The development and 

application of this powerful analysis tool is explained at length in Chapter 4 before ultimately 

being applied to our macrophage omics datasets as described in Chapter 5. 
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4. IMPROVED IDENTIFICATION OF CIRCADIAN GENES 

USING EXTENDED CIRCADIAN HARMONIC 

OSCILLATORS (ECHO)     

4.1 Summary 

Time courses utilizing genome scale data are a common approach to identifying the 

biological pathways that are controlled by the circadian clock, an important regulator of 

organismal fitness. However, the methods used to detect circadian oscillations in these datasets are 

not able to accommodate changes in the amplitude of the oscillations over time, leading to an 

underestimation of the impact of the clock on biological systems. We have created a program to 

efficaciously identify oscillations in large-scale datasets, called the Extended Circadian Harmonic 

Oscillator application, or ECHO. ECHO utilizes an extended solution of the fixed amplitude mass-

spring oscillator that incorporates the amplitude change coefficient. Employing synthetic datasets, 

we determined that ECHO outperforms existing methods in detecting rhythms with decreasing 

oscillation amplitudes and recovering phase shift. Rhythms with changing amplitudes identified 

from published biological datasets revealed distinct functions from those oscillations that were 

harmonic, suggesting purposeful biologic regulation to create this subtype of circadian rhythms. 

4.2 Introduction 

Circadian rhythms are 24-hour oscillations that allow for the anticipation of the day/night 

cycle. They confer an evolutionary advantage by enabling an organism to optimize the timing of 

                                                 
  This chapter previously appeared as: De los Santos, Hannah, Emily J Collins, Catherine Mann, 

April W Sagan, Meaghan S Jankowski, Kristin P Bennett, and Jennifer M Hurley. 2020. 
“ECHO: An Application for Detection and Analysis of Oscillators Identifies Metabolic 
Regulation on Genome-Wide Circadian Output.” Bioinformatics. 36(3): 773-781. 
https://doi.org/10.1093/bioinformatics/btz617. 
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their cellular physiology such that biological processes occur at advantageous times (Dunlap 

1999). Daily oscillations occur in many processes, including metabolic regulation, immune 

function, and sleep (DeCoursey et al. 1997; Klarsfeld and Rouyer 1998; Lévi et al. 2010; Ouyang 

et al. 1998). Conversely, chronic disruption of circadian rhythms is strongly associated with an 

increased risk of disease development, e.g. cancer, diabetes, and cardiovascular disease (Evans 

and Davidson 2013). Circadian rhythms are generated at the molecular level by a highly conserved 

circadian “clock” comprising a transcription-translation negative feedback loop that cycles once 

every 24 hours (Hurley, Loros, and Dunlap 2016; Partch, Green, and Takahashi 2014). While it is 

known that there is widespread regulation originating from the components of the clock at both 

the transcriptional and translational levels, termed the clocks "output", the field is only beginning 

to appreciate the complexity of the cellular circadian regulatory network (Hurley et al. 2014; 

Robles, Cox, and Mann 2014; Jingkui Wang et al. 2017; Mure et al. 2018).  

In higher eukaryotes, the circadian clock exists in each cell and these independent clocks 

are synchronized by a master regulator in the brain, e.g. the Suprachiasmatic Nucleus (SCN) in 

mammals (Antle and Silver 2005; Ralph et al. 1990; Kowalska and Brown 2007). While the master 

regulators maintain a robust circadian rhythm regardless of their environment, rhythms in 

peripheral tissues have been suggested to damp, or decrease in amplitude over time, without 

persistent entrainment cues (Aton et al. 2005; Yamazaki 2000). Thus, under LD or similar 

entrainment conditions, clock and clock-regulated genes are observed to be harmonic, whereas 

without these cues many genes have been observed to damp in their oscillation over time. A debate 

as to the cause of this damping is still underway, suggesting either global circadian damping or the 

desynchronization of individual cell rhythms as the cause, with recent models being unable to 

reject either hypothesis (Westermark et al. 2009). Regardless of the cause, models of the clock 
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have predicted that damping is an essential part of proper circadian time-keeping and reports have 

shown that damping plays a role in proper biological timing, including photoperiodicity, 

temperature compensation, and entrainment (Beer et al. 2017; Horikawa et al. 2005; Tseng et al. 

2012). However, the impact of circadian damping has not been explored on the output of the clock, 

presumably due to a lack of computational tools to examine damping in high-throughput datasets 

(Loros et al. 2007). 

To investigate clock output (referred to here as clock-controlled elements or CCEs) 

researchers conduct comprehensive omics analyses over circadian time (Hurley et al. 2014; Jang 

et al. 2015; Menet et al. 2012; Robles, Cox, and Mann 2014; Rodriguez, Menet, and Rosbash 2012; 

Hurley et al. 2018). To enable analysis of these datasets, researchers take advantage of the idea 

that CCEs exhibit oscillatory patterns that follow sinusoidal curves and categorize data as rhythmic 

based on the similarity between an oscillation and reference curves, such as cosine curves (Hughes, 

Hogenesch, and Kornacker 2010; Hutchison et al. 2015; Wu et al. 2016). However, most CCE 

detection methods cannot take into account damping. Moreover, CCE detection methods that can 

account for damping are not effective on a high-throughput scale, as these approaches generally 

work directly with the original differential equation, creating a computationally expensive method 

(Westermark et al. 2009; Eser et al. 2014). Therefore, the current circadian detection algorithms 

likely miss many damped CCEs. 

To better elucidate CCEs, we created the Extended Circadian Harmonic Oscillator (ECHO) 

application (app), a publicly available, easy-to-use interface that rapidly detects rhythms with and 

without a change in amplitude in large scale datasets. ECHO uses an optimization approach that 

fits the solution to the differential equation corresponding to an underlying negative feedback loop 

with external influences to omics scale data, thus extending the simple harmonic equation to 
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identify the degree of amplitude change. ECHO detects not only the change in amplitude of 

oscillating genes, but it is more robust to noise than current circadian detection algorithms. 

Applying ECHO to previously published large scale transcriptomic and proteomic datasets, we 

detected CCEs that fell into damped, harmonic, and even forced (oscillations that increase in 

amplitude over circadian time) groups. CCEs that were classified as damped or forced fell into 

distinct Gene Ontological categories, even across several different species. Moreover, we found 

the environmental conditions of sampling impacted whether genes are damped or forced. Finally, 

we uncovered potential transcriptional connections stemming from the clock that could lead to the 

differential regulation of clock output, suggesting that damping is primarily a directed process 

rather than a by-product of desynchronization. 

4.3 Methods 

 

State-of-the-art methods for the identification of circadian rhythms in large scale datasets 

utilize fixed amplitude models (Hughes, Hogenesch, and Kornacker 2010; Hutchison et al. 2015; 

Wu et al. 2016). These methods are encompassed by the solution to the simple harmonic oscillator 

differential equation, a fixed amplitude model: 

���� = � cos�
� +  � + � (1) 

 

where x(t) is the resulting change in amplitude at time t, A is the initial amplitude, ω is the 

frequency of oscillation, ϕ is the phase shift, and y is the equilibrium value. This solution to the 

harmonic oscillator differential equation (1) corresponds to an underlying negative feedback loop 

(Pigolotti, Krishna, and Jensen 2007), with a set of activators and repressors corresponding to the 

rise and fall of an oscillation’s trends. Though this equation can capture the oscillations in large-



 98 

scale circadian datasets, it cannot account for outside forces that can change the amplitude of a 

negative feedback loop over time. However, it is important to note this system can be (and in 

reality, almost always is) influenced by outside biological forces, such as experimental conditions, 

that can decrease (damp) or increase (force) the amplitude of the oscillation it is describing over 

time. For example, when organisms are kept in "constant conditions" (e.g. darkness or without a 

media change that can lead to nutrient depletion), these environmental factors have the potential 

to force the amplitude of the oscillation to change (Aton et al. 2005; Yamazaki 2000). To account 

for these more realistic biological conditions in the identification of oscillations in large scale 

datasets, we used the extended harmonic oscillator equation: 

���� = � ����� cos�
� +  � + � (2) 

 

where γ is the amplitude change (AC) coefficient, and all other parameters retain their 

meaning from equation 1. Of the utmost importance in this equation is the inclusion of the 

amplitude change coefficient, which quantifies the amount of change in amplitude within the 

system. A positive value of γ indicates damping, or decreasing amplitude over time, and a negative 

value of γ indicates forcing or increasing amplitude over time. This equation reduces to equation 

3.1 in the ideal case, as a truly harmonic oscillator has a γ value of 0. By utilizing equation 2, 

changes in amplitude can be accounted for, leading to the more complete identification of circadian 

rhythms. In addition, by using equation 2 we can capture the magnitude of γ to categorize each 

oscillation as damped, forced or harmonic. 

4.3.1 Fitting Data with the Extended Harmonic Oscillator Equation 
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Building off the approach proposed in (De los Santos et al. 2017), to find the parameter 

values in (2), we use the method of nonlinear least squares. Given experimental data ��, ����� =
���, ������, ���, ������, … , ���, ������ and parameters � = ��, �, 
, , ��, this method minimizes 

the squared difference between experimental and fitted data in the following manner: 

min! "��

#$�
���#� − &��#, ���� (3) 

 

where n is the total number of data points and &��#, �� refers to equation 2. We find a local 

solution to this minimization problem using the package “minpack.lm” in R, which uses the 

Levenberg-Marquadt algorithm for nonlinear least squares (Elzhov et al. 2016). Confidence 

intervals for all parameters can be computed by bootstrapping, as computed by the package “boot” 

(Davison and Hinkley 1997). 

4.3.2 Starting Points for Nonlinear Least Squares 

As nonlinear least squares is a nonconvex problem, choosing the correct starting values is 

important. We thus choose our starting points for each of the parameters (denoted with subscript 

0) with heuristics based on the experimental data. We developed a novel parameter initialization 

scheme for our nonconvex problem in equation 2. Our starting points for each of the parameters 

in (2) (denoted with subscript 0) are based on heuristics in the averaged experimental data: 
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�' = max������ − ����******  

�' =

+,
,,
-
,,,
. 1

01 + 1234 5� ,     if # of peaks ≥ 2& peak�1� > peak�2� 
−1

01 + 1234 5� ,     if # of peaks ≥ 2& peak�1� < peak�2�
0.01,                   if peaks=1                                                   10�A,                   otherwise                                                      

 (4) 

F' = 23�# of time points��resolution�/�# of peaks� 

 �' = ����****** 

(5) 

where # means number. In (5), resolution is defined as the difference between adjacent 

time points.   is chosen by partitioning the possible phase shift range into 12 parts: 
#JK , L =

0, … ,11 . Using the previously decided initial values, ' is then chosen based on the i that 

minimizes the sum of the absolute value of the difference between the experimental data and the 

proposed initial fit, calculated using (2), at time points 2 and 3. 

(4) and (5) include the vector of peaks within the experimental data and the logarithmic 

decrement. A data point is determined to be a peak if it is the maximum value of a set including 

itself and a certain number of surrounding data points. The size of this set is dependent on the 

resolution of the data. For 5 minute resolution or less, this set is size 102, for (5,10] minute 

resolution, size 45; for (10,15] minute resolution, size 26; (15,30] minute resolution, size 11, for 

(.5,1] hour resolution; size 9; (1,2] hour, size 7; (2,4] hour, size 5; and greater than 4, size 3. 

Endpoints outside the range are not included. For example, data at time point 4 with a 6-hour 

resolution would be compared to data at time points 3 and 5. This increasing window of 
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comparison for smaller resolution identifies a true peak in the data, rather than simply noise. 

Endpoints are not included in peak calculations. 

The other support, the logarithmic decrement, is defined as the following: 

4 =
+,-
,. 4 = 1M ln ������� + N�       if peak �1�  > peak �2�

4 = 1M ln ��� + MN�����      otherwise                         (6) 

where n is the period between peaks, t is the time of the first peak, and � + N is the time of 

the next peak. The logarithmic decrement estimates the amount of damping between two peaks. 

Since we can think about forcing as reverse damping, we change the formulas for (4) and (6) 

accordingly. 

4.3.3 Analyzing Datasets with Multiple Replicates 

The equation given above (3) for nonlinear least squares assumes that for β to be an 

unbiased estimator, the variance at each time point must be equal (Strutz 2010). In the case where 

there is a single replicate, this is vacuously true, as each replicate with a single time point must 

have zero variance. However, if a given dataset has multiple measurements at each time point, one 

cannot assume that variances are equal. To compensate for this discrepancy and obtain an unbiased 

β, we add weights at each time point equal to the variance at each time point (Strutz 2010). Thus, 

(3) becomes: 

min! " " 1O#� ��

#$�
�P��#� − &��#, ����

Q

P$#
 (7) 
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where R is the total number of replicates, O#� is the estimated variance at each time point, 

and �P��#� represents the expression value of replicate r at time point i, and all other variables 

retain their meaning from equation 3. From first principles, we surmise that we should "trust" time 

points more if their values are closer together (lower variance) rather than far apart (higher 

variance). 

4.3.4 Estimating Goodness of Fit 

 

Once the parameters are obtained, we determine goodness of fit by computing the P-value 

using Kendall's tau correlation coefficient, which measures the concordance between two series of 

data. In this case, we compare the fitted data values � = ���, … , ��� to the experimental data 

values � = ���, … , ��� with n corresponding to the total number of data points in the series. Then 

Kendall's R is measured as follows (Hutchison et al. 2015): 

 

τ�x, y� =  ∑ sgn��W − �#� ∙ sgn��W − �#��Y#ZWY� 12 M�M − 1�  (8) 

 

where sgn(x) is 1 if x is positive and -1 if x is negative. The numerator corresponds to the 

number of pairs that vary concordantly minus the number that vary discordantly. The denominator 

corresponds to the total amount of comparisons, such that R is normalized to be between -1 and 1. 

P-values are calculated using the exact Kendall's tau statistic. P-values are then adjusted, either 

using the Benjamini-Hochberg or Benjamini-Yekutieli criteria to account for multiple hypothesis 

testing, and evaluated for significance using a 0.05 cutoff. 
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4.3.5 Determining Cutoffs for Amplitude Change Coefficient Categories 

Representative curves for each AC coefficient category appear in Figure 4.1. We 

determined which ranges for �, the amplitude change coefficient, were considered harmonic by 

examining several cutoffs for �. When looking at representative curves for lower or higher values 

of the amplitude change coefficient, we considered the amount of amplitude loss for two cycles 

for each harmonic cutoff (Figure 4.2A). We chose a conservative amount of greater than 50% 

amplitude loss, corresponding to an AC coefficient of ±.03, in order to account for the large 

amounts of noise that can be seen in various biological datasets. However, it should be noted that 

this cutoff can be adjusted based on the amount of noise in the dataset. For datasets with less noise, 

this cutoff should be tightened, since a 'harmonic' rhythm corresponds to an ideal constant 

amplitude oscillator. Note that these adjustments, as with any parameter adjustments, such as 

period range restrictions, will change the interpretation of the data. 

  

Figure 4.1: Amplitude change coefficient determines differential categorizations of rhythms. Representative 

curves for each of the AC coefficient categories. If 0.03 ≤ γ ≤ -0.03, the rhythm is categorized as damped (A); 

-0.15 ≤ γ ≤ -0.03, the rhythm is categorized as forced (B); -0.03 ≤ γ ≤ 0.03, the rhythm is categorized as 

harmonic (C). In our analyses, these three categories are considered circadian. If γ ≤ -0.15 the rhythm is 

categorized as overexpressed (D), and if γ ≥ 0.15, the rhythm is categorized as repressed (E). In our analyses, 

the expression patterns in D and E are not considered circadian and are excluded. 
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Figure 4.2: Empirical analysis suggests amplitude change coefficient cutoffs. A. Representative curves 

detailing the amplitude loss over two cycles for a sliding amplitude change coefficient cutoff, when 

considering the cutoff for harmonic rhythms. B. Representative curves for the specified threshold of 

amplitude change coefficient. The top row displays curves with positive amplitude change coefficients 

and the bottom row displays curves with negative amplitude change coefficients. C. Representative heat 

maps generated at each amplitude change coefficient level using data from Neurospora crassa

transcripts (Hurley et al., 2014). Each row corresponds to the relative mean-centered expression of a 

single transcript and each column to a single time point. Heat map color keys are shown to the right of 

each map, which are bounded by -1 and 1, as each expression value is divided by the maximum 

magnitude of expression across the time course for each gene. 
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To determine cutoffs for non-circadian AC coefficient values, we followed a similar 

procedure by examining several cutoffs for �. When looking at representative curves for lower or 

higher values of the amplitude change coefficient, we determined that anything greater than ±0.15 

could not be considered circadian for reasons cited in Section 4.3.6 (Figure 4.2B). Further, we 

sought to confirm this in empirical observation using biological data from a highly sampled dataset 

from Neurospora crassa (Hurley et al. 2014). When we created heat maps of rhythms with a range 

of amplitude change coefficients, we noted that when the absolute value of the amplitude change 

coefficient was beyond ±0.15, the expression patterns appeared less circadian than those with a 

amplitude change coefficient below 0.15 (Figure 4.2C). 

It should also be noted that these cutoffs may also be determined with confidence intervals; 

for example, if a confidence interval for the AC coefficient contained 0, it may be considered 

harmonic. However, the exact implementation of the use of these confidence intervals remains 

unclear, as a confidence interval binning could also consider the ranges and cutoffs proposed 

above. Further, the calculation of confidence intervals through bootstrapping requires more 

computational time and does not provide consistency in small amounts of repetitions, since it is 

based on random sampling with replacement. Thus, we leave to future work the determination of 

AC categories by this method. 

4.3.6 Identifying the Harmonics of Oscillating Elements 

Once a fit is determined to be significant, the rhythm is categorized based on its value of 

the amplitude change coefficient �. We determined empirically that if ^. _` ≤ b ≤ ^. ^c, the 

rhythm should be categorized as damped; if −^. _` ≤ b ≤ −^. ^c  the rhythm should be 

categorized as as forced; if −^. 03 ≤ b ≤ ^. ^c, the rhythm should be categorized as as harmonic, 

though we feel that this determination may be dependent upon the noise in the data as discussed 
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in Section 4.3.5, Figure 4.1A-C, Figure 4.2A). Should b be less than -0.15 or greater than 0.15 for 

a specific rhythm, the gene is considered to be overexpressed or repressed, respectively (Figure 

4.1D-E, Figure 4.2B-C). Rhythms with these magnitudes of b are not considered to be circadian, 

as their expression patterns more accurately represent a sharp increase or decrease in the amplitude 

with a small amount of noise rather than an oscillation over time. 

4.3.7 The Extended Circadian Harmonic Oscillator (ECHO) Application 

We created an ECHO interface which allows researchers to both identify rhythms and 

visualize their results (Figure 4.3), available on GitHub1 and as an R package through CRAN.2 

The ECHO application allows for the use of a variety of preprocessing techniques. However, 

preprocessing, as with any editing of values, will likely change the estimated parameter values. 

ECHO's interface allows for searches for rhythms of any period length up to the total length of the 

time course, a "free run". (Figure 4.4A-B). Free runs also prevent suboptimal rhythms from being 

detected at a specified lower or higher period bound, when their optimal periods fit outside of the 

user specified range (Figure 4.4C and D). It should be noted that the ECHO method works with 

any numerical data, including standard genome-wide data analysis techniques, such as microarray 

and RNA-seq, as well as longer time courses, such as real-time luciferase assays. 

                                                 
1 The ECHO app can be downloaded from GitHub at URL: https://github.com/delosh653/ECHO 

2 The ECHO R package can be found at URL: https://CRAN.R-project.org/package=echo.find 
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4.3.7.1 ECHO User Interface 

In ECHO, under the first tab, "Find Rhythms", the user may upload data in .csv format, 

enter dataset information (including the time point range, resolution, and the amount and type of 

replicates), and can select to run JTK_CYCLE (JTK) in tandem with ECHO, as a comparison for 

current field standards (Figure 4.3A)(Hughes, Hogenesch, and Kornacker 2010). The user also has 

a choice of preprocessing steps to prepare their data for analysis (see next section). As ECHO and 

JTK are run, a progress bar displays in the bottom right corner of the console window, and total 

run time is displayed at the top of the screen upon completion. The results can be downloaded as 

both .csv and .RData files. The .RData file also contains user inputs. 

Figure 4.3: The ECHO app provides a simple way for users to analyze and explore results. A. The "Finding 

Rhythms" tab, where users enter dataset information and choose from a variety of preprocessing steps. B. A 

Venn Diagram produced by the ECHO app, for comparison between data from ECHO and JTK_CYCLE. C. 

Heat maps visualize average, mean-centered, relative expression among replicates, using yellow to indicate 

high expression and blue to indicate low expression. D. Gene expression plots display both the original and 

fitted data. For multiple replicates, the fit is displayed with shading between the maximum and the minimum 

values at that time point, with an option for the individual replicates to be displayed. E. Gene expression plot 

without each replicate displayed. F. Parameter density graphs display the distribution of a selected parameter.
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The .RData file may then be uploaded in the second tab, "Visualizing Results", which 

allows for the exploration and visualization of the resultant data. The user can explore subsets of 

data, e.g. genes identified as rhythmic by ECHO. Moreover, the user can choose from a host of 

visualizations, including Venn diagrams, heat maps, gene expression plots, and parameter density 

graphs (Figure 4.3B-F). ECHO allows for the specification of many visualization parameters, 

including significance levels, amplitude change coefficients, and period ranges. Images and gene 

lists can be exported for use in publication. 

4.3.7.2 Optional Preprocessing Steps in ECHO 

Before fitting the data, ECHO has the option to perform several preprocessing steps. First, 

ECHO can smooth the data by implementing a running average over a 3-point window. This 

average is weighted at the center point of the window in the following manner: 

Figure 4.4: ECHO "Free Runs" display optimal periods for ultradian and infradian hythms in Neurospora 

crassa. A, B. ECHO free run heatmaps of average, mean-centered, relative expression for mRNAs in the 

Neurospora transcriptome.. Each row corresponds to the relative mean-centered expression of a single 

transcript and each column to a single time point. These heatmaps display an ultradian range of periods from 

10 to 16 (A) and an infradian range of periods from 32 to 38 (B). C. Parameter density graph of period for a 

run of Neurospora where rhythms were specified to remain between 20 and 24 hours. D. Parameter density 

graph of period for a free run of Neurospora. 
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 x��'�deffghij =  2���'� + �����3  (9)

 x��#�deffghij =  ���# − 1|� + 2���#� + ���# + 1�4  (10) 

 x����deffghij =  ���� − 1|� + 2�����3  (11) 

where ���#� represents the expression at time L = 0, … , M and the denominator represents 

the sum of the weights. In using this weighted average, the data retains a larger proportion of the 

overall trend of the data than by using the standard running average, while at the same time 

retaining the noise-mitigating advantages of smoothing.  

In addition to smoothing, ECHO can remove data with constant or undetected expression 

prior to analysis to save processing power. ECHO also has an option to remove genes that were 

detected in less than 70% of the experimental time points to eliminate experimental artifacts that 

can be caused by missing data (Hughes et al. 2017). Both options prevent negative effects on 

multiple hypothesis tested p-values. 

To enable the direct comparison between data with vastly different amplitudes, ECHO 

provides a normalization option, which converts the expression at each time point to a z-score: 

mn��#� =  �n��#� − onOn  

 
(12) 

where o is the mean expression for a specific gene g, and O is the standard deviation of the 

expression for g. This creates a resultant z-score with a mean of 0 and a standard deviation of 1. In 

addition to enabling the comparison between genes, normalization reduces the size of the 

optimization space, reducing run time.  



 110 

Finally, ECHO can remove linear trends from the data. This baseline removal is essential 

for strongly downward or upward sloping expressions, as our model (Equation 2) does not account 

for this and therefore could result in inaccurate parameter results. This is completed by linear least 

squares, where for each expression the squared difference between the fitted and experimental data 

is minimized. This results in an intercept (a) and slope (b), used in obtaining the detrended results 

in the following manner: 

���#�jigPi�jij =  ���#� − �p + q�#� for L = 1, … , M (13) 

where ���� is the original value, t is the time point, and n is the total number of time points. 

For paired replicates, this linear fit is computed and removed from each replicate separately. For 

unpaired replicates, the linear trend is computed and removed from all replicates at once. 

4.3.7.3 Preprocessing Parameter Considerations 

It should be noted that specific preprocessing schemes will affect the outcome of 

parameters, especially the amplitude change (AC) coefficient, among other parameters. 

Smoothing, while reducing noise, may attenuate the AC coefficient, as expressions at each time 

point will be dragged more towards the mean expression. Removing linear trends will change the 

AC coefficient in proportion with slope. For example, a rhythm with an initially strongly negative 

slope has a highly forced AC coefficient category as optimization attempts to minimize the squared 

residuals; once this slope is removed, the rhythm is damped instead. Normalization, however, does 

not change the AC coefficient. It only changes initial amplitude and equilibrium shift. This is 

displayed by the following: 

 



 111 

 ���� =  ����rg� cos�
� + � + �� − oO   

 =  ���rg� cos�
� + � + �� − o�O  (14) 

 = �O ��rg� cos�
� + � + � − oO   

 = ����rg� cos�
� + � + ��  

where all parameters retain their meaning from (2) and (6) and �� and �� indicate updated 

values after normalization of initial amplitude and equilibrium shift, respectively. 

4.3.7.4 ECHO "Free Runs" 

To explore rhythms beyond circadian, a user may leave the range of periods section blank, 

triggering a "free run". This free run allows ECHO to look for periods in the range of their time 

point resolution, with a minimum of 1 hour, to the length of their time course. This allows users to 

more easily see ultradian and infradian rhythms in addition to the standard circadian rhythms 

(Figure 4.4A, B). Ultradian rhythms are shorter than a ~24 circadian rhythm, while infradian 

rhythms are longer. 

Further, a free run prevents ultradian or infradian genes that are passable at a certain p-

value cutoff from being labeled circadian. In runs with ranges specified, parameter density graphs 

of the period often show high densities at either end of the range, indicating that these rhythms' 

more optimal periods likely lie outside this range, though this edge period provides a fit good 

enough to comply with the p-value cutoff (Figure 4.4C). In a free run, a more optimal period can 

be identified for these rhythms (Figure 4.4D). 
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4.3.8 Generation and Analysis of Synthetic Datasets 

To evaluate ECHO’s performance in recovering circadian genes as compared to other 

commonly used methods, we generated two sets of synthetic datasets using an approach similar to 

(Wu et al. 2014) and (Deckard et al. 2013). Gene expression patterns were generated using (2) for 

each of our circadian AC categories. Initial parameters were randomly drawn from a uniform 

distribution with the following ranges: 

 

The AC coefficient for each of the three categories (damped, forced, and harmonic) was 

also drawn from uniform distributions over their respective ranges. In addition, we added random 

noise to the data from normal distributions, centered at ranges categorized with respect to the 

amount of noise relative to the maximum possible initial amplitude. We chose a standard deviation 

of 
�K of these ranges, such that 99.7% of noise would fall between the given range. By categorizing 

noise in this manner, we provide a more intuitive method for interpreting noise. Low noise was 

drawn from a range of [1,2], medium from [2,3], and high from [3,5]. These expression patterns 

were generated for a 2-hour resolution time course from 2 to 48 hours. Time points were then 

accordingly removed to create time courses with 4- and 6-hour resolutions. Non-periodic 

expression patterns were composed by flat, linear, and exponential curves with noise drawn from 

normal distributions. 

� =  ±[8,10] 
 


 = v2320 , 2330w  
 ϕ = [−2π, 2π] 
 y = [−4,4] 

(15) 

(16) 

(17) 

(18) 



 113 

The first datasets generated contained 10,000 expression patterns for each amplitude 

change coefficient, noise, and resolution category combination, with a 1:4 ratio of circadian to 

non-circadian genes, a higher total number of genes than in (Wu et al. 2014). This higher total 

number of expressions is similar to what one might find in genome-wide studies, i.e., a large 

percentage of non-circadian genes with a smaller percentage of circadian genes and a larger 

number of genes total. The second datasets created used a less biologically relevant model by 

reducing the amount of noncircadian genes to 4,000 and increasing the ratio of circadian to non-

circadian genes to 1:1. However, this dataset allowed us to test the effects of multiple hypothesis 

testing on ECHO. 

To analyze accuracy, we created ROC curves, plotting the true positive rate (TPR), or 

sensitivity, versus the false positive rate (FPR), or specificity. The Area Under the Curve (AUC) 

scores were calculated by subtracting the Benjamini-Hochberg adjusted p-values provided by each 

test from 1, such that a higher score would indicate a higher confidence in that expression being 

circadian. For MetaCycle, expressions' p-values were combined using Fisher's method, the 

suggested default (Table 4.1-Table 4.6). 

We then tested each program's accuracy in identifying the first peak in the data, or the 

phase. To do so, we computed the difference between the predicted phase shift by each program 

and the original generated phase shift for the simulated circadian genes that were detected by the 

program with a BH-adjusted p-value cutoff of 0.05. This data was arrayed using frequency polygon 

plots, which display the distribution across a histogram, binned for each hour. If the method is 

optimal, the distribution of each plot should be centered around 0, with sharply decreasing slopes 

on either side. We used a t-test to determine whether the mean distribution was significantly 

different from 0. Horizontal vertical lines at a magnitude of 10 indicate the range outside of which 
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the difference corresponds to an antiphase prediction, as periods were originally drawn from [20, 

30] (Figure 4.5-Figure 4.7). 

We also examined the false discovery (FDR) and true positive rates (TPR) for various BH-

adjusted p-value cutoffs. The false discovery rate is the fraction of the predicted significant time 

Figure 4.5: Difference between predicted and actual phase frequency polygon plots for damped synthetic 

data. Frequency polygon plots for damped synthetic data with a (A) 1:4 and a (B) 1:1 circadian to 

noncircadian ratio. 

Figure 4.6: Difference between predicted and actual phase frequency polygon plots for forced synthetic data. 

Frequency polygon plots for forced synthetic data with a (A) 1:4 and a (B) 1:1 circadian to noncircadian 

ratio. 
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series that are from the null set, and the true positive rate is the fraction of discovered time series 

that are truly rhythmic (Figure 4.8 & Figure 4.9). 

 

  

Figure 4.8: False discovery and true positive rates for damped synthetic data. A BH-adjusted cutoff of 0.05 was 

used for the damped synthetic data with a 1:1 circadian to noncircadian gene ratio. Bar plots of FDR and TPR 

for damped synthetic data with a 1:1 circadian to noncircadian ratio, decimals truncated to 4 places. 

Figure 4.7: Difference between predicted and actual phase frequency polygon plots for harmonic synthetic 

data. Frequency polygon plots for forced synthetic data with a (A) 1:4 and a (B) 1:1 circadian to noncircadian 

ratio. 
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Figure 4.9: False discovery and true positive rates for harmonic synthetic data. A BH-adjusted cutoff of 0.05 

was used for the harmonic synthetic data with a 1:1 circadian to noncircadian gene ratio. Bar plots of FDR and 

TPR for harmonic synthetic data with a 1:1 circadian to noncircadian ratio, decimals truncated to 4 places. 

Figure 4.10: False discovery and true positive rates for forced synthetic data. A BH-adjusted cutoff of 0.05 was 

used for the forced synthetic data with a 1:1 circadian to noncircadian gene ratio. Bar plots of FDR and TPR 

for forced synthetic data with a 1:1 circadian to noncircadian ratio, decimals truncated to 4 places. 
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4.3.9 Acquisition and Pre-Processing of Biological Data Sets 

Previously published data sets, including Neurospora crassa (RNAseq, SRP045821 and 

SRP046458; and Tandem Mass Tag proteomics, PXD009682 and 10.6019/PXD009682), Mouse 

liver (microarray)(GSE11923), NIH3t3 mouse embryo fibroblasts (microarray)(GSE11922), and 

Anopheles gambiae (microarray)(GSE22585) were acquired from publicly available GEO 

databases (Hurley et al. 2014; Hughes et al. 2009; Rund et al. 2011; Hurley et al. 2018). In the case 

of the Neurospora data sets, which did not include microarray data, the transcriptome and 

proteome were preprocessed as in Hurley et al. (Hurley et al. 2014; 2018), using the preprocessing 

steps described by Crowell et. al. (Crowell et al. 2019). Missing data in the transcriptomic dataset 

was imputed by averaging the time points on either side, in order to have the same structure as the 

completed proteomic data.  

For the remaining microarray data sets, MAS5 and RMA normalization was completed 

using the Expression Console software from Affymetrix. The raw CEL files for each dataset were 

uploaded and run through both MAS5 and RMA following the instructions from the Expression 

Console, generating two output files per set. Each file was saved with an additional Gene ID 

column which became the main identifier as probe set IDs were removed. Present/absent calls 

from the MAS5 results and RMA normalization of the values were combined through an R script. 

Rows with more than 30% absent calls had all data points for those absent calls set to 0, while 

absent calls in rows with less than 30% remained at their original value. 

In all data sets, we emulated the preprocessing steps in (Hughes et al. 2009) and averaged 

all rows with the same identifying Gene ID. Data sets were analyzed using ECHO with parameters 

according to experimental design for sample resolution, number of replicates, and start and end 

time of the data collection. Transcripts were considered circadianly expressed if the Benjamini-

Hochberg adjusted p-value was less than 0.05. AC coefficient (�) cutoffs are as stated in Figure 
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4.1. All datasets were analyzed with the following optional parameters within ECHO: data 

smoothing, unexpressed gene removal, data normalization, and a parallel run of JTK_CYCLE. For 

the animal data sets, we investigated a range of periods from 22-26 hours, while for the fungal 

datasets we used a 20-24-hour range, largely for compatibility with our comparison program, 

JTK_CYCLE (Hughes, Hogenesch, and Kornacker 2010). However, ECHO program can be run 

as an unconstrained optimization problem; if no previous information is known about the period 

range of the oscillation, the program will search for rhythms as small as the resolution of the time 

course and as long as the time course length. 

4.3.10 Gene Ontology (GO) Meta-Analysis 

For each transcription-based dataset, damped, forced, and harmonic transcripts were 

determined via ECHO as previously described in Section 3.2 and evaluated for a statistical 

enrichment of gene ontologies using FungiFun2 (version 2.2.8) for Neurospora crassa transcripts, 

and Panther Classification System (version 14.0) for all other datasets using the appropriate 

reference organism and FDR-corrected p-values. For all terms enriched in at least one dataset, an 

average FDR-adjusted enrichment value for all datasets was calculated and multiplied by 2, as 

justified in (Vovk and Wang 2018). 

4.3.11  DREME Analysis for Enriched Motifs within Damped, Harmonic, and 

Forced Oscillations in Neurospora crassa 

To complete the DREME (Discriminative Regular Expression Motif Elicitation) analysis, 

we pulled promoter region sequences (here considered 500 bp before each transcription start site) 

for each subset of amplitudes, downloaded from FungiDB, Release 39 (30 Aug 2018) (Bailey 

2011; Basenko et al. 2018). These 500 bp gene sets for forced, harmonic, and damped promoters, 

were each individually uploaded to the DREME program within Meme suite (meme-suite.org/) 
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ver. 5.0.4, using shuffled input sequences as the control, the advanced option of searching only the 

given sequence and the default E-value cut-off of 0.05 (Bailey 2011; Machanick and Bailey 2011). 

Discovered motifs were compared to a database of known Neurospora crassa transcription factors 

(Weirauch et al. 2014). In all cases, plots for genes of interest were made using the ECHO app's 

visualization capabilities under its "Gene Expression with Replicates" option. 

4.4 Results 

4.4.1 ECHO Exceeds Current Methodologies in Rhythm and Phase Detection 

To evaluate the capabilities of ECHO as compared to existing approaches (Hughes, 

Hogenesch, and Kornacker 2010; Wu et al. 2016), we applied ECHO, JTK, and MetaCycle to 

synthetically generated datasets with circadian and non-circadian data  and calculated the area 

under the receiver operating characteristic (ROC) curve (AUC) for all three programs. We utilized 

two basic synthetic dataset structures, one that consisted of a realistic circadian to noncircadian 

ratio and total number of genes (ratio of circadian:non-circadian of 1:4, 10,000 total expression 

patterns), and one that allowed us to examine the effects of multiple hypothesis testing (ratio of 

circadian:non-circadian of 1:1, 4,000 total expression patterns). Within each of these datasets, we 

further varied the noise levels (low, medium, and high), the time point resolution (2, 4, and 6 

hours), and the type of circadian Amplitude Change (AC) categories (damped, forced, and 

harmonic) that were associated with each of the gene expression patterns.  

In the dataset with a circadian to non-circadian ratio of 1:4, a damped AC coefficient, low 

level of noise, and high resolution sampling, each of the three programs performed well (Figure 

4.11A, Table 4.1). However, as noise increased and resolution decreased to levels similar to what 

is seen in the literature, ECHO outperformed JTK and MetaCycle (Figure 4.11A, Table 4.1). To 
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explore the effects of multiple hypothesis testing on ECHO, we examined the 1:1 circadian to non-

circadian ratio dataset with ECHO. As in the 1:4 dataset, ECHO strongly outperformed the other 

two analysis methods (Table 4.4). 

In the case of the forced and harmonic AC coefficient datasets, at low noise and high 

resolution, JTK, MetaCycle, and ECHO all maintained similar AUC scores in both the 1:4 and 1:1 

datasets (Figure 4.11A, Table 4.2, Table 4.3, Table 4.5, and Table 4.6). As the noise was increased 

and the resolution decreased, ECHO demonstrated similar and slightly higher AUC scores than 

MetaCycle, and ECHO and MetaCycle consistently outperformed JTK (Figure 4.11A, Table 4.2, 

Table 4.3, Table 4.5, and Table 4.6). In the cases where ECHO did not have the highest AUC, it 

Figure 4.11: ROC curves demonstrate that ECHO robustly detects oscillations and precisely defines period. 

A. ROC curves for ECHO, JTK, and MetaCycle when analyzing expression patterns with low noise and 2-

hour resolution or high noise and 6-hour resolution with amplitude change coefficients which fall into the 

damped, forced, and harmonic ranges, respectively, in a dataset with a 1:4 circadian to non-circadian ratio. 

B. Frequency polygon plots for ECHO, JTK, and MetaCycle when analyzing phase in data with low noise 

and 2-hour resolution or high noise and 6-hour resolution with amplitude change coefficients which fall into 

the damped, forced, and harmonic ranges, respectively, in a dataset with a 1:4 circadian to non-circadian 

ratio. ECHO = the ECHO method. JTK = the JTK_CYCLE method. MC = the MetaCycle method. 
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was numerically very similar to the highest, being no more than 0.08 from the AUC highest score 

(Table 4.1-Table 4.6). 

Table 4.1: AUCs for synthetic data with a 1:4 ratio of damped circadian to noncircadian genes. 

  Damped, 1:4 Ratio 

  Resolution 

  2 hours 4 hours 6 hours 

  ECHO JTK MC ECHO JTK MC ECHO JTK MC 

Noise 

Low 0.9234 0.9807 0.991  0.9063  0.8741  0.9236  0.8674  0.7005  0.8191 
Medium 0.8891  0.9146  0.9465  0.8627  0.7185  0.803  0.8163  0.5228  0.7099 

High 0.8357  0.7669  0.821  0.8082  0.5697  0.6714  0.7712  0.5041  0.631 
 

Table 4.2: AUCs for synthetic data with a 1:4 ratio of forced circadian to noncircadian genes. 

  Forced, 1:4 Ratio 

  Resolution 

  2 hours 4 hours 6 hours 

  ECHO JTK MC ECHO JTK MC ECHO JTK MC 

Noise 

Low 0.9883 1 0.9999 0.9754 0.998 0.9971 0.9313 0.8966 0.9539 

Medium 0.9868 1 1 0.9743 0.9976 0.9976 0.929 0.8934 0.9548 

High 0.982 1 0.9999 0.9722 0.997 0.9971 0.913 0.768 0.944 
 

Table 4.3: AUCs for synthetic data with a 1:4 ratio of harmonic circadian to noncircadian genes. 

  Harmonic, 1:4 Ratio 

  Resolution 

  2 hours 4 hours 6 hours 

  ECHO JTK MC ECHO JTK MC ECHO JTK MC 

Noise 

Low 0.9993 1 1 0.9971 0.9995 0.9998 0.9897 0.9617 0.9926 

Medium 0.999 0.9999 0.9999 0.9936 0.9939 0.9989 0.9794 0.9323 0.9804 

High 0.9902 0.9991 0.9999 0.9819 0.9426 0.9851 0.9417 0.7578 0.93 
 

Table 4.4: AUCs for synthetic data with a 1:1 ratio of damped circadian to noncircadian genes. 

  Damped, 1:1 Ratio 

  Resolution 

  2 hours 4 hours 6 hours 

  ECHO JTK MC ECHO JTK MC ECHO JTK MC 

Noise 

Low 0.9138 0.9923 0.9968 0.9025 0.9243 0.9509 0.8541 0.8396 0.8576 

Medium 0.8859 0.9544 0.9682 0.8681 0.8377 0.8587 0.808 0.6978 0.7723 

High 0.839 0.8452 0.8567 0.8134 0.6938 0.7145 0.7702 0.589 0.6879 
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Table 4.5: AUCs for synthetic data with a 1:1 ratio of forced circadian to noncircadian genes. 

  Forced, 1:1 Ratio 

  Resolution 

  2 hours 4 hours 6 hours 

  ECHO JTK MC ECHO JTK MC ECHO JTK MC 

Noise 

Low 0.9873 1 1 0.9804 0.9968 0.9972 0.9278 0.9579 0.962 

Medium 0.9876 1 1 0.979 0.9965 0.9962 0.9188 0.9514 0.9535 

High 0.9841 0.9999 0.9999 0.97 0.9956 0.9956 0.9207 0.9498 0.9557 
 

Table 4.6: AUCs for synthetic data with a 1:1 ratio of harmonic circadian to noncircadian genes. 

  Harmonic, 1:1 Ratio 

  Resolution 

  2 hours 4 hours 6 hours 

  ECHO JTK MC ECHO JTK MC ECHO JTK MC 

Noise 

Low 0.9993 1 1 0.9978 0.9996 0.9999 0.9904 0.9793 0.9933 

Medium 0.9977 1 1 0.9955 0.9976 0.9988 0.9781 0.9625 0.9868 

High 0.9878 0.9994 0.9994 0.9779 0.9677 0.9864 0.939 0.9084 0.9496 
 

We tested the accuracy of each program to recover phase by computing the difference 

between the predicted phase shift from each program and the original generated phase shift for 

detected circadian genes with a BH-adjusted P-value cutoff of 0.05. For our 1:4 ratio data, both 

ECHO and MetaCycle have distributions centered around 0 with a relatively low spread (Figure 

4.11B; Figure 4.5A-Figure 4.7A). This spread increases with noise and resolution, regardless of 

amplitude change coefficient category, though ECHO consistently recovers more circadian genes 

than MetaCycle. JTK, however, has a distribution centered between -1 and -2 with a low spread, 

indicating that JTK consistently underestimates phase. It also identifies far fewer circadian genes 

than ECHO and MetaCycle, to the point that at high noises and resolutions, no synthetic circadian 

expression patterns are recovered by JTK. We noted that ECHO retains accuracy and continues to 

identify circadian genes at high noise and wider hour resolution for damped genes and maintains 
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this robustness for all amplitude change coefficient categories. In our 1:1 ratio data, ECHO, 

MetaCycle and JTK identify phase and gene numbers similar to the 1:4 ratio dataset; these 

observations are consistent with the observations from our ROC curves (Figure 4.11B; Figure 

4.5B-Figure 4.7B). 

We examined the false discovery rates (FDRs) and true positive rates (TPRs) for each 

method at a 1:1 ratio of circadian to noncircadian genes at a BH-adjusted cutoff of 0.05, as well as 

several other BH-adjusted cutoffs and ratios (Figure 4.8-Figure 4.10, Table 4.4-Table 4.6). We 

observed that under optimal conditions (low noise and high resolution), ECHO's FDR in the 

damped, forced, and harmonic subsets averaged 5.9%, while at sub-optimal conditions (high noise 

and low resolution), ECHO's FDR averaged 12.8%. Compared to JTK and MetaCycle, ECHO's 

FDR was higher (JTK 0.22% and 0% and MetaCycle 1% and 5.8%, respectively). However, 

ECHO's TPR was substantially higher than that of JTK and MetaCycle, particularly in the damped 

category (average TPR over all conditions for damped rhythms: ECHO 66.7%, JTK 20.1%, 

MetaCycle 38%) and as noise increased and sample resolution decreased (average TPR for 

rhythms at high noise and 6-hour resolution over all AC categories: ECHO 72%, JTK 0%, 

MetaCycle 23.8%). This suggests that, under common experimental conditions and for damped 

rhythms, ECHO's higher FDR, as compared to JTK and MetaCycle, is counterbalanced by ECHO's 

improved TPR. However, we recommend that users select their BH-adjusted cutoffs dependent on 

sample quality and quantity, lowering BH-adjusted cutoffs to reduce the amount of false positives 

if necessary. 

4.4.2 ECHO Analysis with Biological Data Reveals Extent and Sources of 

Damping and Forcing 

To demonstrate ECHO's increased efficiency and determine the extent of damping in 

circadian networks, we applied ECHO to publicly available 48-hour time course transcriptomic 
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and proteomic datasets gathered from Neurospora crassa (Hurley et al. 2014; 2018). Of the 4,747 

Neurospora proteins that were detected by tandem mass tag mass spectrometry, ECHO identified 

2,146 CCEs, 935 (43.6%) of which were damped, 594 (27.7%) were forced, and 617 (28.8%) were 

harmonic (Figure 4.13A). From the Neurospora transcriptome, ECHO identified 6,685 CCEs with 

a comparable proportion of harmonic CCEs (32.7%), a lower proportion of forced CCEs (16.0%), 

and a higher proportion of damped CCEs (51.3%)(Figure 4.13B, Figure 4.14A) as compared to 

Figure 4.12: Damping of the positive arm of the neurospora clock (wcc) and its targets may be related to the 

damping of light induced pathways. ECHO app-generated plots of Neurospora RNA-seq data (colored lines) 

and ECHO best-fit models (black line) for wc-1 and wc-2 and a select group of the genes they transcriptionally 

activate upon light induction (in green box). Gene IDs and gene names can be found at the top of each plot, and 

the best-fit model (harmonic, damped, or forced) and BH-adjusted P-values from ECHO are reported below 

each plot. 
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the proteome. Of note, multiple circadian clock genes were identified as damped (Figure 4.12). To 

examine if damping/forcing of genes at the transcriptional level is also reflected at the translational 

level, we created a confusion matrix of CCEs that were detected and modeled in both datasets. In 

addition to the damped transcripts that were not rhythmic (29.3%) or damped/repressed at protein 

level as expected (38.6%), a comparable proportion were also found to be harmonic, forced or 

overexpressed (31.9%) despite damping at the transcriptional level (Table 4.7). These differences 

between the proportion of damped and forced CCEs at the transcriptional and post-transcriptional 

levels suggested that there is extensive differential regulation of CCE expression by the circadian 

system to generate damping or forcing in a directed manner. 

When we compared the ECHO analysis of the Neurospora transcriptome with a JTK 

analysis of the same transcriptomic data, we found that ECHO identified 882 CCEs in addition to 

the 7,441 CCEs identified by both ECHO and JTK, including those considered overexpressed or 

repressed by ECHO. Only 397 CCEs found by JTK were not encompassed by ECHO. Of the 882 

CCEs missed by JTK, the majority, 62.2%, were determined by ECHO to be damped, 24.8% were 

forced and 12.9% harmonic, which is consistent with our synthetic data finding that ECHO  

has an improved capability to detect damped gene expression patterns that cannot be 

detected with existing methods, identifying many additional CCEs.  



 126 

 

We hypothesized that the environmental conditions under which the samples were acquired 

may impact the AC of output genes, as the Neurospora time course was sampled in a depleting 

media condition. Therefore, we analyzed a high-resolution transcriptomic analysis of pooled liver 

Figure 4.13: The ratio of harmonic to damped to forced cces depends on sampling conditions. Heatmaps and 

AC coefficient density graphs of the CCEs determined by ECHO to be circadian in A. the N. crassa proteome 

(Hurley et al., 2018), B. the N. crassa transcriptome (Hurley et al., 2014), C. the M. musculus liver 

transcriptome (Hughes et al., 2009), and D. the M. musculus NIH3T3 transcriptome (Hughes et al., 2009). For 

each dataset, the heat maps show mean-centered normalized expression values at a given time point for the 

transcripts that fall into the AC coefficient categories damped, forced, or harmonic, and are sorted vertically 

by phase. 
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samples taken in vivo from mice in complete darkness and compared the ratio of 

damped/forced/harmonic CCEs to an in vitro transcriptomic time course with NIH3T3 mouse 

fibroblast cells acquired with identical depth/duration of sampling (Hughes et al. 2009). In the 

mouse liver dataset, a total of 20,662 liver transcripts were analyzed by ECHO and 5,036 were 

identified to be CCEs (Figure 4.13C). The majority of CCEs were classified as forced (38.6%), 

34.2\% classified as harmonic, and only 27.2% classified as damped. In contrast, the NIH3T3 time 

course had more than double the proportion of damped CCEs (66.9%), and far smaller proportions 

of harmonic (17.4%) and forced (15.7%) CCEs (Figure 4.13D). Though these are very different 

tissue types, the overall trends indeed suggest that nutrient sensing mechanisms are integrated with 

the clock to globally dampen rhythmic gene expression in nutrient limited conditions. 

Table 4.7: A confusion matrix of Neurospora crassa transcripts and proteins. 

  Protein 

  Damped Forced Harmonic Overexpressed Repressed 
Not 

Rhythmic 

RNA 

Damped 380 250 233 98 324 535 

Forced 82 52 69 33 71 165 

Harmonic 205 132 160 75 187 365 

Overexpressed 27 19 13 5 29 57 

Repressed 121 77 65 26 106 189 

Not Rhythmic 120 62 73 28 91 168 

To probe additional environmental sources that may impact the damping/forcing ratio, and 

because we noted a strong correlation between the light response and damped CCEs, we 

investigated the influence of light entrainment cues on circadian output AC. We focused on two 

transcriptomic time courses done in Anopheles gambiae that differ only in their lighting schemes: 

either maintaining a program of 12 hrs of light followed by 12 hrs of dark (LD) or 
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Figure 4.14: Z-score heat maps and averages display clear AC coefficient rhythms. Heat maps of different 

oscillation categories with z-score expression values for Neurospora crassa rhythmic transcripts (A) and 

Anopheles gambiae rhythmic transcripts in DD conditions (B), subset by circadian time of peak expression. 

Corresponding plots below heatmaps represent the average z-scores for all transcripts at each time point. 
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complete darkness (DD) throughout the time course (Rund et al. 2011). We identified 2,405 CCEs 

from the DD dataset (Figure 4.15A, Figure 4.14B) and 3.277 CCEs from  the LD dataset (Figure 

4.15B), suggesting that over all, light cues increase the number of CCEs. As would have been 

expected if continued light entrainment prevents damped and forced rhythms, there was a lower 

proportion of harmonic CCEs (40.4% vs. 55.3%) and a higher proportion of damped CCEs (33.7% 

vs 21%) in the DD dataset compared to the LD dataset. In addition, the distribution of amplitude 

change coefficients for each dataset’s CCEs showed a wider spread in DD (1st quartile: -0.032, 

3rd quartile: 0.044) than in LD (1st quartile: -0.028, 3rd quartile: 0.023), demonstrating that AC is 

more pronounced in the absence of light entrainment cues (Figure 4.15A & B).  

To ensure that the increase in CCEs under LD conditions was not due to differences in 

microarray detection and/or number of transcripts analyzed by ECHO, we confirmed that there 

were similar numbers of transcripts that were unexpressed (i.e. detected in <70% of time points) 

or with no deviation (having completely flat expression across the time course). We then 

investigated the overlap of CCEs between the two lighting conditions and found that the majority 

of CCEs are rhythmic in both conditions (1,751), though there were also some that were rhythmic 

only under LD conditions (1,526) or only under DD conditions (654) (Figure 4.15C). To further 

parse the expression patterns observed for each CCE under one condition compared to the other, 

we created a confusion matrix for the 3,412 total unique CCEs detected and modeled with ECHO 

in both datasets (Figure 4.15D). For the CCEs that were rhythmic in LD, the majority of damped, 

forced or harmonic CCEs were found to be not rhythmic under DD conditions, indicating that light 

responsive genes were highly prevalent in all three expression categories. As would be expected 

if desynchronization were a major factor in damping, many of the forced, damped and harmonic 

LD CCEs that do not lose rhythmicity, become damped under DD conditions. However, of the 
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CCEs that were forced, harmonic or damped under LD conditions, the largest proportions (128, 

449, 130, respectively) remained harmonic under DD conditions, suggesting that most circadian 

genes in fact do not become acutely damped or forced without synchronization cues and that 

intercellular desynchronization many not be responsible for circadian damping.  

Figure 4.15: The ratio of damped, forced, and harmonic CCEs varies depending on lighting schemes in 

Anopheles gambiae. A. and B. Heat maps and AC coefficient density graphs of the transcripts defined as 

damped, forced, or harmonic by ECHO in Anopheles gambiae (mosquito) heads gathered in either complete 

darkness (DD) (A) or 12:12 Light/Dark (LD) (B) C. A Venn diagram describing the overlap of transcripts 

found to be rhythmic in Anopheles in DD and LD. D. A confusion matrix comparing the best fit models 

(damped, forced, and harmonic) for CCEs in Anopheles identified as circadian by ECHO in either DD or LD 

conditions. 
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4.4.3 Meta-Analysis of Damped, Forced, and Harmonic Gene Ontologies 

Identifies Distinct Functions 

To identify differences in the functional roles of the AC coefficient categories, we 

conducted a gene ontology enrichment meta-analysis of the CCEs identified in the four 

transcriptional datasets tested with ECHO. The ontologies enriched in each AC category were 

found to be highly category-specific and suggestive of distinct functional roles for damping or 

forcing CCEs (Figure 4.16). Distinct functional differences between the forced, damped, and 

harmonic CCEs became apparent in analyzing the enrichment of child-level ontology categories. 

Out of 247 total unique child ontology terms significant in at least one subset, the majority of terms 

(65%) were enriched in only one of the damped/forced/harmonic subsets, highlighting the unique 

specificity of gene functions present in each subset. 

We examined the top twenty scoring ontologies unique to each expression pattern to further 

characterize the divergent biological roles of genes with damping, forcing, or harmonic expression. 

Most notable from the enriched damped CCEs (Table 4.8) were several terms related to protein 

transport and localization within the cell (intracellular protein transport, localization, regulation of 

cellular component organization, macromolecule localization), kinase and transferase activity 

(kinase activity, phosphotransferase activity, transferring alkyl or aryl (other than methyl) groups, 

as well as transcription (transcription DNA templated, rRNA binding, RNA binding) and 

ribosome. Alternatively, the ontological categories unique to forced CCEs (Table 4.9) pertained to 

catalysis of phosphate groups into free phosphate, such as in fatty acid activation (pyrophophatase 

activity, hydrolase activity, in phosphorus-containing anhydrides). Also uniquely forced were 

genes involved in RNA processing and translation (mRNA processing, translation, mRNA 
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binding, etc.), and finally ubiquitin-mediated proteolysis (protein ubiquitination, proteasome-

mediated ubiquitin-dependent protein catabolic process). Lastly, harmonic CCEs (Table 4.10) 

were most notably related to macromolecule metabolism (macromolecule metabolic process, 

hydrolase activity acting on ester bonds, disulfide oxidoreductase activity), ribosome biogenesis 

(preribosome, rRNA processing, ribosome biogenesis), actin cytoskeleton maintenance (actin 

binding, cytoskeleton, actin cytoskeleton) and ion transmembrane gradient maintenance (proton 

transmembrane transporter activity, ion transmembrane transport). The distinctions between the 

functions of genes found in each category, in particular their unique metabolic functions, hint that 

environment/nutrient sensing underlies the regulation of circadian damping and forcing as a 

directed response to metabolize and preserve specific cellular functions efficiently in times of 

nutrient stress.  
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Table 4.8: The top 20 unique gene ontological (GO) categories and their average enrichment p-value for the 

damped rhythms subset. A list of the top 20 unique GO terms retrieved from PANTHER for the damped 

subset, where the false discovery rate (FDR) reported is an average false discovery rate-adjusted p-value 

from all datasets in which the term appeared. 

GO ID Panther GO Term Average FDR 

GO:0005840 ribosome  5.30E-21 
GO:0005622 intracellular  4.90E-06 
GO:0019843 rRNA binding  1.01E-04 
GO:0006886 intracellular protein transport  9.66E-04 
GO:0006351 transcription, DNA-templated  1.12E-03 
GO:0004364 glutathione transferase activity  1.40E-03 
GO:0051179 localization  2.04E-03 
GO:0070925 organelle assembly  2.72E-03 
GO:0051128 regulation of cellular component organization  2.78E-03 
GO:0033036 macromolecule localization  3.28E-03 
GO:0003723 RNA binding  3.48E-03 
GO:0005886 plasma membrane  3.50E-03 
GO:0007010 cytoskeleton organization  4.34E-03 

GO:0016765 
transferase activity, transferring alkyl or aryl 
(other than methyl) groups 

 4.40E-03 

GO:0016301 kinase activity  5.52E-03 
GO:0008104 protein localization  5.68E-03 
GO:0072593 reactive oxygen species metabolic process  8.64E-03 
GO:0034613 cellular protein localization  1.03E-02 

GO:0016773 
phosphotransferase activity, alcohol group as 
acceptor 

 1.09E-02 

GO:0000226 microtubule cytoskeleton organization  1.12E-02 
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Table 4.9: The top 20 unique gene ontological (GO) categories and their average enrichment p-value for the 

forced rhythms subset. A list of the top 20 unique GO terms retrieved from PANTHER for the forced subset, 

where the false discovery rate (FDR) reported is an average false discovery rate-adjusted p-value from all 

datasets in which the term appeared. 

GO ID Panther GO Term Average FDR 

GO:0044444 cytoplasmic part 4.07E-04 

GO:0006397 mRNA processing 6.32E-04 
GO:0006412 translation 8.75E-04 
GO:0044451 nucleoplasm part 1.57E-03 
GO:0016043 cellular component organization 1.73E-03 
GO:0000180 cytosolic large ribosomal subunit  2.00E-03 
GO:0044391 ribosomal subunit 2.00E-03 
GO:0002181 cytoplasmic translation 2.19E-03 
GO:0003729 mRNA binding 3.60E-03 
GO:0006396 RNA processing 6.02E-03 

GO:0043161 
proteasome-mediated ubiquitin-dependent 
protein catabolic process 

6.45E-03 

GO:0016567 protein ubiquitination 1.01E-02 

GO:0016818 
hydrolase activity, acting on acid anhydrides, in 
phosphorus-containing anhydrides 

1.13E-02 

GO:0044445 cytosolic part 1.37E-02 
GO:0044446 intracellular organelle part 1.48E-02 
GO:0055085 transmembrane transport 1.49E-02 
GO:0016462 pyrophosphatase activity 1.56E-02 
GO:0005623 cell 1.57E-02 
GO:0044464 cell part 1.57E-02 

GO:0043632 
modification-dependent macromolecule 
catabolic process 

1.72E-02 

 

  



 136 

Table 4.10: The top 20 unique gene ontological (GO) categories and their average enrichment p-value for the 

harmonic rhythms subset. A list of the top 20 unique GO terms retrieved from PANTHER for the damped 

subset, where the false discovery rate (FDR) reported is an average false discovery rate-adjusted p-value from 

all datasets in which the term appeared. 

GO ID Panther GO Term Average FDR 

GO:0042254 ribosome biogenesis  9.28E-03 

GO:0030684 preribosome  9.66E-03 
GO:0043170 macromolecule metabolic process  1.56E-02 
GO:0015078 proton transmembrane transporter activity  1.71E-02 
GO:0016788 hydrolase activity, acting on ester bonds  1.75E-02 
GO:0015036 disulfide oxidoreductase activit  2.74E-02 
GO:0003779 actin binding  2.74E-02 
GO:0034220 ion transmembrane transport  2.76E-02 
GO:0004866 endopeptidase inhibitor activity  2.82E-02 
GO:0061135 endopeptidase regulator activity  2.94E-02 
GO:0061134 peptidase regulator activity  3.06E-02 
GO:0034455 t-UTP complex  3.20E-02 
GO:0005856 cytoskeleton  3.20E-02 
GO:0015629 actin cytoskeleton  3.26E-02 
GO:0005215 transporter activity  3.30E-02 
GO:0002020 protease binding  3.42E-02 
GO:0006364 rRNA processing  3.70E-02 
GO:0006511 ubiquitin-dependent protein catabolic process  3.74E-02 
GO:0030663 COPI-coated vesicle membrane  3.74E-02 
GO:0031410 cytoplasmic vesicle  3.74E-02 

 

4.4.4 Enriched Regulatory Motifs Suggest Transcriptional Regulation 

Contributes to Damped and Forced Oscillations in Neurospora crassa 

We hypothesized that transcription factor (TF) activity might explain the differential 

regulation of the forced, harmonic, or damped gene expression profiles. We therefore applied 

Discriminative Regular Expression Motif Elicitation (DREME) analysis to the promoter regions 

of the three sets of CCEs identified by ECHO from the Neurospora crassa transcriptomic dataset 

to determine if there were enriched motifs (Bailey 2011). DREME analysis detected many similar 
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versions of four previously identified circadian motifs (Hurley et al. 2014): STACASTA, 

GVCAGCCA, GRCGGGA, GCRCTAAC. 

Of note, the previous STACASTA motif that was enriched for cell cycle processes (Hurley 

et al. 2014), matches our TACASTA motif that was identified in all three sets of our CCE 

promoters. When we compared this motif to a database of Neurospora transcription factor binding 

motifs (Weirauch et al. 2014), we found that it matches a known binding motif for the transcription 

factor sgr-21 (NCU06173), which is a "forkhead" type transcription factor that is involved in the 

cell cycle in other fungi (e.g., S. cerevisiae (Pramila 2006)) and has a slower growth rate when 

knocked out in Neurospora (Carrillo et al. 2017). 

We also identified several novel motifs that only occurred in either the forced, harmonic, 

or damped gene sets. In the forced gene set, the unique GATAAG motif can be bound by two 

different transcription factors, nit-2 (NCU09068) and asd-4 (NCU15829), and their orthologs have 

been shown to co-regulate genes in response to nitrogen levels in Aspergillus nidulans (Fu and 

Marzluf 1990; Wong et al. 2009). Meanwhile, the unique harmonic motif, CGGSCGG, could be 

bound by rrg-2 (NCU02413), an oxidative stress response regulator that like it's yeast homolog, 

Skn7, may be regulated by cAMP/PKA (Weirauch et al. 2014; Tian, Li, and Glass 2011; Basenko 

et al. 2018; Hanlon et al. 2011; Fan et al. 2015; Pérez-Landero et al. 2015). Finally, a motif that 

was enriched in the damped gene set only, CCCSKC, encodes a binding site for the transcription 

factor cre-1 (NCU08807). CRE-1 is involved in carbon catabolite repression (Cupertino et al. 

2015; Sun and Glass 2011; Ziv, Gorovits, and Yarden 2008), and ECHO classified cre-1 as 

harmonic (BH adjusted P-value = 1.34e-07; Figure 4.17). Cupertino et al. (2015) identified binding 

motifs for CRE-1 within genes involved in glycogen metabolism, including gsn (NCU06687), gdn 

(NCU00743), gnn (NCU06698), gbn (NCU05429) (all down-regulated by CRE-1), and gpn 
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(NCU07027) (up-regulated by CRE-1) (Cupertino et al. 2015). Importantly, our ECHO analysis 

confirmed that known targets of CRE-1 repression were identified as either damped or repressed, 

(gdn, gnn, and gbn), while a known target of CRE-1 activation, gpn, was up-regulated and 

classified as forced (Figure 4.17). The gene expression for gsn which is predicted to be down-

regulated was considered harmonic, but it is known to be further regulated by phosphorylation 

(Cupertino et al. 2015) and also shows a slightly decreasing amplitude over time (AC coefficient 

= 0.0043). 

Figure 4.17: ECHO identifies regulatory relationship between cre-1 and its known targets. ECHO app-

generated plots of Neurospora RNA-seq data (colored lines) and ECHO best-fit models (black line) for cre-1

and a select group of the genes it transcriptionally represses (in red box) or activates (in green box). Gene IDs 

and gene names can be found at the top of each plot, and the best-fit model (harmonic, damped, or forced) and 

BH-adjusted P-values from ECHO are reported below each plot. 
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4.5 Discussion and Conclusions 

Guidelines outlined by the circadian community for the analysis of genome-scale 

experiments emphasizes the need for robust models to identify rhythmic expression patterns 

(Hughes et al. 2017). By including the amplitude change coefficient (Equation 2), ECHO answers 

this call by providing an easy-to-use, enhanced approach to detect circadian patterns in large 

datasets, providing a freely-available point-and-click application with visualization and 

exploration tools rather than the standard code tutorial (Figure 4.3). This approach enhancement 

is verified by both ECHO's superior recovery of circadian rhythms from synthetic data and 

previously published biological data (Figure 4.11, Figure 4.13, Figure 4.15), its robustness to 

noise, resolution, and multiple hypothesis testing (Figure 4.11), and its ability to provide the 

amplitude change coefficient (Figure 4.1). 

Strikingly, ECHO's extensive identification of damped and forced rhythms suggests a 

previously unforeseen impact of circadian damping. We also found the overall proportion of 

damped transcripts as compared to forced or harmonic transcripts was dependent on the 

environmental conditions in which the samples were collected; e.g. nutrient depletion increased 

damping (Figure 4.13).This finding corresponded with the observation that metabolic regulation 

can have a strong impact on the circadian clock and suggests novel ways that the clock interacts 

with its environment (Eckel-Mahan and Sassone-Corsi 2013). However, as the proteome revealed 

less bias towards damping at the protein level than observed in their corresponding transcripts, this 

demonstrates that a large proportion of CCEs that are damped at the transcriptional level are 

buffered at the translational level by currently unknown mechanisms, as has been previously 

predicted (Hurley et al. 2018). The corresponding changes in mRNA degradation and translation 

rates for these genes would need to be further investigated in exploring whether this resistance to 
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damping is derived from gene-specific or global mechanisms. ECHO would be a valuable tool in 

accomplishing such future work. 

When we examine the roles of circadian entrainment cues, i.e. light, in the damping and 

forcing of output, we found that the lack of continued entrainment significantly impacted the 

downstream regulation of circadian output, further highlighting how the environmental state of the 

organism can impact its circadian output (Figure 4.15) (Rund et al. 2011). However, we found that 

many of the rhythmic genes in LD were more strongly influenced by light, as opposed to circadian 

regulation, as they were not rhythmic under DD conditions. Of those in LD that were harmonic, a 

large majority remained harmonic in DD, supporting that the loss of entrainment cues does not 

acutely result in global damping of CCEs via intercellular desynchronization. Further, when 

comparing all datasets analyzed with ECHO representing a variety of organisms, tissues, and 48-

hour experimental designs (Table 4.11), we found that experiments done in a static artificial media 

have higher proportions of damped CCEs than experiments done under conditions where 

organisms had access to nutrients Ad Libitum regardless of their lighting conditions. This indicated 

that the loss of nutrients has a greater impact on the global proportion of damping of CCEs than a 

loss of light-based entrainment cues. 

The observation of an impact on circadian output by the environment of the organism is 

bolstered by the distinct gene ontologies enriched in damped, forced, or harmonic transcripts 

(Figure 4.16). While the damping and forcing of presumably different cellular functions and 

metabolic pathways is indicative of a response to an environment with increasing stress from 

nutrient loss, of interest are the categories of genes that remain robustly harmonic. The harmonic 

preservation of genes involved in ribosome biogenesis, metabolism of macromolecules, ion  
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Table 4.11: Proportions of damped/harmonic/forced CCEs vary by experimental conditions. Comparisons 

between relative number of CCEs found to be damped, forced, or harmonic, separated by experimental 

condition and organisms. 

Nutrient 

Availability 
Ad Libitum Static Artificial Media 

Organism 

Mus 

musculus 

(Liver) 

Anopheles Gambiae 

(Head) 
Neurospora crassa 

Mus 

musculus 

(NIH3T3 

Fibroblasts) 

Zeitgeber 

Scheme 
DD DD LD DD DD 

Forskolin 

synchronized 

Technique Microarray RNA-seq TMT-MS Microarray 

# Circadian 

genes 
5,036 2,405 3,277 6,685 2,146 3,121 

% Forced 38.6 25.9 23.7 16 27.7 15.7 

% Harmonic 34.2 40.4 55.3 32.7 28.8 17.4 

% Damped 27.2 33.7 21 51.3 43.6 66.9 

transmembrane transport and actin cytoskeleton suggests a biological advantage to 

ensuring that these functions remain robust in all conditions. Alternatively, genes that dampen over 

time are involved in localization and bulk transcription and translation, suggesting that in order to 

preserve energy efficiently, it is advantageous to damp processes like localization and 

transcription/translation machinery when undergoing nutrient stress. Finally, genes that 

demonstrate forced expression over time involve the processing of mRNA, activation of fatty 

acids, and protein degradation, indicating that maintaining these processes ensures efficient, 

selective gene transcription and utilization of energy stored in fatty acids and proteins. Further, 

forced processes facilitate the robust degradation and recycling of protein and fatty acids, whereas 

harmonic processes serve to continue maintaining essential central macromolecular metabolic 

processes, ion gradients, cellular structure and pre-processing mRNA and creating ribosomes to 

ensure continued efficient expression of critical genes. Taken together, the distribution of these 

unique categories indicates that through damping/forcing/harmonic circadian regulation there is a 

built-in fine tuning of cellular processes to adapt advantageously to environmental changes. Thus, 
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separate ontological consideration of AC categories is essential, and tools, such as ENCORE, 

which consider these categories separately, are vital to circadian analysis (De los Santos, Bennett, 

and Hurley 2019). 

Our DREME analysis on the Neurospora transcriptome suggests that Neurospora is using 

transcriptional programming to integrate environmental cues into circadian output (Hanlon et al. 

2011). Indeed, the activity of some of these transcription factors, such as RRG-2 and CRE-1, are 

regulated by conserved signaling pathways, suggesting again that forced or damped gene 

expression could be the outcome of sensed changes in the environment (e.g., (Pérez-Landero et al. 

2015)). As we know there is a connection between the clock and MAPK signaling, as well as some 

evidence for an interconnection between the clock and cAMP-PKA signaling, further studies using 

ECHO could help elucidate the important contributions of these and other signaling pathways to 

damped and forced circadian expressions (de Paula et al. 2008; O’Neill et al. 2008; Xiao Liu et al. 

2015). 

In summary, we have demonstrated that ECHO analysis is a powerful tool to not only 

identify previously undetectable oscillations in genome-scale circadian datasets but also allows the 

user to gain insights into the architecture of the circadian system’s control of gene regulation and 

integration with environmental cues. Moreover, as ECHO is able to identify rhythms of almost 

any period (Figure 4.4), we predict that this easy-to-use application will allow a broad community 

to investigate the underlying principles of environmental signaling in biological rhythms. 
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5. POST-TRANSCRIPTIONAL CIRCADIAN REGULATION 

IN MACROPHAGES ORGANIZES TEMPORALLY 

DISTINCT IMMUNOMETABOLIC STATES     

 

5.1 Summary 

Our core timekeeping mechanism, the circadian clock, regulates an astonishing amount of 

cellular physiology and behavior, playing a vital role in organismal fitness. While the mechanics 

of circadian control over cellular regulation can in part be explained by the transcriptional 

activation stemming from the positive arm of the clock’s transcription-translation negative 

feedback loop, research has shown that extensive circadian regulation occurs beyond 

transcriptional activation in fungal species and data suggest that this post-transcriptional regulation 

may also be preserved in mammals. To determine the extent to which circadian output is regulated 

post-transcriptionally in mammalian cells, we comprehensively profiled the transcriptome and 

proteome of murine bone marrow-derived macrophages in a high resolution, sample rich time 

course. We found that only 15% of the circadian proteome had corresponding oscillating mRNA 

and this regulation was cell intrinsic. Ontological analysis of oscillating proteins revealed robust 

temporal enrichment for protein degradation and translation, providing potential insights into the 

source of this extensive post-transcriptional regulation. We noted post-transcriptional temporal-

gating across a number of connected metabolic pathways. This temporal metabolic regulation 

further corresponded with rhythms we observed in ATP production, mitochondrial morphology, 

                                                 
  This chapter previously appeared as: Collins, Emily J, Mariana P Cervantes-Silva, George A 

Timmons, James R O’Siorain, Annie M Curtis and Jennifer M Hurley. 2020. “Post-
Transcriptional Circadian Regulation in Macrophages Organizes Temporally Distinct 
Immunometabolic States.” bioRxiv (February). https://doi.org/10.1101/2020.02.28.970715. 
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and phagocytosis. With the strong interconnection between cellular metabolic states and 

macrophage phenotypes/responses, our work demonstrates that post-transcriptional circadian 

regulation in macrophages is broadly utilized as a tool to confer time-dependent immune function 

and responses. As macrophages coordinate many immunological and inflammatory functions, an 

understanding of this regulation provides a framework to determine the impact of circadian 

regulation on a wide array of disease pathologies. 

5.2 Introduction 

Much of life on earth is exposed to the regular day/night cycle of the planet and has evolved 

circadian rhythms to anticipate these predictable changes (Eckel-Mahan and Sassone-Corsi 2013). 

Circadian rhythms are generated by a molecular oscillator, or clock, which adjusts innumerable 

cellular functions to regulate behaviors, encompassing everything from luminescence in fungi to 

sleep in humans (Patke, Young, and Axelrod 2020; Dunlap 1999). The canonical view of 

physiological circadian regulation is via a transcription-translation based negative-feedback loop, 

where the heterodimeric transcription factor positive-arm complex regulates the creation of both 

the negative arm as well as a host of other genes not involved in the feedback loop, termed clock-

controlled genes (ccgs). These oscillations in transcript levels are assumed to translate to 

oscillations in protein levels (Takahashi 2016; Hurley, Loros, and Dunlap 2016). Utilizing many 

different organisms and tissue types, transcriptional studies of clock output have found that large 

proportions of the transcriptome oscillate in a circadian manner and that the transcripts regulated 

by the circadian clock are highly tissue-specific (R. Zhang et al. 2014; Mure et al. 2018; Abruzzi 

et al. 2011; Hughes et al. 2009). 

However, recent evidence has established that post-transcriptional and post-translational 

mechanisms play major roles in regulatory output from the circadian clock, resulting in circadianly 
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oscillating proteins that are not derived from oscillating transcripts and vice versa (Reddy et al. 

2006; Robles, Cox, and Mann 2014; Mauvoisin et al. 2014; Hurley et al. 2014; 2018; Kojima, 

Shingle, and Green 2011; Green 2018; Yunzhi Wang et al. 2018; Jingkui Wang et al. 2017; Chiang 

et al. 2014). Despite this mounting evidence, there is a lack of studies that utilize adequate 

sampling depth, resolution, and time course length to generate highly-powered datasets that can 

probe the global regulatory relationships between the circadian transcriptome and proteome. To 

determine if the large extent of post-transcriptional regulation was conserved in mammalian cells, 

we analyzed the global transcriptome and proteome of murine Bone Marrow-Derived 

Macrophages (BMDMs) every two hours, over 48 hours, in triplicate using RNA-seq and Tandem 

Mass Tag Mass Spectrometry (TMT-MS) respectively. 

BMDMs were selected for this in-depth investigation as previous work has shown that 

macrophages possess robust circadian clocks and demonstrate circadian control of their key 

immune functions, such as phagocytosis, cytokine release, differentiation and migration in/out of 

various tissue compartments (Keller et al. 2009; Sato et al. 2014; Silver et al. 2018; Kiessling et 

al. 2017; Bourin et al. 2002; Pick et al. 2019; Yusi Wang et al. 2016; Gibbs et al. 2011; Hayashi, 

Shimba, and Tezuka 2007). Macrophages play a vital role in the initiation, sustainment, and 

resolution of both acute and chronic inflammation, and it has been suggested that the disruption of 

these circadian rhythms in immunity and inflammation may play a critical part in the negative 

impact of clock disruption on human health (Evans and Davidson 2013; Arjona et al. 2012; 

Cermakian et al. 2013; Scheiermann et al. 2018; Bechtold, Gibbs, and Loudon 2010)(Labrecque 

and Cermakian 2015; Scheiermann et al. 2018; Geiger, Fagundes, and Siegel 2015; Anne M. Curtis 

et al. 2014). Finally, as macrophages live for months at a time, circulating in the bloodstream 

before long in-tissue residencies, the influence of their circadian clocks would be of more 
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consequence than shorter-lived immune cells (van Furth and Cohn 1968). However, much is left 

to be desired in the study of macrophage rhythms as most prior studies have used transcriptional 

and ex/in vivo methods to determine macrophage output pathways, complicating what rhythms are 

generated by the presence of rhythmic systemic cues vs what is intrinsically controlled by 

macrophage clocks. 

When we compared the oscillating transcriptome to the oscillating proteome, we found that 

the extent of post-transcriptional regulation in macrophages is greater than in any previously 

studied system, with only 15% of oscillating proteins pairing with an oscillating mRNA. Gene 

ontological analysis of these oscillating proteins suggested that this post-transcriptional regulation, 

unlike previously studied cell types, stems both from the regulation of translation as well as 

degradation (Hurley et al. 2018). In addition, we found that metabolism, particularly the process 

of ATP generation, was highly post-transcriptionally regulated. Evidence of post-transcriptional 

metabolic regulation extended beyond changes in abundance of central metabolic complexes, as 

we also noted oscillations in key proteins involved in mitochondrial morphology, a central 

regulator of macrophage energy production and the immune response (Langston, Shibata, and 

Horng 2017; Ying Wang et al. 2017). When we analyzed the behaviors controlled by these post-

transcriptionally regulated proteins in live cells, we confirmed corresponding oscillations in ATP 

generation and mitochondrial morphology. We also investigated phagocytosis in our macrophages 

and found that this process aligned with the time of day predicted by the metabolic state, suggesting 

that post-transcriptional circadian regulation is essential in timing metabolic control of 

macrophages to regulate the immune response. 
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5.3 Methods 

5.3.1 Animals 

PER2::LUC C56BL/7 mice were acquired from Jackson Labs (Accession # 006852) and 

housed under 12:12 LD conditions with ad libitum access to standard rodent chow. Male mice 

between the ages of 3-6 months were used for all omics and phagocytosis experiments and were 

euthanized for tissue collection via CO2 inhalation/cervical dislocation. 

5.3.2 Time Course Cell Synchronization 

For each time course, bone marrow was harvested from femurs and tibias of 1 mouse with 

needle and syringe and red blood cells were lysed (Xia Zhang, Goncalves, and Mosser 2008). Cells 

were then plated at a density of 1*106 in DMEM supplemented with recombinant M-CSF, 10% 

Fetal Bovine Serum (FBS), L-glutamine, penicillin/streptomicin, and gentamicin. After 3 days 

incubation at 37°C in 5% CO2, additional fresh media was added and incubated another 3 days. 

Non-adherent cells were then washed off with warmed PBS and media replaced with Leibovitz 

supplemented with MCSF and 10% FBS for 24 hours. Plates were again washed with warmed 

PBS and cells starved for 24 hours in Leibovitz with MCSF. Cells were then serum shocked for 2 

hours in Liebovitz with 40% FBS and MCSF and then washed with PBS and assayed in Liebovitz 

with 10% FBS, MCSF and Luciferin (Aurélio Balsalobre, Damiola, and Schibler 1998). Plates 

were sealed with grease and glass cover slips. Luminescence over time was recorded using a 

LumiCycle32 luminometer (Actimetrics) to confirm synchronization of circadian rhythmicity. 

5.3.3 Flow Cytometry 

To confirm uniform differentiation of bone marrow cells into macrophages, cells were 

probed for macrophage-specific markers CD11b and F4/80 both after 6 days of DMEM incubation 

as well as at the completion of each time course. Cells were lifted off the plate with Cell Stripper, 
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washed with PBS, and incubated with Fc-receptor blocking antibodies to prevent non-specific 

binding and Zombie Violet to determine proportions of viable and dead cells. Heat killed cells 

were included as a Zombie Violet positive control. Cells were then incubated with anti-

CD11b(AF488) and anti-F4/80(PerCP/Cy5.5) fluorescently conjugated antibodies (Invitrogen) 

and assayed with a BD LSRII flow cytometer. 

 

5.3.4 Proteomics 

Every 2 hours over 48 hours post-serum shock, protein was extracted to determine global 

proteome changes over 2 circadian cycles. Triplicate independent time courses were completed 

for a total of 72 samples. At each time point, cells were lysed with 8M Urea buffer (8.5 pH) and 

lysate was flash frozen in liquid nitrogen. Multiplex proteomics was performed by Harvard’s 

Thermo Fisher Center for Multiplexed Proteomics using Tandem Mass Tag Mass Spectrometry 

(Supplemental File 2- will be published upon peer review).  Protein Quantification was performed 

using the micro-BCA assay by Pierce and after quantification samples were reduced with DTT, 

alkylated, and an ~200µg aliquot was precipitated by Methanol Chloroform. Proteins were 

resuspended in 6M urea and digested overnight with LysC (1:50 protease:protein ratio) and 

Trypsin (1:100 protease:protein ratio). 8 total multiplexes were run with each containing 50 ug 

each of protein from 9 randomized time point samples and one common pooled sample between 

all multiplexes. One complete set of 12 fractions from the total proteome Basic pH reverse phase 

fractionation from all experiments was analyzed on an Orbitrap Lumos mass spectrometer. 

Peptides were identified by their MS2 spectra and mapped to corresponding proteins using the 

SEQUEST algorithm with UniProt reference Mus musculus proteome UP000000589. Peptide 
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spectral matches were filtered to a 1% false discovery rate and proteins were quantified only from 

peptides with a summed SN threshold of >=200 and MS2 isolation specificity of 0.5. 

5.3.5 RNA-seq 

Every 2 hours over 48 hours post-serum shock, RNA was extracted to determine global 

transcriptome changes over 2 circadian cycles. Triplicate independent time courses were 

completed for a total of 72 samples. At each time point, cells were lysed with Qiagen’s Buffer 

RLT and lysate was homogenized with Qiashredder columns and flash frozen in liquid nitrogen. 

All samples were then processed on the same day with Qiagen’s RNeasy kit with on-column 

DNase digestion. rRNA depletion and RNA-seq was completed by Genewiz on an Illumina HiSeq 

configured with 2x150 bp paired-end output. Sequence reads were trimmed for adapter sequences 

then mapped to Mus musculus GRCm38.87 reference genome using DRAGEN alignment 

software. Hit counts were calculated with HTseq and then normalized into transcripts per million 

(TPM) format. 

5.3.6 Data Processing and Detection of Rhythms 

RNA-seq and proteomics data were further processed to remove batch effects using the 

LIMBR pipeline with default parameters and with removal of peptides with more than 30% 

missing data points followed by imputation of missing data, as required by LIMBR (Crowell et al. 

2019). Batch effect-adjusted data was then analyzed for rhythms with ECHO in free-run mode 

with smoothing and normalization options (De los Santos et al. 2020). Genes were considered 

circadianly oscillating if BH-adjusted p-value <.05, forcing coefficient between 0.15 and -0.15, as 

recommended in (De los Santos et al. 2020) as well as if the period was between 20-28 for RNA 

and 18-30 for proteins, based on evaluating the known clock gene periods as modeled by our 

ECHO analysis method. To compare the circadian times at which  transcripts/proteins peak, CT 
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phase times were adjusted by period length. To compare genes between datasets, uniprot numbers 

were used to look up current MGI primary gene names. Duplicate circadian proteins due to 

database differences or multiple isoforms present were manually curated by choosing a 

representative protein based on which had more peptides quantified. 

5.3.7 Reactome Enrichment & String-DB Analysis 

List of circadian proteins generated with ECHO was bisected into two groups based on 

circadian adjusted time of peak: those peaking between CT3-15 and those peaking between CT15-

3. Each list was analyzed with PantherDB’s PANTHER overrepresentation test using Reactome 

version 65 (2019-03-02) against the full Mus musculus database. Categories were considered 

enriched if the Bonferroni corrected p-value was <.05. For String-DB visualization and analysis, 

both lists were subsetted to only include proteins that belong to at least one enriched category. 

String-DB networks were then generated and colored by Reactome category using the stringApp 

for Cytoscape and selecting to visualize only high confidence interactions (>.9) (Doncheva et al. 

2019). 

5.3.8 Phase Set Enrichment Analysis 

Phase set enrichment analysis for circadian proteins was completed using the downloaded 

.jar tool and with default analysis parameters as defined by (R. Zhang et al. 2016). Murine gene 

ontology gene sets were downloaded from Gene Set Knowledgebase (Bares and Ge 2019). 

Enrichment was determined versus a uniform background and using the standard cutoff of adjusted 

p<.05. 
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5.3.9 Zymosan Phagocytosis Assay 

Macrophages were differentiated/grown to confluence, serum shocked as described above 

utilizing two 12-hour staggered groups and assayed in a 32-plate lumicycle (Actimetrics). Starting 

at ZT16, every 4 hours over 24 hours, in triplicate, 11 ul of 20 mg/ml zymosan per plate (~1:100 

cell:zymosan ratio) was added directly to assay media with macrophages and returned to lumicycle 

for incubation at 37C for 30 minutes. Prior to incubation, AF488 labeled Zymosan (Invitrogen, cat 

#: Z23373) was opsonized with FBS from the same lot as used for macrophage media according 

to manufacturer’s instructions. For oligomycin time course, oligomycin was added to the media at 

the same time as zymosan to a final concentration of 1.5uM. After incubation, cells were washed 

3X with PBS and lifted from plates using CellStripper. Cells were then fixed in Neutral Buffered 

Formalin for 30 minutes in the dark at room temperature. Cells were then resuspended in PBS and 

stored at 4C until imaging. On day of imaging cells were stained with DAPI and imaged with a 

Zeiss LSM 510 laser scanning confocal microscope using a 40X objective until well over 100 cells 

were imaged for each sample. For each image, first the number of total macrophages was counted 

in ImageJ using “CellCounter” plugin with the composite of brightfield/DAPI channels. Only 

macrophages with clearly defined borders entirely within the image bounds and a DAPI stained 

nucleus were considered suitable for analysis. Then the number of macrophages with positive 

Zymosan-AF488 signal was counted to calculate of the percent of zymosan-positive macrophages 

out of at least 100 total macrophages observed per time point. 

5.3.10 Mice for Mitochondrial Experiments 

WT Mice used for experiments were both male and female, aged between 8-12 weeks. 

These mice were bred and maintained in specific pathogen free conditions in the comparative 
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medicine unit, Trinity College Dublin. All mice were maintained according to European Union 

regulations and the Irish Health Products Regulatory Authority. 

5.3.11 Bone Marrow Derived Macrophage Differentiation for Mitochondrial 

Experiments 

Bone marrow derived macrophages (BMDMs) were prepared from the femurs and tibia of 

mice. Mice were sacrificed by carbon dioxide inhalation and cervical dislocation. Hair, skin, and 

muscle was removed from each bone and both ends were cut using a scissors. A syringe was used 

to flush bone marrow with warm complete Dulbecco’s Modified Eagle’s Media (cDMEM; 10% 

fetal bovine serum, 1% penicillin/streptomycin) which was collected into a Falcon tube. The cell 

suspension was centrifuged, the supernatant was discarded, the cell pellet was resuspended in red 

blood cell lysis buffer, and after 3 minutes warm cDMEM was added to deactivate the lysis buffer. 

The cell suspension was passed through a 40μm mesh filter into a Falcon tube, centrifuged, and 

the supernatant was discarded. The cell pellet was resuspended in warm cDMEM supplemented 

with 10% L-929 fibroblast supernatant. The cell suspension was divided between 3 10cm cell 

culture plates and incubated in a humidified 5% CO2 incubator at 37°C. After 6 days of growth, 

cells were scraped in ice cold Dulbecco’s phosphate buffered saline (PBS), collected in a falcon 

tube, and centrifuged. The supernatant was discarded and the cell pellet was resuspended in 

cDMEM. Viable macrophages were counted by haemocytometric analysis using the Countess 

Automated Cell Counter (Invitrogen) according to manufacturer protocol and equalized to an 

appropriate density. 

5.3.12 Seahorse Assay 

50,000 BMDMs were seeded in each well of a 96-well Seahorse plate. Cells were left to 

adhere for several hours in a humidified 5% CO2 incubator at 37°C in cDMEM supplemented with 
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10% L-929 medium. Cells were serum shocked to T16, T28, or T40 and the start time of the serum 

shock for each group was staggered so that each time could be analysed by Seahorse assay 

simultaneously. At the appropriate time to begin the serum shock protocol for each group, media 

was changed to complete Leibovitz L-15 media supplemented with 10% L-929 media and 1% 

HEPES for 12 hours. Cell media was then changed to serum free DMEM supplemented with 1% 

P/S and 10% L-929 media for 12 hours. Cells were then serum shocked by replacing cell media 

with DMEM supplemented with 50% horse serum and 1% P/S for 2 hours. Following this, media 

was replaced with cDMEM supplemented with 10% L-929 medium and cells were incubated for 

an appropriate time before beginning the Seahorse assay. Following completion of the serum shock 

protocol for all groups, cells were washed with Seahorse XF DMEM Medium pH 7.4 (Agilent, 

103575-100) supplemented with 10mM glucose, 1mM sodium pyruvate, and 2mM glutamine. 

Cells were then incubated in a non-CO2 incubator at 37°C for 45 minutes. Mitochondrial stress 

test compounds (1.5mM oligomycin, 1mM FCCP, 0.5mM rotenone/antimycin a) were prepared in 

supplemented Seahorse XF DMEM Medium and loaded into the appropriate ports of an XFe96 

Seahorse sensor cartridge. Following calibration, cells were loaded into the Seahorse XFe96 

instrument and a mitochondrial stress test was carried out. Following completion of the assay 

normalization was carried out via PicoGreen dsDNA quantitation. 

5.3.13 Mitochondrial Dynamics 

BMDMs (0.5 x 106) were plated on µ-Dish 35 mm, high Glass Bottom (Ibidi, Germany) 

and maintained overnight at  37 oC in a 5% CO2 atmosphere. The cells were synchronized by serum 

shock  as described by (Aurélio Balsalobre, Damiola, and Schibler 1998). After serum shock, cells 

suspended in fresh 5% FBS Dulbecco’s Modified Eagle Medium . Thirty minutes before the 

indicated time, cells were loaded with MitoTracker Red CMXRos (Life technologies) at a final 
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concentration of 50 nM. Cells were washed with PBS fresh; medium was placed, and cells were 

observed in a Leica SP8 scanning Confocal (Wetzlar, Germany), with a 63x immersion objective. 

Cell images were analyzed with the ImageJ software (National Institutes of Health, Bethesda, 

MD). For ImageJ analysis, the mitochondrial length of more than 50 mitochondrial particles per 

cell was measured in over 25 cells per experimental condition, out of three independent 

experiments. Mitochondria were then divided into two different categories, based on length, as 

mitochondria of less than 1 mm (fragmented) and greater than 3 mm (elongated), as described by 

(J. Park et al. 2013). 

 

5.4 Results 

5.4.1 Analysis of the Macrophage Circadian Transcriptome and Proteome 

Demonstrates Extensive Circadian Regulation 

 To determine if the substantial, physiologically relevant, circadian post-

transcriptional regulation noted in the fungal system was conserved in higher eukaryotes, 

macrophages were chosen as a model as they have previously-described robust circadian 

oscillations and play an essential role in the immune system (Hayashi, Shimba, and Tezuka 2007; 

Keller et al. 2009; Silver, Arjona, Walker, et al. 2012; Sato et al. 2014; Labrecque and Cermakian 

2015). Bone-Marrow Derived Macrophages (BMDMs) were derived from bone marrow 

monocytes extracted from Per2::Luc C57/BLK6 mice (Yoo et al. 2004). Flow cytometry 

confirmed that >99% of cells displayed the macrophage-specific markers CD11b and F4/80, 

demonstrating complete differentiation into macrophages (Figure 5.1A) (Xia Zhang, Goncalves, 

and Mosser 2008). We extracted total RNA and protein from these serum-shock-synchronized 

BMDMs every 2 hours over 48 hours in triplicate, totaling 6 independent time courses (Figure 



 155 

5.2A, Figure 5.1B). Luminescence traces were used to confirmed that our protocol resulted in 

reliable, ~24 hour PER2 oscillations (Figure 5.1C)  

 

Figure 5.1: Multi-omics profiling details extensive circadian regulation of the macrophage transcriptome and 

proteome. (A) A schematic of the analysis of macrophage circadian regulation. Bone marrow derived 

macrophages (BMDMs) from Per2::Luc mice were synchronized in vitro via serum shock and sampled in 

triplicate for global proteome and transcriptome profiling with 10-plex Tandem Mass Tag mass spectrometry 

and RNA-seq respectively. Circadianly-oscillating genes were identified using the ECHO program to determine 

the macrophage circadian protein-protein interaction network. (B) All detected clock gene transcripts oscillated 

circadianly and error bars show the standard deviation for Per2 as a representative gene for the variation 

between triplicate values. The subsequently inferred inactive and active phases stem from the oscillation of Per2 

in (Keller et al., 2009). (C) All detected clock proteins exhibited circadian abundances with delay from their 

respective transcripts. Points shown are an average of the summed signal/noise of peptides for the identified 

protein for up to three replicates depending on the detection at the given time point. 
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Quantitative RNA-sequencing was performed to analyze the transcriptome. In précis, 

samples were ribo-depleted before library creation and Illumina 10X total RNA-sequencing, so as 

Figure 5.2: Multi-omics profiling details extensive circadian regulation of the macrophage transcriptome and 

proteome. (A) A schematic of the analysis of macrophage circadian regulation. Bone marrow derived 

macrophages (BMDMs) from Per2::Luc mice were synchronized in vitro via serum shock and sampled in 

triplicate for global proteome and transcriptome profiling with 10-plex Tandem Mass Tag mass spectrometry 

and RNA-seq respectively. Circadianly-oscillating genes were identified using the ECHO program to 

determine the macrophage circadian protein-protein interaction network. (B) All detected clock gene 

transcripts oscillated circadianly and error bars show the standard deviation for Per2 as a representative gene 

for the variation between triplicate values. The subsequently inferred inactive and active phases stem from 

the oscillation of Per2 in (Keller et al., 2009). (C) All detected clock proteins exhibited circadian abundances 

with delay from their respective transcripts. Points shown are an average of the summed signal/noise of 

peptides for the identified protein for up to three replicates depending on the detection at the given time point.
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to quantify both coding and non-coding RNA expression (see methods). An ideal read depth of an 

average of 74.9 million reads per sample was achieved. Read alignments for each gene were 

normalized for varying gene size by converting to Transcripts per Million. Quantitative proteomic 

analysis was completed using Tandem Mass Tag – Mass Spectrometry. Protein samples were 

isobarically-mass tagged after digestion and analyzed utilizing eight multiplex groups. Each 

multiplex contained nine randomized samples to prevent biased batch effects and one sample of 

proteins pooled from all samples was run in all eight multiplex sets to assist in relative quantitation 

between multiplexes (see methods). Across all multiplexes, 162,920 unique peptides were 

identified in at least one time point, comprising a total of 10,162 distinct proteins detected, with 

6,290 proteins detected in every time point. 

The transcriptome and proteome data were pre-processed and analyzed using the 

previously published tools LIMBR and ECHO (De los Santos et al. 2020; 2017; Crowell et al. 

2019). Any transcript/peptide with <70% detection across all 75 time points was disqualified from 

our investigation, after which any missing values were imputed and underlying batch effects 

removed using the LIMBR pipeline (Crowell et al. 2019). After LIMBR pre-processing, a total of 

6,050 proteins and 36,451 RNAs qualified for further analysis. These transcripts and proteins were 

categorized as oscillating/not-oscillating using the ECHO program in the free-run mode (De los 

Santos et al. 2020). 

Once we identified our oscillating proteins and transcripts, we examined both datasets for 

clock gene levels. We found that each identified positive- and negative-arm clock gene known to 

oscillate in a circadian manner did so at both the RNA (Figure 5.2B) and protein levels (Figure 

5.2C). Clock gene transcripts including Arntl, Clock, Cry1, Cry2, Nr1d1, Per1 and Per2 were 
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identified as circadian with low variation between replicates (Figure 5.2B, top panel & Figure 

5.3A). Due to known low abundance levels and our stringent detection cutoffs, no clock genes 

were classified as detected in the proteome. However, manual examination of pre-LIMBR curated 

average levels of clock gene proteins at each time point demonstrated oscillations of both positive 

(BMAL1) and negative arm (PER1, CRY1) clock proteins (Figure 5.2C, top panel). As predicted, 

the positive and negative arm protein oscillations were anti-phasic and a few hours delayed relative 

to their associated transcripts (Figure 5.2B & C). 

Figure 5.3: ECHO modeling of circadian oscillations. (A) Graphs of the modeled periods assigned to each of 

the clock gene transcript replicates plotted next to the replicate data. Best fitting model periods were calculated 

by ECHO from 20-28 hours. (B) Density plots for several ECHO model parameters for the genes identified as 

circadian in the proteome (left panels) and transcriptome (right panels). X-axis represents parameter 

corresponding to panel row name. 
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Based on the ECHO-modeled periods for known clock gene transcripts, genes were 

considered to be circadianly oscillating if Benjamini-Hochberg adjusted p-value was <0.05, the 

amplitude change coefficient was +/- 0.15 and the period between 20-28 hours. This classified 

5,790 transcripts as circadian, 15.8% of the detected macrophage transcriptome (Figure 5.2B). A 

similar proportion, 15.3%, of coding transcripts were circadian (n= 3,160) within the coding-only 

transcriptome (n=20,699). When analyzing the distributions of modeled parameters, we noted a 

bias towards a shorter period length (between 20-22 hrs) and that most oscillations decreased in 

amplitude (damped) over time (Figure 5.3B) (De los Santos et al. 2020; 2017). For ECHO-modeled 

protein periods, we broadened the period range of what we considered circadian to 18-30 hrs. to 

accommodate higher levels of technical noise attributable to proteomics-based techniques (Hurley 

et al. 2018). Analysis of the proteome identified 1,778 proteins as circadian, meaning 29% of the 

detected proteome is under circadian control (Figure 5.2C). There was little bias in period length 

detected and more widespread damping over time as compared to the transcriptome (Figure 5.3B). 

In both cases, the vast majority of genes in the circadian RNA and protein sets had p-values much 

lower than 0.01, indicating statistically accurate modeling of these genes by ECHO (Figure 5.3B, 

lower panel). 

5.4.2 Post-Transcriptional and Post-Translational Control in the Late Active 

Phase Plays a Major Role in Circadian Output 

In an exhaustive study, Mure et al. concluded that there was extensive circadian gating on 

mammalian transcripts, but did not investigate the impact of these transcriptional waves on protein 

levels and, by extension, cell physiology (Mure et al. 2018). We therefore probed our datasets for 

circadianly-gated timing of the peak phases of RNA and protein and found that macrophage 

circadian RNA and protein levels both peak in two “waves,” one smaller wave in the late inactive 

phase (CT3-15, Circadian RNAs n=2,724, Circadian Proteins n= 807), and one larger wave in the 
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late active phase (CT15-3, Circadian RNAs n= 3,066, Circadian Proteins n= 947) (Figure 5.4A). 

When we subsetted our RNA data to only include circadian RNAs that encoded proteins (n=2,801), 

the RNA waves became more evident, occurring ~2 hours before the corresponding translational 

wave (CT1-13 Circadian RNAs n=1,415, CT13-1 Circadian RNAs n=1,386) (Figure 5.4A).  

The fixed delay between RNA and protein peaks suggested a correlation between the 

temporally-related RNA and protein waves, i.e. mRNAs are transcribed and shortly after translated 

into proteins, as would be suggested by the canonical circadian positive-arm regulation framework. 

To determine if these general temporal waves aligned with specific protein/RNA relationships, we 

subsetted our datasets to examine only genes that were detected and rhythmic in both the 

transcriptome and proteome. This identified 250 genes that were circadian at both the mRNA and 

Figure 5.4: Circadian genes show transcriptional and translational waves at opposite times of day. (A) The 

percentage of total oscillating transcripts (blue) or proteins (orange) peaking at a given time was plotted on a 

clock style graph by Circadian Time (CT) of peak. 
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protein level (Figure 5.5A). We compared the peak time of each mRNA with the peak time of its 

corresponding protein and found a surprisingly low correlation between the RNA and protein pairs. 

While the majority of oscillating proteins with oscillating mRNA peaked during the late active 

wave of translation, the peak phase of these RNAs was evenly distributed between the two 

transcriptional waves (Figure 5.6B). The dominance of this late active wave peak for protein 

abundance appeared to be specific to proteins with associated oscillating mRNA, as the peak levels 

of proteins that did not have oscillating mRNA were more evenly distributed (Figure 5.5B & C). 

We also noted that the time of day that a protein reached its peak levels correlated with the phase 

Figure 5.5: Circadian transcripts and circadian proteins show limited overlap. (A) Venn diagrams displaying 

the overlap/discordance between circadian RNAs and circadian proteins. Datasets were subset to compare 

which proteins and transcripts were detected in both datasets before being compared to each other to determine 

which proteins were rhythmic in protein, RNA, or both. The resultant oscillating transcripts and proteins were 

plotted on a clock style graph by Circadian time (CT) (transcripts = blue, proteins = orange) (B and C). 
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delay between peak RNA and protein levels (Figure 5.6C). Transcripts that peaked near CT6 took 

15-18 hours to reach their respective protein peak, whereas transcripts peaking around CT18 only 

Figure 5.6: Comparison of circadian transcripts and proteins reveals a significant role for post-transcriptional 

and post-translational regulation. (A) A heat map comparing the difference in the peak phases of 

corresponding oscillating transcripts (blue) and proteins (orange) binned into 2 hour intervals over circadian 

time. (B) Density graph displaying the lag time to protein creation from the peak time of corresponding 

oscillating transcript levels. 
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took 3-6 hours to reach their protein peak. This suggested that translation is more rapid during the 

late active phase, implying temporal differences in post-transcriptional regulation. 

 We then expanded our analysis to investigate the overall relationship between 

oscillating RNAs and proteins. We found that while our transcriptome largely encompassed our 

proteome (n= 5,833 total genes), there was little overlap between circadian transcripts and 

circadian proteins (Figure 5.5A & Figure 5.7A). 68% of circadian transcripts did not result in a 

circadian protein and 86% of circadian proteins did not derived from a circadian transcript. As this 

discrepancy was considerably higher than has been previously reported, we hypothesized that this 

lack of overlap was due to the more lenient period cutoffs used for proteins to be considered 

circadian (Hurley et al. 2018). We therefore evaluated the overlap using period cutoffs of 20-28 or 

18-30 for both datasets (Figure 5.7B & C) and found that the ratios remained, indicating strong 

evidence for post-transcriptional regulation in these BMDMs.  

5.4.3 Post-Transcriptional and Post-Translational Mechanisms Abundant in 

the Late Active Phase May Play a Major Role in Circadian Output 

 

Figure 5.7: Significant discordance between datasets exists even under relaxed/more stringent parameters.

Venn diagrams displaying the overlap between circadian RNA (blue) vs Protein (orange) with a protein period 

cut off of 18-30 and transcript period cutoff of 20-28 (A). More stringent cutoffs of 20-28 for both (B) and less 

stringent cutoffs of 18-30 for both (C) were also visualized. 
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Table 5.1: Enriched biological process categories for the 250 genes that are circadian at both the mRNA and 

protein levels. Only enriched categories with fold Enrichment > 2 are shown. 

The extensive evidence of post-transcriptional circadian control described above led us to 

examine clock-timed biological processes that could contribute to this regulation. Past studies have 

shown that translation may be the key process underlying circadian post-transcriptional regulation 

and gene ontological enrichment analysis to examine the 250 genes rhythmic at both the RNA and 

protein levels found that they were enriched for processes involved in translation (Bonferroni P- 

GO term (biological process complete) GO # 
# genes 
in list 

# 
expected 

fold 
Enrichment 

Bonferroni 
P-value 

translation  GO:0006412 18 3.48 5.18 2.72E-04 

peptide biosynthetic process  GO:0043043 18 3.7 4.86 6.67E-04 

amide biosynthetic process  GO:0043604 23 4.75 4.84 1.07E-05 

peptide metabolic process  GO:0006518 21 5.06 4.15 7.03E-04 

cellular amide metabolic process  GO:0043603 30 7.46 4.02 2.00E-06 

organonitrogen compound biosynthetic process  GO:1901566 46 12.05 3.82 9.90E-11 

carbohydrate derivative biosynthetic process  GO:1901137 19 5.06 3.76 1.25E-02 

cellular nitrogen compound biosynthetic process  GO:0044271 42 12.49 3.36 8.87E-08 

cellular macromolecule biosynthetic process  GO:0034645 38 13.37 2.84 8.85E-05 

macromolecule biosynthetic process  GO:0009059 39 13.75 2.84 5.82E-05 

carbohydrate derivative metabolic process  GO:1901135 25 8.89 2.81 4.41E-02 

cellular biosynthetic process  GO:0044249 60 22.21 2.7 1.32E-08 

organic substance biosynthetic process  GO:1901576 62 23.24 2.67 8.54E-09 

biosynthetic process  GO:0009058 63 24.15 2.61 1.38E-08 

cellular nitrogen compound metabolic process  GO:0034641 78 31.04 2.51 8.79E-11 

gene expression  GO:0010467 44 18.03 2.44 4.70E-04 

cellular catabolic process  GO:0044248 38 16.49 2.3 2.03E-02 
nucleobase-containing compound metabolic 
process  GO:0006139 53 24.33 2.18 7.18E-04 

organonitrogen compound metabolic process  GO:1901564 102 47.72 2.14 4.73E-11 

cellular protein metabolic process  GO:0044267 68 31.83 2.14 1.36E-05 

heterocycle metabolic process  GO:0046483 55 25.88 2.13 9.19E-04 

cellular aromatic compound metabolic process  GO:0006725 55 26.68 2.06 2.51E-03 

protein metabolic process  GO:0019538 78 38.25 2.04 2.93E-06 

organic cyclic compound metabolic process  GO:1901360 59 29.06 2.03 1.39E-03 

nitrogen compound metabolic process  GO:0006807 128 63.77 2.01 5.98E-14 
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value = 2.72E-4, Fold enrichment = 5.18) (Table 5.1)  (Caster et al. 2016; Hurley et al. 2014; 2018; 

Ashburner et al. 2000; Fabregat et al. 2018; Mi et al. 2019). Therefore, we examined the circadian 

proteome to determine if a significant proportion of the clock output has functionality in 

translation. First, we split the proteins into two groups in line with the temporal “waves” observed 

in Figure 5.4. Proteins that peaked in abundance between CT3 and CT15 were considered “late 

inactive wave” proteins and proteins that peak between CT15 and CT3 were considered “late active 

Figure 5.8: String-DB network of the proteins in enriched reactome categories that peak in the late active wave 

(CT15-3). Insets focus on key interactions, including 1) Class I MHC mediated antigen processing and 

presentation and Innate Immune System, 2) Translation, RNA Polymerase II Transcription, and Processing of 

Capped Intron-Containing Pre-mRNA. Interactions shown as strings are filtered to highest confidence 

interactions (confidence >0.9). Colors denote independent reactome categories. Grey coloring represents genes 

from enriched reactome categories that did not represent a large proportion of the protein-protein interactome 

or described redundant categories. 
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wave” proteins. Both categories were assessed for enrichments for Reactome categories using 

Amigo/Panther enrichment analysis tools as well as interrogated to determine protein-protein 

interactions (Ashburner et al. 2000; Fabregat et al. 2018; Mi et al. 2019). Proteins belonging to 

significantly enriched (Bonferroni adjusted p-value <0.05) Reactome categories were color coded 

according to their category and graphed by their protein-protein interactions by String-DB (Figure 

5.8) (Szklarczyk et al. 2014). We further utilized Phase Set Enrichment Analysis (PSEA) with 

Figure 5.9: Phase set enrichment analysis of the circadian proteome using gene set knowledgebase gene sets. 

The size of text corresponds to the statistical overrepresentation assuming uniform distribution and placement 

indicates the circadian time of day that the enriched gene set was calculated to occur. 
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curated murine gene ontology gene sets to investigate protein enrichment by time of day (Figure 

5.9A) (R. Zhang et al. 2016; Liberzon et al. 2011; Subramanian et al. 2005). 

Proteins peaking in the late active wave (CT15-3) were enriched in translational categories 

(“Processing of Capped Intron-Containing Pre-mRNA”, “RNA polymerase II Transcription”, and 

“Translation”) and the proteins involved in these processes were highly clustered (Figure 5.8, inset 

1). Using PSEA, we additionally identified that proteins peaking in the late active phase were 

involved in tRNA aminoacylation, the ligation of amino acids to tRNA to be used in translation 

(Figure 5.10). We then modeled the levels of 16 different rhythmic enzymes catalyzing the 

formation of tRNA and calculated the average level of tRNA enzymes over the day. We found that 

the average level of tRNA-synthesizing enzymes peaked during the late active phase (Figure 5.10), 

suggesting that the late active phase is the peak phase for translation. This late active translational 

phase aligned with the late active peak in protein levels and likely explains the wave of circadian 

proteins that arise rapidly from circadian RNA at CT18, as well as circadian proteins that arise 

from non-circadian RNA from CT18-22 (see Figure 5.4 and Figure 5.5).  

Figure 5.10: Circadian proteins involved in trna-amino acid acylation processes. (A) An average of the modeled 

fits of all sixteen circadian proteins in the tRNA-aminoacelyation reactome category. Shading indicates +/- 1 

standard deviation of models at each time point. (B) Individual modeled fits of all circadian proteins with 

aminoacyl-ligase activity. The amino acid ligated by each gene is shown in the legend. 
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 However, the late active peak in translational regulation did not explain the peak of 

circadian proteins near CT10 without associated circadian RNAs. Previous models suggested that 

a peak in ubiquitin ligases antiphase to protein peak phases would suggest that these proteins are 

going through timed degradation (Lück et al. 2014). We noted that the late active phase was also 

enriched for ubiquitin ligases and proteasomal subunits (Figure 5.8, inset 2). Moreover, PSEA 

identified an enrichment for ubiquitin-protein ligases in the late active phase (Figure 5.11). We 

modeled and calculated the average level of rhythmic proteins involved in protein 

ubiquitination/degradation over the day. We found the average peak of protein degrading enzymes 

was in the late active phase (Figure 5.11). This suggests that ubiquitin-targeted proteolysis may 

explain the peak of circadian proteins near CT10 without associated circadian RNAs.  

5.4.4 Post-Transcriptional Circadian Regulation in the Late Inactive Phase 

Plays an Essential Role in Immunometabolism 

With the demonstration of post-transcriptional regulation specific to the late active wave, 

we next investigated the enrichment of the proteins in the late inactive wave (CT3-15). Highly 

Figure 5.11: Circadian proteins involved in ubiquitin-mediated proteolysis processes. (A) An average of the 

modeled fits of all circadian proteins in the Ubiquitin-Mediated Proteolysis KEGG category. Shading indicates 

+/- 1 standard deviation of models at each time point. (B) Individual modeled fits of all circadian proteins with 

aminoacyl-ligase activity. The amino acid ligated by each gene is shown in the legend. 
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enriched categories included the “Citric Acid Cycle and Respiratory Electron Transport” and 

“Metabolism of Vitamins and Cofactors” (Figure 5.12). PSEA identified several central energy-

producing pathways and mitochondrial cellular components in the late inactive wave (Figure 5.9). 

While both the CT15-3 and CT3-15 waves were enriched for “Innate Immunity”, the proteins 

involved in the late inactive wave (CT3-15) appeared to share more interactions with proteins 

involved in receptor tyrosine kinase signaling and metabolism (Figure 5.12, inset). These data 

characterize the late inactive wave as a time for energy production via the regulation of central 

metabolic pathways. 

The timing of the macrophage metabolic state is of interest as metabolic programming is 

increasingly recognized as a critical factor in determining macrophage immune responses, such as 

characterizing polarization within the M1 pro-inflammatory/M2 anti-inflammatory spectrum 

paradigm (Tang and Mauro 2017; Blagih and Jones 2012; Van den Bossche, O’Neill, and Menon 

2017). To determine if there is circadian regulation of these metabolic pathways in macrophages, 

we analyzed which proteins circadianly oscillated in the protein complexes involved in the 

Figure 5.12: String-DB network of the proteins in enriched reactome categories that peak in the late inactive 

wave (CT3-15). Inset focuses on key interactions, including the citric acid cycle and respiratory electron 

transport. Interactions shown as strings are filtered to highest confidence interactions (confidence > 0.9). Colors 

denote independent reactome categories. Grey coloring represents genes from enriched reactome categories 

that did not represent a significant proportion of the protein-protein interactome or described redundant 

categories. 
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production of ATP. To ultimately produce ATP and other energy mediators (e.g. NADH), glucose 

is first committed to glycolysis metabolism in the cytosol via the “preparatory” phase. Evaluation 

of circadian proteins in this critical entrance phase of glycolysis revealed that 

phosphofructokinases, the rate-limiting first step, as well as enzymatic steps 3 and 4 are circadianly 

oscillating enzymes that peak during the late active phase (Figure 5.13, Figure 5.14A). Conversely, 

several circadian enzymes representing steps 6, 7, 8 and 9, which is known as the “payoff” phase 

that results in net ATP/NADH production, peak during the late inactive phase (Figure 5.13, Figure 

5.14B) (Bonora et al. 2012).  

Figure 5.13: Circadian proteins in glycolysis and pentose phosphate pathways. The average relative 

protein abundance model of all circadian proteins identified in each phase is represented, with the 

shaded region representing the standard deviation between models at each time point. The circadian 

time (CT) of the first peak is labeled. 



 171 

Parallel to glycolysis, the Pentose Phosphate Pathway (PPP) utilizes glucose to produce 

NADPH. Previous work in N. crassa demonstrated circadianly-regulated proteins in the PPP peak 

in abundance anti-phase to circadianly-regulated glycolysis proteins (Hurley et al. 2018). We 

found a similar arrangement in macrophages, where the protein PGD from the PPP oxidative phase 

(NADPH-producing) was circadianly regulated and peaked in abundance in the late active wave, 

anti-phase to glycolysis preparatory enzymes (Figure 5.13, Figure 5.14C). Further, we found that 

in-phase with glycolysis ATP/NADH-producing phase enzymes, circadianly regulated proteins 

involved in the non-oxidative phase of the PPP (TKT and TALDO1) peaked (Figure 5.13, Figure 

5.14C). As the non-oxidative phase of the PPP produces metabolites that can feed back into the 

glycolysis pathway’s payoff phase, this suggests that energy production via glycolysis vs PPP are 

Figure 5.14: Individual modeled fits of all circadian proteins in glycolysis and the pentose phosphate pathway. 

Asterisk denotes protein also identified as circadian at mRNA level. 
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primed to enter each pathway at opposite times of the circadian day. Because pro-inflammatory 

macrophages preferentially use glycolysis to produce metabolites, the in the late active wave 

Figure 5.15: Circadian proteins in the citric acid cycle. A. The average relative protein abundance model of all 

circadian proteins identified is represented, with the shaded region representing the standard deviation between 

models at each time point. The circadian time (CT) of the first peak is labeled. B. Individual models for 

circadian proteins in the citric acid cycle. None were circadian at the mRNA level. 
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suggests that macrophages display a more pro-inflammatory phenotype in the late active wave 

(Van den Bossche, O’Neill, and Menon 2017).  

The product of glycolysis, pyruvate, can be further metabolized in the mitochondria via the 

tricarboxylic acid (TCA) cycle, also known as the citric acid cycle, to generate an abundance of 

NADH. Eleven protein subunits in five protein complexes in the TCA cycle were circadianly 

regulated and all but one peaked during the late inactive phase (Figure 5.15). Importantly, this 

included the enzyme catalyzing the initial entry of metabolites derived from glycolysis into the 

Figure 5.16: Circadian proteins in the electron transport chain. A. The average relative protein abundance 

model of all circadian proteins identified is represented, with the shaded region representing the standard 

deviation between models at each time point. The circadian time (CT) of the first peak is labeled. B. Individual 

models for circadian proteins in the electron transport chain. Asterisk denotes protein also identified as 

circadian at mRNA level. 
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TCA cycle as well as the majority of subunits belonging to protein complexes that facilitate 

irreversible reactions. Thus, this targeted circadian regulation is likely to propel the TCA cycle in 

the forward, NADH-producing, direction during the late inactive phase. Moreover, in the electron 

transport chain (ETC), which utilizes the NADH produced by the TCA cycle to generate large 

amounts of ATP, twenty-four subunits comprising parts of four ETC complexes oscillated with a 

circadian period in our dataset (Figure 5.16). The average time of proteins reaching their peak 

levels in the ETC was also in the late inactive phase, slightly delayed from that seen for the TCA 

cycle. As M2-like, anti-inflammatory macrophages favor ATP production via stable oxidative 

phosphorylation, our findings suggest that naïve macrophages resemble an anti-inflammatory 

immunometabolic state in late inactive phase (Van den Bossche, O’Neill, and Menon 2017). To 

also examine if this circadian regulation of central metabolic pathways is largely derived from 

post-transcriptional/translational mechanisms, we analyzed which circadian proteins have 

corresponding circadian mRNA and found that only 4, one in glycolysis, one in pentose phosphate 

and 2 in the electron transport chain categories were circadian at the mRNA level. Thus, the 

majority of circadian regulation of metabolic enzymes occurs at the post-transcriptional level in 

macrophages. 

5.4.5 Post-Transcriptional Circadian Regulation Influences Mitochondrial 

Morphology and ATP Production 

Due to the significant circadian post-transcriptional regulation in the TCA cycle and ETC, 

we hypothesized that there would be a resulting oscillation in the respiratory rate of mitochondria, 

i.e. macrophage respiratory rate. To analyze oscillations in macrophage respiratory rates, we 

utilized a Seahorse assay to measure oxygen consumption rate (OCR) at opposing time points over 

the circadian day (Figure 5.17A). For each time point, a basal respiratory rate was measured 

(Figure 5.17B). As predicted by our analysis of the proteome, where we noted a peak in oxidative 
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phosphorylation protein abundance in the inactive phase, basal respiratory rates were significantly 

higher during the inactive phase at CT4 compared to CT16 (Figure 5.17B). OCR was measured 

Figure 5.17: Seahorse assay of mitochondrial metabolic rate over circadian time. A. Overview of Seahorse

protocol showing the frequency of oxygen consumption rate (OCR) measurement and interpretation of 

mitochondrial dynamic being measured with each addition of various inhibitors. SEAHORSE-derived 

measurements are shown for the rate of Basal respiration (B), ATP-linked OCR (C), maximal respiratory 

capacity (D), and spare respiratory capacity (E) in picomoles/minute for 50,000 cells/well. 
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after the addition of Oligomycin, an ATP synthase-inhibitor, to provide a measure of ATP 

production. CT4 exhibited a higher capacity for mitochondrial ATP p roduction as compared to 

CT16 (Figure 5.17C). Fluoro-carbonyl cyanide phenylhydrazone (FCCP) was then added to assess 

the maximal respiration of the mitochondria. We found that maximal respiration decreased as a 

function of time as opposed to an oscillatory manner (Figure 5.17D). Finally, Rotenone/Antimycin 

A was added to inhibit mitochondrial function and measure spare respiratory capacity. The spare 

respiratory capacity decreased with time similar to what was observed for maximal capacity 

(Figure 5.17E). As a whole, this demonstrates that the circadian clock generates rhythms in basal 

rate metabolism and ATP-linked oxygen consumption. 

Figure 5.18: Circadian proteins involved in mitochondrial fission. A. ECHO model fit for Mitochondrial Fission 

Factor (MFF). B. ECHO model fit for Mitochondrial Fission 1 protein (Fis1). 
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Table 5.2: Detection of additional mitochondrial fission/fusion proteins in proteome. 

Protein Detected? Circadian? 

MFN1 YES NO 

MFN2 YES NO 

OPA1 YES NO 

DPR1 NO - 
FIS1 YES YES 

MFF YES YES 

MID49 NO - 
MID51 NO - 
DNM2 YES NO 

Mitochondria regulate energy production through the coordination of fission 

(fragmentation of mitochondria) and fusion (elongation of mitochondria). Fused mitochondrial 

morphology supports higher levels of ATP generation via oxidative phosphorylation (Angajala et 

al. 2018). Fusion and fission is a dynamic process regulated by a number of proteins. A key protein 

controlling fission is the Dynamin-related protein 1 (Drp1), a GTPase which is recruited to the 

mitochondrial outer membrane by Mitochondrial fission factor (Mff) (Otera et al. 2010; Smirnova 

et al. 2001). In our dataset, MFF protein oscillated in a circadian manner, but its transcript did not 

(Figure 5.18A). When we surveyed additional proteins involved in the fission/fusion pathway, we 

found that Fis1 was also rhythmic (Figure 5.18B and Table 5.2). We postulated that the oscillation 

of Mff would lead to an oscillation in mitochondrial morphology that would also coincide with the 

observed oscillations in basal/ATP-linked oxygen consumption. To investigate this, mitochondrial 

morphology was assessed over time by imaging macrophages stained with MitoTracker Red 

(Figure 5.19A). Indeed, a peak in the percentage of fragmented, i.e. fissioned, mitochondria was 

observed in the late active phase at CT0/24 (Figure 5.19B), coinciding with the peak in MFF 

protein abundance ((Figure 5.18A). The highest percentage of elongated, i.e. fused mitochondria 
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occurred at CT6, coinciding with the time of day with highest basal and ATP-linked oxygen 

consumption (Figure 5.19C). 

5.4.6 Circadian Regulation of Metabolism Impacts the Phagocytic Immune 

Response 

Mitochondrial function is highly influential to immune responses (Mills and O’Neill 2016). 

We thus proposed that circadian regulation of mitochondrial dynamics and ATP production would 

have distinct consequences on a macrophage’s response to immunological stimuli. One of the 

characteristic functions of macrophages in their role as mediators of the immune response and 

inflammation is their phagocytic activity. Phagocytosis involves complex networking of surface 

Figure 5.19: Mitochondrial morphology changes over circadian time. Across circadian time in synchronized 

BMDMs, mitochondria were stained using MitoTracker Red CMXRos (A) and the amount of fragmented (B) 

and elongated (B) mitochondria were quantified by confocal microscopy. 
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receptors, signaling cascades, and cytoskeletal modifications, making phagocytosis an energy-

demanding process requiring interconnection with cellular metabolism. In addition to metabolic 

regulation, PSEA for circadian proteins identified in the active wave the ontological category 

Figure 5.20: Macrophage phagocytosis of zymosan shows metabolism-related circadian variation in vitro. A. 

An average of the modeled fits of all sixteen circadian proteins in the NF-kB signaling pathway. B. Individual 

model fits for circaidan proteins in the NF-kB pathway. C. Representative confocal microscopy images 

demonstrating identification of macrophages positive and negative for Zymosan-AlexaFluor488 phagocytosis. 

Cells were also DAPI stained to aid in cell counting. Long term tracings following zymosan addition shows Per2 

oscillations continue despite addition of zymosan, although with phase-shift and amplitude changes depending 

on time of exposure to Zymosan. Level of phagocytosis is reported as a percent of cells with one or more particles 

of Zymosan in (E) Per2::Luc macrophages, (F) Per2::Luc co-incubated with Oligomycin, and (G) Per1/Per2 

knockout BMDMs at a 4hr resolution for 24 hours. Significance trace of oscillation as determined by ECHO is 

plotted on the Per2::Luc graph in dotted red lines. Error bars represent Standard Error of the Mean (SEM). 
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“Positive Regulation of I-Kappa B Kinase NF-kB Cascade”, a category that highlights proteins 

involved in the signaling pathway that leads to the phosphorylation and degradation of I-Kappa B, 

enabling a robust inflammatory response via NF-kB signaling (Figure 5.9 and Figure 5.20A-B) 

(Liou 2002).  

To determine if macrophage phagocytic activity was circadianly timed in our in vitro 

model, we measured the phagocytosis of AF488-conjugated Zymosan, a yeast-derived bioparticle, 

as Zymosan had previously been shown to be rhythmically phagocytized by ex-vivo murine 

peritoneal macrophages and is also known to exert inflammatory signaling primarily via 

TLR2/Dectin-1 receptors, which have cooperating signaling cascades converging on NF-kB 

signaling (Figure 5.20) (Gantner et al. 2003; Dennehy and Brown 2007; Hayashi, Shimba, and 

Tezuka 2007). Luminescence tracking further examined that the addition of zymosan and/or 

oligomycin was not radically altering clock gene expression for the duration of our experiment or 

ablating Per2 rhythmicity, though long term, immune challenge at CT4 decreased the amplitude 

of the oscillation whereas immune challenge at CT16 did not. (Supplemental Figures 9A - C). 

Consistent with previous studies on circadian phagocytosis, BMDMs derived from Per2:Luc mice 

were observed to rhythmically phagocytize Zymosan, with the lowest phagocytosis rate at CT12 

(late inactive phase) and the highest at CT0 (late active phase) (Figure 5.20E), with an 11.4%  

Table 5.3: ECHO model parameters for phagocytosis assay data. ECHO was run with smoothing and JTK 

options. 

 

  

 ECHO JTK 

Experiment Oscillation 

type 

Amplitude 

Change 

Coefficient 

Period P-Value BH Adj 

P-Value 

BY Adj 

P-Value 

BY.Q BH.Q ADJ.P 

Per2:Luc Harmonic 6.78E-03 24 8.66E-04 2.60E-03 4.77E-03 1.90E-02 1.04E-02 3.46E-03 
Per1/Per2 

KO 

Overexpressed 
-2.82E-01 24 3.44E-01 3.44E-01 6.30E-01 9.47E-01 5.17E-01 3.44E-01 

Per2::Luc + 

Oligomycin 

Repressed 
7.37E-01 24 2.57E-02 3.86E-02 7.07E-02 1 1 1 
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Figure 5.21: Impact of Zymosan/Oligomycin on the oscillation of Per2. Luminescence counts representing Per2 

levels immediately following the addition of Zymosan or Zymosan/Oligomycin at (A) ZT16 and (B) ZT28 

demonstrates that there is a slight immediate effect of the core rhythms of the clock, but is proportional to the 

Per2 level prior to zymosan addition and generally returns to baseline within the time of the 30 minute assay. 
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Increase in efficiency at the peak vs the trough (Hayashi, Shimba, and Tezuka 2007; Oliva-

Ramírez et al. 2014).  

Both ECHO and JTK analysis confirmed the significance of this rhythmicity (Table 5.3) 

(Hughes, Hogenesch, and Kornacker 2010; De los Santos et al. 2017; 2020). To determine if 

circadian metabolic regulation was the driving force in the rhythmic regulation of phagocytosis, 

we added the ATP synthase inhibitor Oligomycin A to the phagocytosis assay at each timepoint 

and measured phagocytosis 30 minutes later (Figure 5.20F) (Jastroch et al. 2010). We noted a 

dramatic decrease in phagocytosis that was exacerbated over time, with no evidence of oscillation 

of phagocytosis in these cells (Figure 5.20F). To eliminate the possibility that the phagocytosis 

rhythm was dictated independently of clock function, we analyzed phagocytosis rates from 

BMDMs derived from Per1/Per2 double knockout mice, which are arrhythmic in all tissues (Zheng 

Figure 5.22: Summary model of the circadian regulation of distinct immunometabolic states. A summary 

schematic displaying key findings spatially organized by circadian time of day, with a radial histogram in the 

center to indicate when circadian proteins and circadian mRNAs peak in abundance. Orange text represents 

enriched categories identified in the proteome, red represents the occurrence of mitochondrial 

morphology/functional observations, green represents phagocytosis assay observations and black text shows 

the trough and peak of PER2 levels as determined by Per2::Luc luminescence signal. For reference, ZT16 is 

equivalent to CT4. 
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et al. 2001; Bae et al. 2001) and found that phagocytosis was not rhythmic in the Per1/Per2 

knockout BMDMs (Figure 5.20G). Modeling the levels of the signaling proteins involved in the 

I-KappaB Kinase/Nf-kB cascade demonstrated that these proteins peaked at the same time as 

phagocytosis (Figure 5.20A-B), suggesting that circadian signaling pathway regulation in crosstalk 

with circadian metabolic regulation could also play a role in the generation of the rhythms 

observed.  

5.5 Discussion 

Our comprehensive profiling of the macrophage transcriptome and proteome over 

circadian time revealed extensive circadian post-transcriptional regulation with two major 

transcriptional/translational waves occurring anti-phase in either the late-active or -inactive phases. 

Our previous study in the fungal clock model Neurospora crassa, and others’ less-powered studies 

in other mammalian tissue types, have suggested as much as 40% of the circadian proteome is 

post-transcriptionally regulated (Reddy et al. 2006; Robles, Cox, and Mann 2014; Mauvoisin et al. 

2014; Hurley et al. 2014; 2018; Kojima, Shingle, and Green 2011; Green 2018; Yunzhi Wang et 

al. 2018; Jingkui Wang et al. 2017; Chiang et al. 2014). Our study observed a marked lack of 

overlap between circadian mRNA and protein as compared to these previous studies. Only 15% 

of circadian proteins have corresponding rhythmic mRNA and only 32% of circadian mRNA result 

in a rhythmic protein. In addition, there were far more circadian proteins that circadian mRNAs. 

This indicates that post-transcriptional/translational mechanisms play a particularly significant 

role in macrophages, so much so as to be a challenge to the canonical view that positive-arm 

transcriptional regulation is the dominant driver of circadian output in all tissues. This discordance 

may extend to all mammalian tissue types, as previous studies have not been able to achieve the 

power of our extended, densely sample, study (Reddy et al. 2006; Robles, Cox, and Mann 2014; 
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Mauvoisin et al. 2014; Hurley et al. 2014; 2018; Kojima, Shingle, and Green 2011; Green 2018; 

Yunzhi Wang et al. 2018). Future work deeply evaluating proteomes from other tissues, as well as 

the generation of a complete network of the circadian transcriptional cascade, is needed to 

determine if this is the case. 

Post-transcriptional regulation in mammalian tissues has been suggested to primarily 

derive from systemic cues (Partch, Green, and Takahashi 2014; Kojima, Sher-Chen, and Green 

2012; Koike et al. 2012; Menet et al. 2012). However, our data shows that significant post-

transcriptional regulation occurred in macrophages devoid of systemic cues in vitro, contradicting 

this hypothesis. In addition, differing from N. crassa and liver cells, it appears that degradation 

and transcription mechanisms both may play a large role in macrophage circadian regulation, 

suggesting that different tissue types in the mammalian clock have evolved more complex 

mechanisms of post-transcriptional regulation (Hurley et al. 2018; Lück et al. 2014; Caster et al. 

2016). This robust circadian control of protein degradation and transcription, in addition to giving 

rise to rhythmic proteins without rhythmic mRNA, may also give rise to rhythmic expression of 

transcripts that do not produce rhythmic proteins. Ribosome and degradation profiling would shed 

light on these relationships, as it cannot be deciphered by our steady state measurements. Our 

findings also highlight the need for circadian studies that utilize multi-omics approaches, as 

transcription-focused interrogations are largely inadequate for understanding physiologically 

relevant regulation stemming from the circadian clock. Further, the difference in rhythmic 

transcripts between tissue types, coupled with differences in post-transcriptional regulation, 

suggest that a great deal more physiology could be learned from studies across multiple tissue 

types (Mure et al. 2018; Hurley et al. 2018). 
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Our deeply sampled dataset served as a rich resource to investigate the impact of circadian 

regulation on macrophage physiology, demonstrating that the circadian clock generates distinct 

immunometabolic states at opposing times of day. During the inactive phase, macrophages were 

especially primed for ATP synthesis via oxidative phosphorylation as they possessed high 

proportions of elongated mitochondria and metabolic enzymes for the TCA cycle and electron 

transport chain were most abundant. Oxygen consumption rate measurements confirmed that these 

oscillations impart an increase in the basal metabolic rate during the inactive phase. As the 

circadian day progressed into the active phase, proteins for committal into the glycolysis pathway 

peaked in abundance and the percentage of fissioned mitochondria reached its peak, with a 

decreased oxygen consumption rate. Also, during this time zymosan was most readily 

phagocytized, suggesting that these distinct immunometabolic states impact immunological 

responses. In further evidence for this interconnection, arrythmic macrophages as well as 

macrophages co-incubated with mitochondrial ATP synthase inhibitor showed no phagocytic 

rhythms. 

In summary, our findings reveal a paradigm where post-transcriptional circadian regulation 

times naïve macrophages in the rest phase to be metabolically primed to support an anti-

inflammatory phenotype (Figure 5.22), which characteristically has intact, robust ATP production 

via mitochondrial oxidative phosphorylation. Upon entering the active phase, the 

immunometabolic state resembles a pro-inflammatory programming, as reliance on glycolysis 

over oxidative phosphorylation is a hallmark of pro-inflammatory macrophages (Van den Bossche, 

O’Neill, and Menon 2017; Carroll et al. 2019). A circadianly-timed proclivity for inflammatory 

responses was consistent with our zymosan findings as well as the majority of studies in both 

humans and nocturnal animals, which show that immune challenges are generally less effectively 
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neutralized when exposed during the inactive phase or under circumstances of circadian disruption 

(Geiger, Fagundes, and Siegel 2015; Nagy and Haschemi 2015; Van den Bossche, O’Neill, and 

Menon 2017). Evolutionarily, it is logical that the circadian clock would advantageously prepare 

macrophages to respond to immunological threats during the active phase when the majority of 

pathogenic exposure would occur and then during the inactive phase support a phenotype 

associated with tissue repair. As circadian control of metabolic pathways has been shown to be 

conserved in a multitude of tissue types and organisms, our study serves as a rich foundation to 

generate hypotheses about the diverse functional impacts of metabolic regulation in a multitude of 

biological contexts. In macrophages, disruption to these intricate metabolic and regulatory 

networks could result in a dysregulation of immunity that fuels chronic inflammation that 

contributes to disease. Further, the extensive circadian regulation macrophage proteins at the post-

transcriptional level could have profound impacts on macrophage physiology and, by extension, 

organismal physiology. Our work provides ample data for characterizing the circadian clock’s 

post-transcriptional physiologically relevant role in diverse pathways of interest pertaining to 

disease pathologies and ultimately the development and optimization of therapeutic interventions. 
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6. OMICS ANALYSIS REVEALS MACROPHAGE CLOCK’S 

POTENTIAL ROLES IN ALZHEIMER’S DISEASE 

 

6.1 Introduction 

Macrophages are the primary phagocytic white blood cell of the innate immune system and 

are thus uniquely equipped to integrate sensing of external stimuli to coordinate inflammatory 

responses to pathogens, debris and tissue damage. Circulating peripheral macrophages derived 

from the bone marrow as well as microglia, the resident embryonic-lineage macrophages in the 

brain, are known to play a significant role in Alzheimer’s disease due to their abilities to clear 

pathogenic amyloid beta/tau from the brain as well as to coordinate neuroinflammation (Cameron 

and Landreth 2010; Gate et al. 2010; Rezai-Zade et al. 2011). Peripheral macrophages in particular 

have been shown to be able to readily phagocytize hyperphosphorylated tau and amyloid beta 

fibrils, whereas microglia appear to have limited ability to clear amyloid beta for reasons not yet 

fully understood (Pan et al. 2011; Majerova et al. 2014). Further, in the disease context it remains 

unclear if this clearance is helpful or ultimately harmful in sustaining a neuroinflammatory 

response (N.-Q. Huang et al. 2017). It is also not yet clear if tau is similarly readily phagocytized 

by peripheral macrophages, as research focuses primarily on microglia despite increasing evidence 

that peripheral macrophages cross the blood-brain barrier, especially in neuroinflammatory 

contexts such as Alzheimer’s disease.  

The role of circadian rhythms in Alzheimer’s disease is largely unexplored, yet it is known 

that chronic circadian disruption increases the risk of developing neurodegenerative diseases and 

circadian disturbances are a hallmark symptom; these disturbances have also been found to be 

early predictors of Alzheimer’s disease potentially years before neurological symptoms appear 

(Musiek and Holtzman 2016; Musiek, Xiong, and Holtzman 2015; Hood and Amir 2017; Leng et 
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al. 2019). More evidence for the importance of circadian rhythms in Alzheimer’s disease includes 

work showing that there are circadian changes in amyloid beta levels in cerebrospinal fluid, and 

these rhythms dampen with age and even more so in those with Alzheimer’s disease (Y. Huang 

2012). Further, macrophages isolated from healthy patients are more efficient at clearing amyloid 

beta than those isolated from Alzheimer’s patients, offering additional evidence that macrophage 

dysfunction is a major contributor to the pathophysiological hallmarks of Alzheimer’s disease 

(Zaghi et al. 2009; Fiala et al. 2005). Our and others work has shown that peripheral macrophages 

possess robust circadian rhythms at the molecular level both in vitro and in vivo and our work has 

now shown that macrophages rhythmically phagocytize zymosan, a fluorescent yeast bioparticle. 

To further probe the rhythmically regulated processes of macrophages in relation to Alzheimer’s 

disease, we sought to determine if the phagocytosis of amyloid beta and tau are similarly 

rhythmically phagocytized using our previously established confocal microscopy-based assay. We 

conducted circadian time courses to evaluate rhythmicity of phagocytosis of tau and amyloid beta 

by BMDMs. 

Leveraging the insights that can be made from our comprehensive circadian proteomics 

profiling discussed in earlier chapters, we searched for circadianly regulated mechanisms that 

could generate rhythms in tau/amyloid beta uptake. We identified several oscillatory proteins that 

are involved in the biosynthesis of the surface glycoprotein heparan sulfate. Heparan sulfate has 

been found to be critical for uptake of tau and amyloid beta by cells and there is increasing evidence 

that this is also true for macrophages (Xiao Zhang et al. 2012; Rauch et al. 2018; C. Liu et al. 

2016). Because heparan sulfate is critical for uptake of tau/amyloid beta, we also conducted 

identical time courses simultaneously with the addition of heparanase, which cleaves and 

inactivates the heparan sulfate that is known to be involved in the uptake of tau by neurons. We 
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further quantified the rhythmic production of heparan sulfate with mass spectrometry techniques 

optimized for measuring heparan sulfate abundance. Incorporation of these in vitro assays with 

our circadian proteomic profiling is discussed to investigate the underlying molecular mechanisms 

regulating circadian macrophage physiology in relation to clearance of amyloid beta and tau. The 

circadian regulation of amyloid beta/tau phagocytosis, and thus clearance or initiation of pro-

inflammatory signaling, presents an intriguing mechanistic insight into how chronic circadian 

disruption leads to increased risk of neurodegenerative disease. 

6.2 Methods 

6.2.1 Tau and Heparinase Preparation 

1.8 mg of powdered, AF488 labeled tau was obtained from the Wang lab and resuspended 

in 1 ml PBS, then brought up to a final volume of 7.2 ml. Volume of tau to add to each plate of 

time course was determined by matching weight/volume ratio successfully used in previous 

experiments with AF488-labeled Amyloid beta (0.1 mg ABeta/0.4 ml = 1.8 mg Tau/7.2 ml). Tau 

was then aliquoted into single-use aliquots and frozen at -80C. Tau aliquots were thawed 20 

minutes at 4C as needed 20 minutes prior to each time point to ensure similar aggregation for each 

sample. 1 ml aliquots each of Heparinase I, II and III enzymes (prepared 2/12/2019) were obtained 

from the Wang lab. All 3 aliquots were combined and processed through an endotoxin removal 

column (ToxinEraser Endotoxin Removal Kit, Genscript). Samples were stored in fridge until use 

and amount added to each plate was determined by dividing available enzyme by number of plates 

to be treated. 

6.2.2 BMDM Phagocytosis Assay 

The transfer of cells into the assay media is considered Zeitgeber Time 0 (ZT0) and time 

course began at ZT16 to allow cells to adequately recover from serum shock. Time points were 
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taken every 4 hours over a full 24 hours from ZT16-ZT40, i.e. 7 total time points. At each time 

point, one plate was treated with tau or amyloid beta, one with tau/amyloid beta and heparinase, 

and one was pelleted to be used for mass spectrometry. For plates used to obtain cell pellets, media 

was aspirated and 1 ml of CellStripper was added and cells were fully removed with vigorous 

pipetting; cells were centrifuged for 3 minutes at 420 xg, aspirated and pellet flash frozen in 

ethanol/dry ice. For tau plates, 115 ul of tau was added and for tau + heparinase plates, 250 ul 

heparinase was also added; coverslips were replaced, and plates were then returned to the 

lumicycle to incubate with the tau for 2 hours. After incubation, media was drained and cells 

washed 3x with cold PBS. Cells were stripped from plates with 1 ml CellStripper/vigorous 

pipetting, centrifuged and fixed with formalin for 30 minutes and then stored in the fridge in PBS. 

6.2.3 Image Analysis 

Cells were imaged at 40x with a Zeiss LSM 510META Spectral Confocal microscope, 

outfitted with lasers for detecting fluorescence of Alex-fluor488. All images were taken on same 

day and all microscope settings were first optimized then were not changed for all images, with 

the exception of minor focus adjustments. Multiple images were taken for each sample until 

roughly 100 cells were imaged, about 4-5 images per sample. Quantification of fluorescence was 

done with ImageJ by counting at least 100 cells total for each time point sample. Cells were 

counted and outlined by hand in the white channel image and then the mean gray value of the 

fluorescence channel was measured for each cell. A background measurement for each image was 

taken in a large blank area and subtracted from all corresponding cell measurements to account for 

minor variations between samples/images. 
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6.3 Results 

6.3.1 Circadian Heparan Sulfate Biosynthesis 

To first search for potential mechanisms that could regulate the uptake of amyloid beta 

and/or tau by macrophages, we searched our circadian subset of proteins for those involved in 

heparan sulfate biosynthesis. Heparan sulfate is polysaccharide that form glycoproteins found on 

the surface of many cells which can act as receptors and co-receptors known for their ability to 

non-specifically bind a broad array of negatively charged biopolymers (Sarrazin, Lamanna, and 

Esko 2011). Out of 20 proteins involved in the biosynthesis pathway, we identified 4 that were 

circadianly abundant and they all appeared to be in-phase with a peak in abundance levels around 

ZT34-36 (Figure 6.1). The most important of which being exostosin 2, Ext2, which forms a 

complex to enzymatically catalyze the elongation of heparan sulfate chains. 

Figure 6.1: Macrophage circadian proteins involved in heparan sulfate biosynthesis. Modeled fit by ECHO is 

shown for each protein identified as circadian in our proteomics dataset. 
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Because our proteomics data suggests that heparan sulfate could be synthesized in a 

circadian manner, we next wanted to determine if overall abundance of heparan sulfate is circadian 

in macrophages. Because heparan sulfate is a polysaccharide that forms glycoproteins on the cell 

surface, our original proteomics mass spectrometry experiment with macrophages could not 

measure the abundance of heparan sulfate over circadian time. The laboratory of Dr. Robert 

Linhardt at Rensselaer Polytechnic Institute are leading experts in heparan sulfates and liquid 

Figure 6.2: LC-MS analysis of circadian cellular abundance of heparan sulfate in macrophages. A. Preliminary 

study quantifying the amount of non-sulfated (0S) heparan sulfate in one macrophage sample per time point. 

B. Repeated LC-MS study with triplicate samples per time point, normalized to number of cells and measuring 

all sulfated and non-sulfated forms of heparan sulfate (Gretchen Clark, unpublished). 
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chromatography mass spectrometry (LC-MS) based methods for their analysis. Through 

collaboration with the Linhardt lab, we measured the abundance of heparan sulfate every 4 hours 

over 24 hours in serum shock synchronized BMDMs (Figure 6.2). We found that cellular levels of 

heparan sulfate are circadian, with a peak around ZT20 in both our preliminary analysis (Figure 

Figure 6.3: Circadian phagocytosis of amyloid beta. A. Preliminary study of AF488 labeled amyloid beta signal 

at each time point. Whisker plots represent the median and lower and upper quartiles of the mean fluorescence 

measured for all cells in a sample (n >100 for each sample), shown as black dots. Red diamonds indicate the 

average of mean fluorescence of all cells measured at a time point. B. Repeated phagocytosis study with 

triplicate samples per time point and with automated imaging methods (Gretchen Clark, unpublished). 

Average mean cell fluorescence values shown are background subtracted. Heparan sulfate LC-MS data is 

overlaid. 

A 

B 
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6.2A) and after follow-up robust experimentation completed by Gretchen Clark with triplicate 

replicates, superior normalization strategy and analyzing several forms of heparan sulfate (Figure 

6.2B).  

6.3.2 Circadian Amyloid-beta Phagocytosis 

Studies on the role of heparan sulfate in amyloid beta internalization and clearance have 

found that heparan sulfate inhibits/impedes the uptake and efficient clearance of amyloid beta by 

neurons (C. Liu et al. 2016). Further, mice over-expressing heparanase, which degrades heparan 

sulfate, found that more intact heparan sulfate attenuated inflammation associated with amyloid 

beta, suggesting that heparan sulfate plays a key role in macrophages’ inflammatory responses to 

amyloid beta (Xiao Zhang et al. 2012). In our preliminary study of the uptake of AF488 labeled 

amyloid beta (Prospec) over circadian time, we found that uptake was circadian, with the highest 

internal signal of AF488-amyloid beta observed at ZT36 (Figure 6.3A). This preliminary work 

was further recapitulated with a more rigorous study completed by Gretchen Clark which analyzed 

fluorescence of cells via automated, less biased imaging methods as well as in triplicate samples 

(Figure 6.3B). As would be expected by previous studies establishing that heparan sulfate inhibits 

effective uptake of amyloid beta, comparison of our phagocytosis rhythms to our LC-MS analysis 

of cellular heparan sulfate levels showed that phagocytosis is more efficient at the time there is 

lowest abundance of heparan sulfate (Figure 6.3). 

6.3.3 Circadian Tau Phagocytosis 

In contrast to amyloid beta, studies on the role of heparan sulfate in tau uptake by cells has 

found that it facilitates the internalization of tau (Rauch et al. 2018). Our preliminary results that 

have not been confirmed by replicate analysis suggests that the phagocytosis of tau follows a 

biphasic pattern in our assay, with two potential peaks in phagocytosis occurring at both ZT16 and 
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ZT32 (Figure 6.4A). A lower fluorescence observed at ZT40 compared to ZT16, the same 

circadian time point being 24 hours apart, suggested that there is damping over time of tau 

phagocytosis. This may be because the circadian clock genes are well-known to damp over time 

under in vitro conditions, which is thought to be both due to the loss of nutrients and 

desynchronization between individual cells. When clock genes damp over time the output network 

of clock-regulated genes is also largely damped, resulting in damping of rhythmic processes, such 

as phagocytosis. It is thus a possibility that the biphasic peak observed is due to significant 

damping of rhythmic phagocytosis confounding the expected rebound that would make the pattern 

Figure 6.4: Circadian phagocytosis of AF488 labeled tau. A. Measurement of AF488 labeled tau signal over 

circadian time. B. Measurement of AF488 labeled tau signal over circadian time when co-incubated with 

Heparanase. C. Summary whisker plots comparing AF488 labeled tau phagocytosis with and without 

heparanase co-incubation. For all graphs, whisker plots represent the median and lower and upper quartiles 

of the mean fluorescence measured for all cells in a sample (n >100 for each sample), shown as black dots. Red 

diamonds indicate the average of mean fluorescence of all cells measured at a time point. 
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a canonical one peak/one trough circadian rhythm with a peak at ZT16/40 and a sharp trough at 

ZT24/28. Another possibility is that regulation of tau phagocytosis follows an ultradian rhythm, 

with a periodicity of 16 hours. Ultradian rhythms are still thought to be controlled by the circadian 

clock but involve more complex harmonics to generate shorter rhythms in gene expression.  

The addition of heparanase largely inhibited the phagocytosis of tau by macrophages 

(Figure 6.4B). Interestingly, a slight trough occurred around ZT24/ZT28, which corresponded to 

the first trough seen in the tau time course without heparanase, suggesting that very slight rhythmic 

phagocytosis might be maintained despite the hindrance of overall amount phagocytized. 

However, without replicates the relative size of this trough makes it difficult to determine if this 

trough is an artifact or reproducible biological phenomenon. While mean cell fluorescence is not 

a quantitative measurement of internalized tau levels in our experimental setup, it is evident that 

macrophages co-treated with heparanase on average had two to three times less fluorescence than 

even the least fluorescent samples that were not co-treated (Figure 6.4C). Thus, we confidently 

conclude that heparanase greatly hinders macrophages’ ability to phagocytize tau, suggesting an 

important role of heparan sulfate in their tau internalization process similar to that of neurons. 

However, because Tau does not follow a certain pattern of circadian rhythmicity with one peak 

and one trough per ~24 hour period, further rigorous study with longer time courses and increased 

replicates are needed to understand if tau phagocytosis is truly circadianly regulated. 

6.4 Discussion and Conclusions 

By applying the protocols we’ve previously developed to explore the circadian regulation 

of macrophage physiology, we were able to glean novel mechanistic insights into how this 

endogenous regulatory network stemming from the macrophage circadian clock can play a role in 

disease pathogenesis. Alzheimer’s disease is especially relevant to macrophage physiology due to 
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their roles in facilitating detrimental neuroinflammation and clearing pathogenic amyloid beta and 

tau. Due to our previous finding that zymosan is rhythmically phagocytized, we hypothesized that 

amyloid beta and tau may be similarly under the purview of circadian regulation. Indeed, we report 

that amyloid beta and potentially tau was phagocytized with higher efficiency at relative night vs 

relative day. Through interrogation of our circadian macrophage proteome we were able to identify 

potential circadianly regulated mechanisms that bolster this hypothesis and create the further 

testable hypothesis that this regulation of phagocytosis is derived from circadian influence on 

heparan sulfate abundance. We found that heparan sulfate levels also oscillate in a circadian 

manner as predicted by our proteomic analysis and that its abundance was anti-phase to amyloid 

beta uptake as expected by the inhibitory role of heparan sulfate in amyloid beta uptake. Future 

studies will further confirm this relationship by determining if clock knockout models and/or 

treatment with heparanase to digest cell surface heparan sulfate would abolish rhythmic uptake. 

Our finding that amyloid beta, and perhaps tau, is more readily phagocytized during the 

transition from active to the rest phase is intriguing as it compliments a plethora of research 

emphasizing the importance of clearance of tau and amyloid beta during sleep in the context of 

Alzheimer’s disease (Tarasoff-Conway et al. 2015). This finding in our in vitro model therefore 

emphasizes the potential importance of endogenous macrophage rhythmicity in facilitating this 

daily clearance of tau/amyloid beta as well as associated neuroinflammatory responses. Future 

studies could next work to decipher the consequences of chronic circadian disruption on these 

endogenous regulatory networks to determine how dysregulation of this circadian output in 

macrophages can contribute to a pathogenic inflammatory response and/or impair the clearance of 

harmful amyloid beta/tau plaques. 
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7. CONCLUDING REMARKS 

Circadian rhythms are ubiquitous across nearly all forms of life and they are powerful 

modulators of organismal physiology. As we gain a deeper understanding of the widespread 

influence of circadian rhythms on cellular, tissue and organismal function, it also becomes 

increasingly clear why disruption to these intricate rhythms can be extremely detrimental to human 

health and quality of life. In our examination of the systemic effects of circadian disruption, we 

found that simulated shift work in mice, such as that experienced by a large proportion of the work 

force, can have a dramatic impact on the abundance of circulating inflammatory cytokines. 

However, to gain more meaningful mechanistic insights into how circadian disruption impacts 

biological processes such as inflammation, it is imperative to also understand what is normally 

under the purview of circadian regulation for peripheral cell and tissue types. Thus, our work 

further focused on the role of circadian regulation in macrophages so as to build foundational 

knowledge linking circadian disruption to inflammation via dysregulation of immune cells’ 

intrinsic circadian regulatory networks. 

Our in vitro multi-omics approach set a new “gold standard” for interrogation of circadian 

regulation in mammalian cell/tissue types. Unlike previous experiments profiling circadian output 

by only relying on transcriptional data, we comprehensively profiled rhythmic genes at both the 

RNA and protein levels as well as developed/utilized novel computational tools with improved 

detection and modeling of circadian genes. The combination of both transcriptomic and proteomic 

data revealed a much larger role of circadian post-transcriptional regulatory mechanisms than were 

inferred from the limited previous studies that were less equipped to approach this question. Thus, 

we have shown that transcriptional techniques alone are largely inadequate for understanding the 
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physiologically relevance of circadian output and emphasized the importance of post-

transcriptional regulation in defining circadian proteomic changes. 

Our analysis of the processes that were circadianly regulated in macrophages showed that 

fundamental cellular processes of energy-producing metabolism and protein turnover were 

rhythmically controlled. These critical insights revealed how circadian clock output regulates not 

only macrophage physiology relevant to inflammation, but also the cellular processes of 

potentially any cell type. As a testament to the value of this foundational knowledge gained, we 

have begun applying the knowledge and techniques gained from our multi-omics analysis to 

understanding the connections between circadian regulation and Alzheimer’s disease. It is our 

hope that our datasets and approaches will continue to serve as a rich resource for both studying 

the specific pathways in macrophages that are important for their functions in immunity and 

coordination of inflammation as well as gaining fundamental understanding of circadian 

regulation. 
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