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Multiscale complexity in the mammalian circadian clock
YR Yamada1 and DB Forger1,2
The field of systems biology studies how the interactions

among individual components (e.g. genes and proteins) yield

interesting and complex behavior. The circadian (daily)

timekeeping system in mammals is an ideal system to study

complexity because of its many biological scales (from genes

to animal behavior). A wealth of data at each of these scales has

recently been discovered. Within each scale, modeling can

advance our understanding of challenging problems that arise

in studying mammalian timekeeping. However, future work

must focus on bridging the multiple spatial and temporal scales

in the modeling of SCN network. Here we review recent

advances, and then delve into a few areas that are promising

research directions. We also discuss the flavor of modeling

needed (simple or detailed) as well as new techniques that are

needed to meet the challenges in modeling data across scales.
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Introduction
Circadian (�24-hour) rhythms are universally found in

almost all living organisms, with proper circadian time-

keeping being essential for survival. Circadian malfunc-

tioning has been linked with many diseases including

heart attacks, cancer, diabetes and sleep disorders [1]. An

interesting example of how circadian timekeeping can

affect human health is Familial Advanced Sleep Phase

Syndrome, where a change in a single nucleotide in the

individual’s genes can cause members of certain families

to rise early in the morning [2,3]. This connection from

genes to behavior has been seriously studied ever since

the PERIOD (PER) locus was discovered [4] as a reg-

ulator of the daily rhythms of Drosophila. Thus, for the

past 40 years, circadian research has been a model system

for studying how cellular and genetic events can regulate

the behavior of entire organisms.
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From its inception, circadian timekeeping has been an

interdisciplinary field, including geneticists, on one end,

to psychologists on the other (with nearly every biological

discipline in between). Many theorists and quantitative

modelers have also contributed to the field [5]. At least

two of the three founders of the field (Aschoff and

Pittendrigh) collaborated with modelers who used differ-

ential equations (the mathematical descriptions of how

systems behave with time). This connection continues in

the present day. Theorists have written and contributed

at least 600 papers in this field. A casual review of the

literature clearly indicates that there is now a renewed

interest in theoretical chronobiology [6]. Thus it is not

difficult to extrapolate a large role for theorists in the

future of circadian biology.

At its inception, chronobiology defined the key principles

of circadian rhythms including autonomous rhythmicity

(the fact that rhythms were endogenous), entrainment

(the ability to match rhythms in the external world) and

temperature compensation (the ability to keep accurate

time at different temperatures). The earliest mathemat-

ical models of circadian clocks were simple and reflected

the dearth of experimental knowledge at the cellular

level. Thus, most modeling focused on ‘phase-only’

models whose behavior can be described by a phase

response curve (PRC). Winfree [7] later showed how

mathematical models of timekeeping should also con-

sider amplitude.

These ideas are still relevant today. However, the dis-

covery of PER launched the beginning of the molecular

age of circadian rhythm research. This molecular

approach is of particular interest for systems biologists

since it promises a potential mechanistic explanation for

the 24-hour rhythms of life.

And then things got complicated . . .

Discovery of Drosophila PER eventually led to the dis-

covery of mammalian PER1, PER2, and PER3 core clock

proteins. These bind with CRYPTOCHROME (CRY) 1

and CRY2 to repress transcription activated by hetero-

dimers of BMAL1 or BMAL2 and CLOCK (CLK) or

NPAS2. While some of these proteins were initially

considered redundant, later work showed each having a

distinct function (e.g. PER1 KO mice can show circadian

rhythms while PER2 KO mice do not; CRY1 KO mice

have a short period phenotype whereas CRY2 KO mice

have a long period phenotype). The behavior of the

complexes of these proteins is highly dependent on

phosphorylation (not to mention acetylation, methyl-

ation, and sumolation). The key kinases including Casein
www.sciencedirect.com
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Figure 1

A key regulator of circadian (�24-hour) rhythms is the phosphorylation of

the PERIOD proteins. There are many possible phosphorylation sites on

PERIOD. Moreover we do not know whether phosphorylation occurs

sequentially (as in a, where each site has a specific order in which it is

phosphorylated on the PERIOD protein, i.e. ordering is important) or

independently (as in b, where any site can equally be phosphorylated

since there is no ordering or preference to the phosphorylation sites on

the PERIOD protein). The latter case illustrates the combinatorial

complexity which may require serious consideration in the modeling of

circadian rhythms.
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The following key proteins in the mammalian circadian clock (PER1, PER2,

b-TrCP) can be formed to form many macromolecular complexes, some of
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Kinase I (CKI) e and CKId trigger degradation by proteins

like F-box/LRR-repeat protein 3 or b-transducin repeat-

containing protein and other cellular events [1]. Phos-

phorylation sites are numerous [2,8] and single nucleotide

changes can have dramatic effects. Furthermore, model-

ing has barely addressed the combinatorial complexity

resulting from molecular interactions. For example,

Figure 1 illustrates this complexity in PERIOD protein

phosphorylation: this phosphorylation can occur in a

specific sequential manner as shown in Figure 1a, or

independently as shown in Figure 1b.

A quick estimate of the possible complexes (some of

which are pictorially represented in Figure 2) among

these aforementioned twelve core clock proteins, is

212 = 4096. While this number includes several com-

plexes that do not occur experimentally, it underesti-

mates the total number of relevant complexes when

the various phosphorylation states of the proteins are

considered, reinforcing this motif of combinatorial com-

plexity. Moreover, we do not include the additional feed-

back loops (e.g. Rev-erba) which interact with the main

clock loop. Furthermore, this estimate does not begin to

consider other important cellular processes that interact
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CRY1, CRY2, NPAS2, CLK, BMAL1, BMAL2, CKIe, CKId, FBXL3 and

which are illustrated here.
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Figure 3
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Circadian rhythms within a cell are intracellularly linked to many other

cellular systems and processes, including but not limited to:

transcription regulation, cell cycle, metabolism, calcium regulation, and

electrical physiological activity (top). Many details of the interaction

between individual cells within the suprachiasmatic nucleus (SCN),

which acts as the central circadian pacemaker in mammals, are

important but unknown (bottom).
with the circadian clock, as illustrated in the top panel of

Figure 3: transcription regulation, translation, degra-

dation, cell division, electrophysiology and metabolism.

All these processes have been shown to have a strong

influence on the circadian clock [9–18] and some have

argued strongly that they are an integral part of the

timekeeping mechanism.

And it gets more complex . . .

Individual cells within the SCN do not act alone and must

communicate with one another, as illustrated in the

bottom panel of Figure 3. In fact, rhythms within the

network are much more robust than individual cellular

rhythms [19]. The SCN must interact with many other

systems within the organism to properly function. For

example, rhythms are constantly being regulated by

hormone release. Moreover, the SCN receives infor-

mation about time in its external world through a direct

pathway from the retina via a dedicated photic system [1].

We now review each level of complexity, discussing key

results and identifying possible research challenges.
Current Opinion in Genetics & Development 2010, 20:626–633
From protein modification to protein function
Circadian rhythms are very carefully regulated by

post-translational modifications. Several important

genetic mutations, affecting whole organism behavior,

have been linked to changes in post-translational

modification. However, though many possible phos-

phorylation sites have been identified, little is known

about their specific function [20]. We also do not know

whether these phosphorylation events act sequentially,

combinatorially or independently as shown in Figure 1.

Here molecular dynamic simulations will play a

very important role into a research area which has

barely been explored. Likewise, simple mechanistic

models could be used to make predictions about the

interplay between individual phosphorylation sites

[21,22].

From genes to genetic network
In recent years, this area has received a considerable

amount of attention. In a landmark paper [23], Goodwin

showed that a simple genetic negative feedback loop

could sustain biochemical oscillations. While the Good-

win model was not developed exclusively as a mathemat-

ical model for circadian rhythms, Goldbeter [24] realized

that with modifications, the model could predict what

was then known about the PER gene. Detailed single

cell models, focusing on the underlying biochemical

dynamics of cellular physiology, were investigated

[25–28] and represented a significant shift from those

models where Goodwin or Van der Pol oscillators were

used to represent individual cells. These models attempt

to incorporate all relevant experimental data about core

clock components; later models also investigated the

significance of molecular noise [29–32,33�]. Recent work

has focused on the role of transcription regulation of

activators and repressors. In particular, several predic-

tions regarding the mutations of core clock proteins have

been verified in recent published work [34]. Further-

more, single cell models have been successful in studying

the role of post-translation processes, and have yielded

predictions that have been confirmed experimentally

[21].

From genetic networks to cellular systems
Recent research has shown that circadian timekeeping is

intricately linked to other cellular processes. The circa-

dian clock is intricately linked with the electrical beha-

vior of neurons. Mathematical modeling has successfully

predicted unexpected circadian electrical activity, which

was verified experimentally [35,36,37��]. Similar links

now exist with metabolic regulation, cell cycle, and

transcription regulation [38–40,41�,42]. The future will

involve the development of mathematical models to

understand the connection between these various phys-

iological processes with mammalian timekeeping, with

careful attention to the results of experimental data

[43�,44,45].
www.sciencedirect.com



Multiscale complexity in the mammalian circadian clock Yamada and Forger 629
Synthetic biology also offers an ideal approach to un-

derstanding complexity at the cellular level. Recent work

in this area has focused on how interacting feedback loops

can increase robustness [46�] in addition to understanding

the dynamics of coupled oscillators [47��]. These syn-

thetic biology studies have relied on mathematical mod-

eling, which can lead to useful predictions since the

components within these systems are often well charac-

terized and can be experimentally manipulated.

From cells to tissues
Moreover, individual cellular timekeeping is different

from that seen in an organism [48,49]. Individual cells

with rhythms whose amplitude decays over time can show

sustained rhythms when coupled together [34]. More-

over, individual cellular oscillators can become desyn-

chronized from each other. This can lead to the

appearance of multiple rhythms in the organism’s beha-

vior [50�]. The bottom panel of Figure 3 illustrates that

the intercellular communication mechanism is unknown;

key questions include the following. How can the theory

of coupled oscillators help us understand SCN network

behavior? (Much progress has been made in this area [51–
58], but most intercellular mechanisms are ‘all-to-all’,

where every cell is connected with every other cell.)

What happens when we use a different network topology

[59]? How can different intercellular coupling mechan-

isms affect network physiology [60,61]? Furthermore,

what happens when we incorporate both chemical and

electrical intercellular coupling [62]?

An additional, yet physiologically interesting consider-

ation at this level, is the role of molecular noise in

coupled SCN oscillators. This approach was first

suggested and investigated by Enright in 1984 [63].

He reached the conclusion that a collection of coupled

noisy oscillators recovered sustained rhythms; his model

did not incorporate the molecular details that have since

appeared in the literature [25–28]. Given our advance in

understanding of the molecular clock, what will we

discover when we re-visit Enright’s hypothesis? What

role does noise contribute to the physiology of the entire

network [64–66]?

Minimal or detailed models?
To answer this question, we appeal to a musical meta-

phor. Some listeners like nothing more than the beauty of

a simple melody for which one can quickly feel comfor-

table knowing intuitively all that is going on. Other

listeners prefer a complex Bach fugue where a detailed

understanding of the interplay between voiceparts is

rarely appreciated by the listener, but a beautiful picture

emerges nonetheless. Examples exist where intuitive

mathematical models lead to important experimental

advances [67]. Likewise, complex models that account

for many of the ‘parts’ may lead to unintuitive predictions

[21,37��,68] For example, a detailed model predicted a
www.sciencedirect.com
gain of function for the tau mutation, initially thought to

be incorrect, which was later verified [21].

Thus we find a place for both simple and complex models.

While we do not blindly support those modeling attempts

that yield clean mathematical expressions yet sacrifice

biological details, we also do not champion complexity for

complexity’s sake. If the model equations can be simpli-

fied further to two variables, analytic methods from non-

linear dynamics (phase plane analysis and bifurcations)

[69] and stochastic differential equations [70] can be

applied to study the system further. More detailed

models accurately reflect the physiology of the underlying

process, though they are computationally more expensive

and difficult to study analytically.

However, an alternate view of simple vs. complex models

is provided by two key results from mathematical

analysis. Forger and Kronauer found that many complex

mathematical models easily reduce to a small region (e.g.

two-dimenional) of phase space [71,72]. This dimensional

reduction of model phase space is illustrated in Figure 4.

Each variable in this subspace is a combination of many

other model variables (e.g. those variables representing

the various molecules shown in Figure 2). However, the

dynamics on this small subspace can be very similar to

those found in simple models. Similar analysis has been

shown by others [73,74].

Likewise, criticisms of the use (or abuse) of parameters

have been leveled on both types of models. Simple models

have parameters (e.g. oscillator stiffness or period) which

are either difficult to relate with known biophysical rate

constants or are difficult to measure experimentally. On the

other hand, detailed models that use biophysical rate

constants are oftentimes criticized since their numerical

values are often not known. However, recent work

indicates that only a few key combinations of parameters

may be essential [75��] in models containing many

parameters. Again, we stress the possibility that detailed

models may actually be simple models in disguise, occupy-

ing a low dimensional region of phase space and depending

only on a few key combinations of parameters.

A recent experimental study [18] illustrates the use of

complex and simple models. The authors observed that

reducing transcription regulation leads to a shorter period

experimentally, while predictions from a detailed model

hint at an opposite result. However, a detailed model [26]

provides a specific mechanism of transcription regulation

(specifically the co-ordinated action of several E-boxes),

while other published models use Hill-type terms (whose

biophysical mechanism is either known to be wrong or used

without any biophysical justification [76]). Thus the

detailed model is based on experimental results which

explores a specific biochemical mechanism, whereas

mechanism is not the focus of the simple model. We
Current Opinion in Genetics & Development 2010, 20:626–633
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Figure 4
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Simulations of a circadian clock model by Leloup and Goldbeter, which can display two modes of oscillations (both shown as circles). Here we plot

three of the variables in the model: the axis labeled ‘Pone’ is the first phosphorylated state of the Per repressor protein, the axis labeled ‘Tone’ is the

first phosphorylated state of the Tim repressor protein, and the last axis (labeled ‘CN’) is the Per–Tim complex in the nucleus. Notice the two oscillatory

solutions lie on a two-dimensional plane where the system spends most of its time. This illustrates how high dimensional models, which initially seem

complex, may have a hidden but simple structure (DB Forger, PhD thesis, New York University, 2003).
find this observation very useful, not to further the unscien-

tific debate about whether a detailed or simple model is

better, but as an indication that further thinking is required

on how transcription regulation actually occurs.

Development of new computational and
analytical techniques
Associated with the development of any mathematical

model is the accurate and efficient search for unknown

model parameters values. For example, these values may

be reaction rates, whose values are not available in the

published literature. To date, most searches for

parameters have been ad hoc. Recent advances, including

Bayesian parameter analysis [77] and iterative evolution-

ary strategies [78�], are promising approaches. However, a

systematic approach to finding these parameters must be

pursued and developed.

The complexities posed by detailed models can only be

studied using computational methods. Once the bio-

chemical network of the underlying process has been

constructed, the reactions between all the species in this

network can be delineated. The two most widely used

modeling approaches to study reaction networks are deter-

ministic and stochastic [70,79]. The deterministic frame-
Current Opinion in Genetics & Development 2010, 20:626–633
work uses the law of mass action, which allows this reaction

network to be translated into a set of coupled differential

equations. On the other hand, a stochastic (or noisy) model

allows for random fluctuations in the chemical species.

From a physiological standpoint, these fluctuations need to

be considered because the copy numbers of protein and

mRNA are low. What is now needed are efficient compu-

tational algorithms that can simulate complex cellular

models from smaller sub-cellular parts [80]. As more cel-

lular details emerge, existing models will become more

complex with more components. However, current

methods are computationally slow and expensive. Finally,

mathematical techniques must be developed to determine

how to optimally perturb oscillator models [81�,82,83].

Conclusion
Mammalian timekeeping is a complex process; in order to

sort through the myriad experimental data, collected at

various temporal and spatial scales, we need multiscale

mathematical modeling [84]. We would like to stress that a

multiscale mathematical model will achieve its greatest

efficacy when it will contribute to the design of future

experiments. The large output of experimental data chal-

lenges the modeler to build models whose utility is to

‘predict’, rather than ‘post-dict’ experimental phenomena.
www.sciencedirect.com
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Thus these models must be continually revised until a

satisfactory model for mammalian timekeeping prediction

is achieved. In closing, it will be increasingly important for

experimentalists and modelers to continue working closely

together to optimize this iterative process.

Conflict of interest
None to declare.

Acknowledgements
This work was supported by the National Institutes of Health (R01
GM060387) and the United States Air Force Office of Scientific Research
Young Investigator Award (FA 9550-08-01-0076). We would like to thank
Amrit Misra, Kara Fulton, and Dr. Cecilia Diniz-Behn for their comments
regarding this manuscript. Soli Deo Gloria.

References and recommended reading
Papers of particular interest, published within the period of review,
have been highlighted as:

� of special interest
�� of outstanding interest

1. Ko C, Takahashi JS: Molecular components of the mammalian
circadian clock. Hum Mol Genet 2006, 15:R271-R277.

2. Vanselow K, Kramer A: Role of phosphorylation in the
mammalian circadian clock. Cold Spring Harb Symp Quant Biol
2007, 72:167-176.

3. Vaneslow K, Vaneslow JT, Westermakr PO, Reischl S, Maier B,
Korte T, Herrmann A, Herzel H, Schlosser A, Kramer A: Differential
effects of PERS phosphorylation: molecular basis for the
human familial advanced sleep phase syndrome. Genes Dev
2006, 20:2660-2672.

4. Konopka RJ, Benzer S: Clock mutants of Drosophila
Melanogaster. Proc Natl Acad Sci U S A 1971, 68:2112-2116.

5. Chovnick A (Ed): Cold Spring Harbor Symposia on Quantitative
Biology: Biological Clocks, Vol. XXV. Cold Spring Harbor Press;
1960.

6. Roenneberg T, Chua EJ, Bernardo R, Mendoza E: Modelling
biological rhythms. Curr Biol 2008, 18:R826-R835.

7. Winfree A: The Geometry of Biological Time. Springer-Verlag; 2001.

8. Eide e, Woolf M, Kang H, Woolf P, Camacho F, Vielhaber E,
Giovanni A, Virshup D: Control of mammalian circadian rhythm
by CKIe-regulated proteasome-mediated PER2 degradation.
Mol Cell Biol 2005, 25:2795-2807.

9. Doi M, Hirayama J, Sassone-Corsi P: Circadian regulator
CLOCK is a histone acetyltransferase. Cell 2006, 125:497-508.

10. Cardone L, Hirayama J, Giordano F, Tamaru T, Palvimo JJ,
Sassone-Corsi P: Circadian clock control by SUMOylation of
BMAL1. Science 2005, 309:1390-1394.

11. Ramsey KM, Yoshino J, Brace CS, Abrassart D, Kobayashi Y,
Marcheva B, Hong H, Chong JL, Buhr ED, Lee C et al.: Circadian
clock feedback cycle through NAMPT-mediated NAD+
biosynthesis. Science 2009, 324:651-654.

12. Lamia KA, Sachdeva UM, DiTacchio L, Williams EC, Alvarez JG,
Egan DF, Vasquez DS, Juguilon H, Panda S, Shaw RJ et al.: AMPK
regulates the circadian clock by cryptochrome
phosphorylation and degradation. Science 2009, 326:437-440.

13. Nakahata Y, Sahar S, Astarita G, Kaluzova M, Sassone-Corsi P:
Circadian control of the NAD+-salvage pathway by CLOCK-
SIRT1. Science 2009, 324:654-657.

14. Lee H, Chen R, Lee Y, Yoo S, Lee C: Essential roles of CKId and
CKIe in the mammalian circadian clock. Proc Natl Acad Sci U S
A 2009, 106:21359-21364.

15. Menet JS, Abruzzi KC, Desrochers J, Rodriguez J, Rosbash:
Dynamic PER repression mechanisms in the Drosophila
www.sciencedirect.com
circadian clock: from on-DNA to off-DNA. Genes Dev 2010,
24:358-367.

16. Chen R, Schirmer A, Lee Y, Lee H, Kumar V, Yoo S, Takahashi J,
Lee C: Rhythmic PER abundance defines a critical nodal point
for negative feedback within the circadian clock mechanism.
Mol Cell 2009, 36:417-430.

17. Swinburne I, Miguez DG, Landgraf D, Silver PA: Intron length
increases oscillatory periods of gene expression in animal
cells. Genes Dev 2008, 22:2342-2346.

18. Dibner C, Sage D, Unser M, Bauer C, d’Esmond T, Naef F,
Schibler U: Circadian gene expression is resilient to large
fluctuations in overall transcription rates. EMBO J 2009,
28:123-134.

19. Yamaguchi S, Isejima H, Matsuo, Ohkura R, Yagita K,
Kobayashi K, Okamura H: Synchronization of cellular
clocks in the suprachiasmatic nucleus. Science 2003,
302:255-259.

20. Virshup DM, Eide EJ, Forger DB, Gallego M, Harnish EV:
Reversible protein phosphorylation regulates circadian
rhythms. Cold Spring Harb Symp Quan Biol 2007,
72:413-420.

21. Gallego M, Eide EJ, Woolf MF, Virshup DM, Forger DB: An
opposite role for tau in circadian rhythms revealed by
mathematical modeling. Proc Natl Acad Sci U S A 2006,
103:10618-10623.

22. Hennig S, Strauss HM, Vaneslow K, Yildiz O, Schulze S, Arens J,
Kramer A, Wolf E: Structural and functional analyses of PAS
domain interactions of the clock proteins PERIOD and mouse
PERIOD2. PLoS Biol 2009, 7:e94.

23. Goodwin B: An entrainment model for timed enzyme syntheses
in bacteria. Nature 1966, 209:479-481.

24. Goldbeter A: A model for circadian oscillations in the
Drosophila period protein. Proc R Soc Lond B 1995,
261:319-324.

25. Leloup JC, Goldbeter A: Toward a detailed computational
model for the mammalian circadian clock. Proc Natl Acad Sci U
S A 2003, 100:7051-7056.

26. Forger DB, Peskin CS: A detailed predictive model of the
mammalian circadian clock. Proc Natl Acad Sci U S A 2003,
100:14806-14811.

27. Becker-Weimann S, Wolf J, Herzel H, Kramer A: Modeling
feedback loops of the mammalian circadian oscillator. Biophys
J 2004, 87:3023-3034.

28. Wang JW, Zhou TS: A computational model clarifies the roles of
positive and negative feedback loops in the Drosophila
circadian clock. Phys Lett A 2010 doi: 10.1016/j.physleta.2010.
04.059.

29. Forger DB, Peskin CS: Stochastic simulation of the mammalian
circadian clock. Proc Natl Acad Sci U S A 2005, 102:321-324.

30. Gonze D, Halloy J, Golbeter A: Robustness of circadian rhythms
with respect to molecular noise. Proc Natl Acad Sci U S A 2002,
99:673-678.

31. Gonze D, Halloy J, Goldbeter A: Deterministic versus stochastic
models for circadian rhythms. J Biol Phys 2002, 28:
637-653.

32. Gonze D, Halloy J, Leloup JC, Goldbeter A: Stochastic models
for circadian rythms: effect of molecular noise on periodic and
chaotic behaviour. C R Biologies 2003, 326:189-203.

33.
�

Westermark P, Welsh DK, Okamura H, Herzel H: Quantification of
circadian rhythms in single cells. PLoS Comput Biol 2009,
5:e1000580.

The authors extract parameters from bioluminescent data using simple
mathematical models.

34. Liu AC, Welsh DK, Ko CH, Tran HG, Zhang EE, Priest AA, Buhr ED,
Singer O, Meeker K, Verma IM et al.: Intercellular coupling
confers robustness against mutations in the SCN circadian
clock network. Cell 2007, 129:605-616.
Current Opinion in Genetics & Development 2010, 20:626–633

http://dx.doi.org/10.1016/j.physleta.2010. 04.059
http://dx.doi.org/10.1016/j.physleta.2010. 04.059


632 Genetics of system biology
35. Sim CK, Forger DB: Modeling the electrophysiology of
suprachiasmatic nucleus neurons. J Biol Rhythms 2007,
22:445-453.

36. Diekman CO, Forger DB: Clustering predicted by an
electrophysiological model of the suprachiasmatic nucleus.
J Biol Rhythms 2009, 24:322-333.

37.
��

Belle MD, Diekman CO, Forger DB, Piggins HD: Daily electrical
silencing in the mammalian circadian clock. Science 2009,
326:281-284.

Here mathematical models predict that the molecular circadian clock can
induce unique electrical behavior in SCN neurons which are validated
experimentally.

38. Zamborszky J, Hong C, Csikasz-Nagy A: Computational analysis
of mammalian cell division gated by a circadian clock:
quantized cell cycles and cell size control. J Biol Rhythms 2007,
22:542-553.

39. Hong C, Zamborszky J, Csikasz-Nagy A: Minimum criteria for
DNA damage-induced phase advances in circadian rhythms.
PLoS Comp Biol 2009, 5:e1000384.

40. Merrow M, Roenneberg T: Cellular clocks: coupled circadian
and cell division cycles. Curr Biol 2004, 14:R25-R26.

41.
�

Yamada YR, Peskin CS: A look-ahead model for the elongation
dynamics of transcription. Biophys J 2009, 96:3015-3031.

This paper introduces a novel model of transcription elongation, which
takes into account transcription pausing, delay and bursting. In particular,
the model can be used to explore the role or elongation dynamics as a
potential mechanism in the regulation of the circadian clock.

42. Yamada YR, Peskin CS: The influence of look-ahead on the
error rate of transcription. Math Model Nat Phenom 2010,
5:206-227.

43.
�

Baggs JE, Price TS, DiTacchio L, Panda S, Fitzgerald GA,
Hogenesch JB: Network features of the mammalian circadian
clock. PLoS Biol 2009, 7:31000052.

This paper presents a large amount of quantitative data which could be
used to develop accurate models of mammalian circadian timekeeping.

44. Bozek K, Relogio A, Kielbasa S, Heine M, Dame C, Kramer A,
Herzel H: Regulation of clock-controlled genes in mammals.
PLoS One 2009, 4:e4882.

45. Asher G, Gatfield D, Stratmann M, Reinke H, Dibner C, Kreppel F,
Mostoslavsky R, Alt F, Schibler U: SIRT1 regulate circadian
clock gene expression through per2 deacetylation. Cell 2008,
134:317-328;
Zhang E, Liu AC, Hirota T, Miraglia LJ, Welch G, Pongsawakul PY,
Liu X, Atwood A, Huss JW, Janes J et al.: A genome-wide RNAi
screen for modifiers of the circadian clock in human cells. Cell
2009, 139:199-210.

46.
�

Chang DE, Leung S, Atkinson MR, Reifler A, Forger D, Ninfa AJ:
Building biological memory by linking positive feedback
loops. Proc Natl Acad Sci U S A 2010, 107:175-180.

This paper shows how coupled feedback loops can be combined to give
robust responses using the tools of synthetic biology.

47.
��

Danino T, Mondragon-Palomino O, Tsimring L, Hasty J: A
synchronized quorum of genetic clocks. Nature 2010,
463:326-330.

This paper develops a synthetic system of coupled oscillators and shows
how they can be synchronized and develop spatial patterns. It indicates
the promise of synthetic approaches to study coupled oscillators in the
mammalian circadian clock.

48. Chang HS, Staras K, Gilbey MP: Multiple oscillators provide
metastability in rhythm generation. J Neurosci 2000,
20:5135-5143.

49. Webb AB, Angelo N, Huettner JE, Herzog ED: Intrinsic,
nondeterministic circadian rhythm generation in identified
mammalian neurons. Proc Natl Acad Sci U S A 2009,
106:16493-16498.

50.
�

Schwartz MD, Wotus C, Liu T, Friesen O, Borjigin J, Oda GA, de la
Iglesia HO: Dissociation of circadian and light inhibition of
melatonin release through forced desynchronization in the rat.
Proc Natl Acad Sci U S A 2009, 106:17540-17545.

In this joint experimental and modeling paper, the authors demonstrate
complicated behaviors in an individual SCN cell.
Current Opinion in Genetics & Development 2010, 20:626–633
51. Antle MC, Foley DK, Foley NC, Silver R: Gates and oscillators: a
network model of the brain clock. J Biol Rhythms 2003,
18:339-350.

52. Bush W, Siegelman HT: Circadian synchrony in networks
of protein rhythm driven neurons. Complexity 2006,
12:67-72.

53. Achermann P, Kunz H: Modeling circadian rhythm generation in
the suprachiasmatic nucleus with locally coupled self-
sustained oscillators: phase shifts and phase response
curves. J Biol Rhtyhms 1999, 14:460-468.

54. Kunz H, Achermann P: Simulation of circadian rhythm
generation in the suprachiasmatic nucleus with locally
coupled self-sustained oscillators. J Theor Biol 2003,
224:63-78.

55. Gonze D, Bernard S, Waltermann C, Kramer A, Herzel H:
Spontaneous synchronization of coupled circadian
oscillators. Biophys J 2005, 89:120-129.

56. To TL, Henson MA, Herzog ED, Doyle FJ: A molecular model for
intercellular synchronization in the mammalian circadian
clock. Biophys J 2007, 92:3792-3803.

57. Bernard S, Gonze D, Cajavec B, Herzel H, Kramer A:
Synchronization-induced rhythmicity of circadian oscillators
in the suprachiasmatic nucleus. PLoS Comp Biol 2007, 3:e68.

58. Ueda HR, Hirose K, Iino M: Intercellular coupling mechanism for
synchronized and noise-resistant circadian oscillators.
J Theor Biol 2002, 216:501-512.

59. Vasalou C, Herzog ED, Henson MA: Small-world network
modesl of intercellular coupling predict enhanced
synchronization in the suprachiasmatic nucleus. J Biol Rhythm
2009, 24:243-254.

60. Maywood ES, Reddy AB, Wong G, O’Neill JS, O’Brien JA,
McMahon DG, Harmar AJ, Okamura H, Hasting MH:
Synchronization and maintenance of timekeeping in
suprachiasmatic circadian clock cells by neuropeptidergic
signaling. Curr Biol 2006, 16:599-605.

61. O’Neill JS, Maywood ES, Chesham JE, Takahashi JS, Hasting MH:
cAMP-dependent signaling as a core component of the
mammalian circadian pacemaker. Science 2008, 320:
949-953.

62. Hao H, Zak DE, Sauter T, Schwaber J, Ogunnaike B: Modeling the
VPAC-activated cAMP/PKA signaling pathway: from receptor
to circadian clock gene induction. Biophys J 2006,
90:1560-1571.

63. Enright J: Mutual excitation of damped oscillators and self-
sustainment of circadian rhythms. In Mathematical Models of
the Circadian Sleep-Wake Cycle. Edited by Moore-Ede M, Czeisler
C. Raven Press; 1984:1-16.

64. Li Q, Lang X: Internal noise-sustained circadian rhythms in a
drosophila model. Biophys J 2008, 94:1983-1994.

65. Bagheri N, Taylor SR, Meeker K, Petzold LR, Doyle FJ: Synchrony
and entrainment properties of robust circadian oscillators. J R
Soc Interface 2008, 5:17-28.

66. Ullner E, Buceta J, Diez-Noguera A, Garcia-Ojalvo J: Noise-
induced coherence in multi-cellular clocks. Biophys J 2009,
96:3573-3581.

67. Pittendrigh CS, Daan S: A functional analysis of circadian
pacemakes in nocturnal rodents. V. Pacemaker structure: a
clock for all seasons. J Comp Physiol A 1976, 106:333-355.

68. Locke JCW, Southern MM, Kozma-Bognar L, Hibberd V,
Brown PE, Turner MS, Millar AJ: Extension of a genetic network
model by iterative experimentation and mathematical
analysis. Mol Syst Biol 2005, 1:0013.

69. Strogatz S: Nonlinear Dynamics and Chaos: With Applications to
Physics, Biology, Chemistry, and EngineeringPersesus Books;
1994.

70. Wilkinson D: Stochastic Modeling for Systems Biology. Chapman
& Hall Press; 2006.
www.sciencedirect.com



Multiscale complexity in the mammalian circadian clock Yamada and Forger 633
71. Forger DB, Jewett ME, Kronauer RE: A simpler model of
the human circadian pacemaker. J Biol Rhythms 1999,
14:532-537.

72. Jewett ME, Forger DB, Kronauer RE: Revised limit cycle
oscillator model of human circadian pacemaker. J Biol
Rhythms 1999, 14:493-499.

73. Indic P, Gurdziel K, Kronauer K, Klerman EB: Development
of a two-dimensional manifold to represent high
dimension mathematical models of the intracellular
mammalian circadian clock. J Biol Rhythms 2006, 21:
222-232.

74. Taylor SR, Doyle FJ, Petzold LR: Oscillator model reduction
preserving the phase response: application to the circadian
clock. Biophys J 2008, 95:1658-1673.

75.
��

Rand DA: Mapping global sensitivity of cellular network
dynamics: sensitivity heat maps and a global summation law.
J R Soc Interface 2008, 6:S59-S69.

This paper develops new mathematical techniques to study how para-
meters affect the behavior of clock models. It also postulates how the
behavior of models can depend on a few key combinations of para-
meters.

76. Forger DB, Gonze D, Virshup D, Welsh DK: Beyond intuitive
modeling: combining biophysical models with innovative
experiments to move the circadian clock field forward. J Biol
Rhythms 2007, 22:200-210.

77. Golightly A, Wilkinson DJ: Bayesian sequential inference for
stochastic kinetic biochemical network models. J Comp Biol
2006, 13:838-851.
www.sciencedirect.com
78.
�

Mirsky HP, Liu AC, Welsh DK, Kay SA, Doyle F: A model of the
cell-autonomous mammalian circadian clock. Proc Natl Acad
Sci U S A 2009, 106:11107-11112.

This paper develops a new mathematical model of the mammalian
circadian clock. Of particular interest are the techniques used for para-
meter estimation

79. Wilkinson DJ: Stochastic modeling for quantitative description
of heterogeneous biological systems. Nat Rev Genetics 2009,
10:122-133.

80. Randhawa R, Shaffer C, Tyson JJ: Model aggregation: a
building-block approach to creating large macromolecular
regulatory networks. Bioinformatics 2009, 25:3289-3295.

81.
�

Dean DA, Forger DB, Klerman: Taking the lag out of jet lag
through model-based schedule design. PLoS Comput Biol
2009, 5:e1000418.

This paper develops techniques to optimize schedules based on math-
ematical models of circadian clocks. This work is particularly important
since it translates the results of mathematical modeling into practical
applications.

82. Bagheri N, Stelling J, Doyle FJ: Circadian phase entrainment via
nonlinear model predictive control. Int J Robust Nonlinear
Control 2007, 17:1555-1571.

83. Forger DB, Paydarfar D: Starting, stopping and resetting
biological oscillators: in search of optimum perturbations.
J Theor Biol 2004, 230:521-532.

84. Engquist BEW: Multiscale modeling and computation. Notices
A M S 2003, 50:1062-1070.
Current Opinion in Genetics & Development 2010, 20:626–633


	Multiscale complexity in the mammalian circadian clock
	Introduction
	And then things got complicated &hellip;
	And it gets more complex &hellip;

	From protein modification to protein function
	From genes to genetic network
	From genetic networks to cellular systems
	From cells to tissues
	Minimal or detailed models?
	Development of new computational and analytical techniques
	Conclusion
	Conflict of interest
	Acknowledgements
	References and recommended reading


