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Abstract

Sleep patterns in infancy and early childhood vary greatly and change rapidly during devel-
opment. In adults, sleep patterns are regulated by interactions between neuronal popula-
tions in the brainstem and hypothalamus, driven by the circadian and sleep homeostatic
processes. However, the neurophysiological mechanisms underlying the sleep patterns and
their variations across infancy and early childhood are poorly understood. We investigated
whether a well-established mathematical model for sleep regulation in adults can model
infant sleep characteristics and explain the physiological basis for developmental changes.
By fitting longitudinal sleep data spanning 2 to 540 days after birth, we inferred parameter
trajectories across age. We found that the developmental changes in sleep patterns are
consistent with a faster accumulation and faster clearance of sleep homeostatic pressure in
infancy and a weaker circadian rhythm in early infancy. We also find greater sensitivity to
phase-delaying effects of light in infancy and early childhood. These findings reveal funda-
mental mechanisms that regulate sleep in infancy and early childhood. Given the critical role
of sleep in healthy neurodevelopment, this framework could be used to pinpoint pathophysi-
ological mechanisms and identify ways to improve sleep quality in early life.

Author summary

Sleep is crucial for healthy neurodevelopment in infants and young children. Sleep pat-
terns in these early years vary greatly between infants, and can also change rapidly with
age. While the underlying mechanisms of adult sleep are well explored, it is not well
understood how those mechanisms change during infancy and early childhood. We used
a well-established mathematical model of sleep regulation to explore how maturing sub-
cortical sleep circuitry could explain the changes in sleep patterns in the longitudinal
sleep/wake data of four infants. Our results identified changes in the circadian rhythm’s
influence on sleep, the dynamics of sleep pressure accumulation, and a delayed response
of the circadian rhythm to light being required to produce similar sleep patterns to those
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com/jiuguangw/Agenoria, commit be11a8e on 30/
12/2021, used for academic purposes under CC
BY-NC-SA 4.0), Infant 2 (Github repository https://
github.com/jitney86/Baby-data-viz, commit
092043f on 11/8/2017, used for academic
purposes under MIT license), Infant 3 (Infant #01
in Figure 1 of [24], doi: 10.1016/}.infbeh.2005.11.
001), and Infant 4 (Figure 3 of [25], doi: 10.1093/
sleep/22.3.303). Code availability MATLAB code for
the model is accessible on GitHub at https:/github.
com/brain-modelling-group/infant-sleep-trajectory.
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of the real-life infants. This modelling is a step towards a better understanding of infant
and young child sleep.

Introduction

Sleep is fundamental to health in all stages of life and critical for neurodevelopment in early
life. Across many species, sleep patterns change dramatically from early life to adulthood, likely
reflecting differential functions of sleep and changing brain morphology across the lifespan
[1,2]. Sleep in human infancy is characterized by very long sleep durations (>12 h) and the
division of sleep into multiple bouts per day. As an infant ages, sleep bouts begin to consoli-
date, total sleep time decreases [3], and more sleep occurs during the night [4]. Night-time
sleep consolidates during the first few years of childhood, with fewer awakenings, and day-
time sleep bouts (naps) ultimately cease for most (though not all) children by age 5 years [5].
This results in a single, consolidated block of night-time sleep, which persists through adoles-
cence into adulthood. Surprisingly, it is still unknown which biological mechanisms drive
these striking changes in sleep patterns.

The neural circuitry that regulates sleep/wake patterns has been well characterized in mam-
mals [6]. Neuronal populations in the brainstem and hypothalamus serve as an ‘ascending
arousal system’ that promotes wakefulness via neuromodulation of the corticothalamic system.
Mutual inhibition between these wake-promoting neurons and distinct populations of sleep-
promoting neurons gives rise to a ‘sleep/wake switch’, which drives the distinction between
sleep and wake states [6-8]. Within this sleep/wake switch framework, sleep/wake patterns are
generally assumed to be driven by a combination of the circadian process (originating from
the brain’s central clock, the suprachiasmatic nuclei; SCN) [8,9] and the sleep-homeostatic
process (driven by accumulation of sleep-promoting factors in the brain such as adenosine)
[8]. Both of these processes are known to directly act upon the sleep/wake switch [6]. Changes
in sleep patterns across early life could therefore be driven by changes to the circadian process,
the sleep homeostatic process, or the circuitry of the sleep/wake switch itself.

Mathematical models have long been used to understand the mechanisms underpinning
sleep patterns. Even before the physiology of the sleep/wake switch was elucidated, it was
known that circadian and sleep homeostatic processes regulate sleep patterns in human adults
[10], and that differences in dynamics of either the circadian or sleep homeostatic process
could cause changes in sleep duration and the number of sleep bouts per day [11]. More
recently, physiological models of the sleep/wake switch have been developed [12-14], provid-
ing a powerful framework for linking sleep phenotypes (both healthy and pathological) with
underlying physiological mechanisms. This approach has provided insight into the basis for
individual differences in sleep and circadian timing in both healthy and disease states [15-18],
narcolepsy [19], sleep fragmentation [20], and differences in sleep patterns between species
[21,22]. Furthermore, these models have provided insights into the physiological processes
that drive age-related changes in sleep patterns from adolescence to old age [16,23]. To date,
however, we know very little about the physiological mechanisms that cause the profound
changes to sleep patterns during neurodevelopment in infants and children.

Here, we used a physiologically based model of the sleep/wake switch to identify the mecha-
nisms by which sleep patterns change across development from infancy through childhood.
We posited that parameters of the homeostatic and circadian drives in particular—for example
as implicated in adolescent development age [23]—are able to explain the major changes in
sleep patterns across development. We hence fitted the model to longitudinal sleep data across

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012541

QOctober 21, 2024 2/19


https://doi.org/10.1371/journal.pcbi.1012541
https://github.com/jiuguangw/Agenoria
https://github.com/jitney86/Baby-data-viz
https://github.com/jitney86/Baby-data-viz
https://doi.org/10.1016/j.infbeh.2005.11.001
https://doi.org/10.1016/j.infbeh.2005.11.001
https://doi.org/10.1093/sleep/22.3.303
https://doi.org/10.1093/sleep/22.3.303
https://github.com/brain-modelling-group/infant-sleep-trajectory
https://github.com/brain-modelling-group/infant-sleep-trajectory

PLOS COMPUTATIONAL BIOLOGY Mapping the physiological changes in sleep regulation across infancy and young childhood

infancy to determine the trajectories of physiological parameters that underpin sleep
maturation.

Results
Sleep/Wake switch model

We used a previously validated model of the sleep/wake switch that includes the sleep homeo-
static process and a dynamic model of the circadian clock ([16]; see Methods for more details).
This is a mean-field model describing the ensemble activity of populations of neurons, and
produces sleep/wake behaviour through a mutual inhibition between sleep-promoting neu-
rons (the ventrolateral preoptic group; VLPO) and wake-promoting neurons (monoaminergic
group; MA) of the ascending arousal system. This switch is acted upon by the sleep homeo-
static process and the central circadian clock in the SCN, which is in turn affected by light.

Empirical sleep patterns

We examined longitudinal densely-sampled sleep activity data from four public domain data-
sets (Fig 1), each for a single infant:

1. Sleep diary data from 2 days to 548 days post birth (approx. 18 months);

2. Sleep diary data from 86 days to 535 days post birth (approx. age 3-18 months).
3. Actigraphy data from 7 days to 372 days post birth (approx. 12 months) [24].

4. Sleep diary data from 3 days to 182 days post birth (approx. 6 months) [25].

Details about the data sources and processing are in the Methods.

The common features of these data are: (1) erratic and not well entrained sleep patterns
immediately after birth, (2) eventual consistent sleep patterns containing daytime naps at simi-
lar times each day, and (3) changes in sleep patterns as the number of naps decreases and the
infant transitions into a new sleep pattern with different sleep timings.

The parameter space of sleep maturation

One of the primary defining characteristics of infant sleep is the increased amount of sleep
compared to adults (approximately 13-15 h per day during first few months of life), a charac-
teristic that typically decreases with development to around 13 h per day at the age of 2 years,
to 11-12 h throughout childhood, and 7-9 h in adolescence [26,27]. Moreover, immediately
after birth, sleep is broken into a large number of bouts [4], before consolidating to fewer
bouts of longer length. As an initial model exploration, we calculated total sleep duration
(TSD) and number of sleep bouts per 24 h day (BPD) as a function of four model parameters
via a systematic grid search. The four key parameters we chose to vary were based on previous
evidence that these parameters may underlie individual differences in sleep timing and struc-
ture [21,23,28,29]: y, the rate of increase of sleep homeostatic pressure, which when increased
will increase TSD and BPD; y, the characteristic clearance time for sleep homeostatic pressure,
which when decreased will increase BPD; v,,, the strength of the circadian drive (inhibition to
the VLPO), which when increased in magnitude (more negative) reduces BPD and advances/
delays sleep/wake patterns with respect to the daily light curve; and b, the phase-delay bias of
the circadian clock to light, which when increased delays sleep/wake patterns. A selection of
results from this grid search is presented in Fig A in SI Text. One plausible trajectory through
the space that captures the main features of sleep development consists of: an initial high p that
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Fig 1. Empirical sleep/wake data from four infants. a) Sleep diary data from the Agenoria GitHub repository. b) Sleep diary data from the
Baby-data-viz GitHub repository. c) Sleep patterns derived from actigraphy data from Jenni, Deboer and Achermann [24]. d) Sleep diary data
from McGraw, Hoffmann, Harker and Herman [25]. See Methods for further details.

https://doi.org/10.1371/journal.pchi.1012541.9001

decreases with age (but does not reach the adult value of ~4.2 nM s during childhood), a y
that starts low but rapidly increases, and increases in the magnitude of v, (more negative).
Skeldon, Derks and Dijk [23] has previously found that sleep patterns in late childhood (age
10+) corresponded with a higher y. Changes in v, have already been suggested in the literature
[30-32], and in particular McGraw, Hoffmann, Harker and Herman [25] and Jenni, Deboer
and Achermann [24] showed that the circadian influence on sleep tends to be close to zero in
the days soon after birth as the infant loses the mother’s circadian signal and their own circa-
dian system (already active in utero [33,34]) matures in response to the ex utero environment.

Trajectories through parameter space inferred from empirical data

We next sought trajectories in model parameters that reproduce the specific empirical sleep
patterns of Fig 1. Using the output from the previously mentioned grid search, we sought to
find parameter combinations that minimized the difference between modelled and empirical
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Fig 2. Fitted trajectory of sleep maturation. a) The sleep/wake patterns of Infant 1 summarised by the probability of being asleep per
30-minute window, averaged across 7 days with 6 day overlap (7 day sliding window). b) The sleep/wake patterns for each best-fitting
parameter combination for each set of sleep probabilities in a). ¢) The trajectories of best-fitting parameter combinations, superimposed
with a Loess smoothed line (thick lines) with smoothing parameter o/ ess = 0.2.

https://doi.org/10.1371/journal.pcbi.1012541.9g002

probabilities of being asleep per 30-minute interval across a day, for sleep/wake patterns aver-
aged across 7-day windows (see Methods).

We first present results for the infant with the longest recording (541 days, Infant 1, Figs 1A
and 2A). Fitting each daily sleep pattern independently showed that the model is able to cap-
ture the main features of the data (Fig 2B). Namely, the initial phase up to day ~ 100 where
daily rhythms are emerging and sleep is highly fragmented, the onset of entrainment at a fixed
phase at day ~ 120 where the consistent sleep pattern of two daily naps emerges, and persis-
tence of this regime up to around day 280 where the sleep pattern evolves from two naps to a
single nap each day. While the single nap sleep pattern is consistent throughout the second
half of model fit data, the timings of waking and falling asleep do not completely align with the
data. At the start of the trajectory (up to day ~ 100) there is large variability in y and v,,, with
these parameters exhibiting compensatory effects (decreases in y coincide with decreases in v,
and vice versa). In the first 100 days, the sleep patterns in the infant’s data differ markedly
from day to day, leading to the averaged sleep probability being relatively uniform across the
day (Fig 2A).

The trajectories of each parameter in the best-fitting combinations (Fig 2C), although
noisy, exhibit clear trends. For example, y (the rise in homeostatic pressure from wake) is high
in the early months of Infant 1, reaching a maximum of 13.8 nM s™" for the windows centred
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on days 17 to 21, before settling around u = § nM s~ for the rest of the trajectory (mean (SD)
after timepoint centred on day 120 of y = 7.97 (0.388)). The circadian strength parameter v,
starts close at zero (aligning with prior observation that there is negligible circadian influence
on sleep/wake cycling at birth [24, 25]), before increasing in strength to between -2.25 to -4.5
mV after day 100. The homeostatic clearance time, y, starts small at around 5-10 h for some
time (smoothed y estimate below 10 h until timepoint centred on day 30), then increasing
over time to eventually becoming relatively constant at between 30 and 35 h from day 130 to
day 265, then increases again to 45 h from day 280 onwards. The parameter b is high (6>0.95,
versus adult b = 0.4) and shows a slight decrease over time. While there are clear trends, there
also exists evidence of non-monotonicity in how the parameters change with development.

The variability in TSD in Infant 1 is reflected in the variations in y (Fig 2C). The sleep pat-
terns in the early days of Infant 1 reflect the lack of discernible rhythm that is typical of new-
borns, which is also evident in the large variability in the parameters related to sleep timing
(> Vv b) in the early days (Fig 2C). Although the model captures the highly polyphasic nature
of the sleep patterns and weak entrainment to clock time, this variability reflects the low iden-
tifiability of the parameters given the uncertainty in the empirical sleep probabilities. Many dif-
ferent parameter combinations can produce patterns that produce similar probabilities when
averaged across a number of days. For example, for the earliest days in the infant’s data (week
centred on day 5 in Fig B in S1 Text) there is considerable density at the lowest end of the cost
distribution across the grid, indicating that there are many parameter combinations that pro-
duce behaviours that have comparable similarity to the sleep patterns at the start of the data.
Later in the data when there is a clearer sleep pattern, the lowest cost exists at the end of a thin
tail, indicating increased identifiability of the model parameters with age.

Trends of best-fitting parameter combinations for all infants

We repeated the fitting for the other infants. The trajectories of best-fitting parameter combi-
nations for each infant are shown in Fig 3 (smoothed trajectories overlaid as an illustrative
aid). We anticipated differences between the individual trajectories, as the sleep patterns were
noticeably different between infants (Fig 1), for example with Infant 1 changing to a sleep pat-
tern of 1 nap per day before 300 days of age and Infant 2 not changing to 1 nap per day until
after 500 days of age. Nevertheless, there were many commonalities.

For Infants 1 and 3, we found an early rapid decrease in y, while Infant 2 starts much later
(3 months) so appears to have missed that initial decrease. Infant 4 has a slower decrease in y,
possibly due to the lack of parental intervention in sleep patterns [25] as the parents of Infant 4
explicitly did not influence the sleep patterns of the infant. Hence the slower decrease in g in
Infant 4 may be a more natural decrease, compared to the faster decreases with the other
infants possibly being influenced by parental sleep schedule decisions. All four infants appear
to have individual-specific best fit values of the parameters, with the differences in y reflecting
the individual differences in TSD.

Consistent among the datasets was the value of the parameter b, which predominantly con-
trols the phase response of the circadian drive to the solar curve. After the initial newborn
days, the best-fitting parameter combinations in each of the datasets tend to have values of
b>0.9, higher than the typical adult value of 0.4 [16, 29], indicating a phase-delayed response
to the solar curve compared to adults. The Infant 1 trajectory yields b values consistently 0.9-
0.95 around the time consistent sleep bouts emerge, similar to Infant 2 which reaches b = 0.95
at around day 300 when a consistent 2 nap sleep pattern emerges.

One consistent feature of the parameter trajectories is a positive relationship between y and
vy. While it was expected that v, would become more negative (increase in strength [24, 25])
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Fig 3. The trajectories of best-fitting parameter combination for each infant. For each parameter and infant, the

best-fitting parameter value at each day (thin lines) is plotted with a Loess smoothed line (thick lines) with smoothing
parameter o .5 = 0.2. The day is the middle day of the sliding 7-day window.

https://doi.org/10.1371/journal.pcbi.1012541.9003
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with age, and y would increase in age (to go from many bouts of sleep per day to consolidation
[21]), the compensatory effects of these two parameters obscures the main trend in both param-
eters. In Datasets 1, 2 and 3, there is a rapid increase in y before becoming mostly steady across
time and only increasing when the number of bouts per day changes in the sleep patterns
(around day 280 in Infant 1, and day 500 in Infant 2). Infants 1 and 4 both have rapid decreases
in v, during the youngest days, while Infants 2 and 3 start with strong v, (large negative) before
weakening, largely corresponding to changes in y. Infant 2 doesn’t begin until 3 months of age,
so it is possible that a rapid increase in the strength of v, would have occurred before then.

The strong v, values at the beginning of some of the trajectories (i.e., Infants 2 and 3) could
reflect parental intervention in the timing of sleep bouts throughout the day, rather than signal
from the SCN. Infant 4 (where the parents aimed to not explicitly influence the sleep patterns
of the infant), began with a small v, as the best fit before increasing in strength. Infant 4 also
had a larger y than Infant 1 and 3 in the first 100 days (though still less than the default adult
value of 45 h ~ In 3.8). A y value of ~45 h does not occur in the trajectories of best-fit parame-
ter combinations until after day ~280 in Infant 1. This suggests that even with a range of pos-
sible v, values, a lower y is still needed during infancy and early childhood, at least until the
sleep pattern is highly consolidated. It is possible that without parent intervention, Infants 1, 2
and 3 would have displayed sleep patterns that would have fit to smaller |v, | and higher
(though not as high as typical adult) y.

Relative contributions of parameters at different ages

Finally, we asked whether reduced parameter spaces permit more parsimonious fits to the
data, and whether different parameter combinations are more/less informative at different
ages. We systematically fitted the model to Infant 1, allowing only constrained subsets of two
or three parameters to vary, and assessed goodness of fit in terms of their cost (see Methods,
Eq 14) relative to fitting all four parameters (Fig 4). For the four-parameter fit (black line in
Fig 4A), the cost function value over time starts low, increases to a relatively stable value until a
decrease just after day 300 where the one-nap regime is well fitted (Fig 2A and 2B), before
increasing through to the end of the dataset where the model fails to capture the progressively
later evening sleep onset (Fig 2A and 2B). Systematically fixing one parameter (cool colours in
Fig 4A) or two parameters (warm colours in Fig 4A) naturally increases the fit cost, but some
parameter combinations fit better than others. We found that allowing y to vary from its adult
value was essential, as fixing y to an adult value (4 = 4.5 nM s) drastically increased the cost
function value at all ages (dashed line in Fig 4A). For the remaining subsets with fixed y, we
used ¢ = 8.1 nM s (grid value of y that was the best fit for most of the time when Infants 1 and
2 had consolidated, consistent sleep patterns, cf. Fig 3). We also found that fixing y to an adult
value (y = 45 h) tends to increase the fit costs, with those subsets tending to fit worse than
those fixing v, and b (v, = —3mV as most of best fit v, values were between -2 and -4 mV so
we selected the middle of that range, and b = 1 given most of the infants best parameter fit
involved b = 1).

The different parameter subsets performed differently at different ages (Fig 4B and 4C). In
the first 200 days of the dataset, fixing one parameter tended to not increase the cost signifi-
cantly (increases of 8-37%) as compared to ages 12-18 months (last 200 days of Infant 1,
increases of 38-91%). Fixing y resulted in the highest increase in total cost, while fixing y at a
value consistent with infant and child sleep (8.1 nM s) gave the best overall three-parameter fit,
albeit at some cost relative to the four-parameter fit indicating that y is still informative over
these ages. The increase in cost from fixing v, to an adult value decreased with age, and the
increase in cost from fixing b to an infant value of 1.0 increased with age, supporting the
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https://doi.org/10.1371/journal.pcbi.1012541.9004

notion that the circadian rhythm matures over infancy. At young ages, the best two-parameter
fits perform similarly to three- and four-parameter fits (Fig 4A and 4B) and the distribution of
costs has a higher density towards the minimum (Fig B in S1 Text). The three lowest cost two-
parameter fits each fix the parameter b, suggesting b = 1 could be a parsimonious solution for

the first three months of age, and the two highest cost two-parameter fits both fix y, indicating
the importance of varying y in early infancy (Fig 4B).

Discussion

Computational modelling of sleep has focused on adult sleep, leaving the rapid and profound
development of sleep patterns across infancy and early childhood largely unexplained. Here,
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we used a computational model to infer the physiological changes that drive normal sleep mat-
uration. The model reproduced the observed changes in the probability of being asleep in
30-minute time bins throughout the day in the first 2 years of life, reflecting the characteristic
maturation of sleep duration, sleep fragmentation, and sleep timing. We found that the under-
lying biological processes appear to mature at different rates, with the strength of circadian
rhythms increasing rapidly after birth, sleep homeostatic accumulation and the circadian sys-
tem’s response to light maturing slowly, with these processes likely continuing into childhood
or adolescence, and sleep homeostatic clearance rapidly slowing over infancy.

Our findings reveal an important role for four key parameters in the maturation of sleep/
wake patterns. Two of these parameters reflect changes in the sleep homeostatic process, one
represents the strength of the circadian drive, and one represents the relative sensitivity of the
circadian clock to phase-delaying light. While there were similar trends between the four
infants we examined, there were also notable differences in when and how the trajectories
evolved. This is consistent with the large heterogeneity in infant sleep behaviour [3, 5]. In
adults, it is well established that there are large inter-individual differences in sleep and circa-
dian physiology [35-38]. While inter-individual differences in sleep and circadian physiology
are not yet well understood in infants, our work provides a novel method for potentially infer-
ring these differences. This approach could be used to understand the reasons for pathological
sleep conditions and to propose solutions tailored to an individual’s physiology.

In previous work, this computational model has been used to simulate sleep/wake patterns
in older age groups, from adolescents through to older adults [23]. However, this is the first
time the model has been applied to simulating sleep/wake patterns in infants. Compared with
previous fitting of the same model to adults, our results reveal systematic differences in
inferred physiological parameters, which in most cases align with theories of circadian and
sleep homeostatic development. Specifically, we found shorter timescales for sleep homeostatic
clearance and accumulation. These findings are consistent with previously proposed theories
[27] and consistent with previous modelling work showing that such homeostatic differences
drive more rapid sleep/wake cycling in children [39], and in species that sleep polyphasically,
similar to human infants [21,22]. This result also aligns with that of Jenni, Achermann and
Carskadon [40] and Skeldon, Derks and Dijk [23], whereby the rate of accumulation of sleep
pressure during wakefulness (u) continues to decrease throughout adolescence from the higher
childhood values to the lower adult value. We also found circadian amplitude was generally
weaker in the first ~100 days of life compared to adults, consistent with the observation that it
takes time for robust diurnal rhythms to emerge after birth [24,25] and evidence from animal
studies that the circadian system is still undergoing development after birth [32]. Finally, we
inferred an increased sensitivity to phase-delaying light in infants compared to adults, consis-
tent with a recent study showing quite large phase delays in children in response to evening
light stimuli [41].

An interesting observation from our findings was that the enhanced sensitivity to phase-
delaying light remained robustly the case across the full age range that we explored. We
inferred b~1 in each of the four infants’ data versus b~20.4 in adults. This suggests that matura-
tion of the circadian phase response to light may occur over a longer time period. This seem-
ingly aligns with findings showing enhanced sensitivity of the circadian system to light in
young children based on melatonin suppression to evening light [42], and greater light sensi-
tivity in early-to-mid adolescence compared to late adolescence [43]. Collectively, these find-
ings suggest that there are likely pubertal changes in how the human circadian system
responds to light.

Newborn and early infant sleep is characterized by high BPD, with many night awakenings
and bouts of sleep throughout the day. Both fast homeostatic clearance (low y) and weak
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circadian drive (low |v,.|) can produce polyphasic sleep (BPD > 1), though to produce

BPD > 4 alower y is required. While it is expected that the circadian drive to sleep would start
at close to 0 before strengthening [24,25], our modelling suggests that both y and v, have dif-
ferent values in infancy versus adulthood, and thus developmental changes in both parameters
would occur during infancy. Given the complementary relationship between the two parame-
ters (Fig A, panel c in S1 Text), where changes in one can be offset by changes in the other to
have consistent BPD, it is difficult to pinpoint exactly how each parameter would change with-
out a further constraint. Such a constraint could be informed by animal studies into the devel-
opment of the sleep homeostatic process in infancy (e.g. sleep deprivation studies), or
modelling circadian markers such as cortisol or core body temperature.

There are some important limitations to this work. First, we made several simplifying
assumptions in this model, which could be investigated as ways to refine model performance
in future work. For instance, the relatively simple assumptions regarding the environmental
light exposure patterns and the model’s freedom to sleep and wake freely. We have not mod-
elled other factors that could affect sleep. For example, in infants the timing of each sleep bout
can be influenced by feeding needs, the external environment (e.g. loud noises), and an inabil-
ity to self soothe after brief awakenings. Moreover, interventions by parents/carers can change
an infant’s sleep schedule, for example by encouraging naps at certain times, attempting to
consolidate naps, or promoting sleep onset at night. While we expect development is a contin-
uous process, there exists in the model parameter space between the 2-nap and 1-nap sleep
behaviour, combinations of parameters that produce behaviour which alternates between
1-nap and 2-naps. Parents may intervene at this point to impose a 1-nap solution. These exter-
nal forces may result in changes in parameters that do not actually reflect changes in the
underlying physiological processes, thus reducing the model’s accuracy and affecting the inter-
pretation. Notably, this model can be used to simulate constraints on sleep timing [16,17,44],
meaning that such behaviours could theoretically be incorporated to more accurately model
individual circumstances. Future work could also incorporate effects of other environmental
stimuli, such as noise [20] or sleep-encouraging behaviours from parents, to more accurately
describe the inputs to the sleep model. While we have attempted to ameliorate stochastic
effects by fitting to sleep patterns averaged over a week, influences that are consistent from day
to day would affect our parameter estimates. Hence some sudden jumps in inferred parameter
values may reflect the model attempting to compensate for external influences. The observed
non-monotonicity in the trends may also be a result of these external forces. Other causes may
be identifiability issues, as well as the interdependence between parameters leading to any
non-monotonicity in one parameter being reflected in other parameters. Nevertheless, we
expect that the longer and slower changes do reflect the main features of sleep maturation. We
anticipate that incorporating noise in the model would lead to greater day-to-day variability in
the sleep/wake patterns, and potentially a greater number of sleep bouts. This may change
some of the parameter estimates.

Second, while we found differences in the parameter trajectories between the infants, the
limited sample size makes it difficult to draw conclusions about the heterogeneity in sleep pat-
terns in infancy, as well as the differences in recording methods (sleep diary vs actigraphy)
which can bias estimates in TSD and sleep onset time [45] with the particular complications of
using actigraphy in infancy well documented [46] including underestimating day time sleep
and dependence on classification algorithm. Heterogeneity in recording methods likely
reduces the identifiability of parameters at the cohort level; future work would benefit from
large datasets with fixed recording protocols. Moreover, while Infant 4 [25] is an example of
parents having as little input as possible to the sleep times, sleep timings from the other infants
are influenced in some way by parent/carer decisions unique to each family. Third, while we
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have selected physiological parameters in the model that are well motivated by theory and by
empirical evidence, we cannot exclude the role of other physiological mechanisms in also con-
tributing to developmental changes in sleep/wake patterns.

While previous sleep/wake modelling has covered the period from early adolescence to old
age, the work presented here extends our understanding of sleep/wake regulation into infancy.
We present proof-of-principle for individualized estimation of parameters governing the
development of human infant sleep patterns. It should now be possible to map the full lifespan
trajectory in sleep maturation as detailed data become available, which is increasingly feasible
with the rise of sleep diary apps and wearables. Beyond understanding natural development,
our modelling framework could also be used to understand the underpinnings of sleep disor-
ders in children, for example by inferring the model parameters for specific disorders, e.g.
sleep disordered breathing [47]. This could lead to an improved understanding of the underly-
ing neurobiology of such disorders, as well as revealing model informed ways to address these
issues. The model could also be used to develop optimised sleep schedules for children, where
improvements in sleep could lead to improvements in neurodevelopment and cognition, simi-
lar to work that has been done for adolescence [16,48]. We thus anticipate that sleep modelling
will be a valuable tool in paediatric sleep research.

Methods
Sleep/wake switch model

The mutual inhibition between the MA and VLPO neuron populations (red and blue respec-
tively in Fig 5) is governed by Eqs 1 and 2 [19], respectively,

dv
Zm—_y A 1
Tm dt m + vvav + ) ( )

dv,
L/ D 2
‘Cv dt v + vaQm + ) ( )

where
Qmax .

Qj ] = m,v. 3)

The mean firing rate and mean cell body potential of the neuron populations j = m,v are Q;
and Vj, respectively, and A is excitatory input from the orexinergic and cholinergic neurons
[19,49]. The v, terms represent the strength of the input/connection from the neuron popula-
tion/drive b into neuron population a. For example, v,,, is the strength of the VLPO input into
the MA group.

The sleep drive to the VLPO is the term D in Eq 4, which is the weighted sum of the sleep
homeostatic process (H), circadian process (C), and constant background input to the VLPO
(Do) which represents the sum of all other inhibitions and excitations to the VLPO [20]:

D=v,H+v, C+D,. (4)
The sleep homeostatic process H, the process by which sleep-inducing chemicals such as

adenosine build up in the brain (particularly the basal forebrain) during wakefulness and clear
during sleep, obeys

H
1= =—H

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012541 October 21, 2024 12/19


https://doi.org/10.1371/journal.pcbi.1012541

PLOS COMPUTATIONAL BIOLOGY Mapping the physiological changes in sleep regulation across infancy and young childhood

VLPO

Sleep Promoting

Circadian
< Drive
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(Sleep Pressure)
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Orexin and ACh
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Fig 5. Schematic of the sleep model. The sleep/wake states are produced by mutual inhibition between the sleep-
promoting VLPO (blue) and wake-promoting MA neuronal populations (red). The MA receives excitatory input from
orexin neurons and cholinergic (Ach) neurons. The sleep drive is a combination of a homeostatic sleep drive (purple)
and a light-entrained circadian drive (green). The circadian drive is entrained by the daily light cycle (yellow), and
gated by the arousal state (no influence from light when asleep). Arrows denote excitatory connections, flat line ends
denote inhibitory connections.

https://doi.org/10.1371/journal.pcbi.1012541.g005

where y is the characteristic clearance time of the somnogens, and p is the rate of increase in
the level of somnogens, assumed to be proportional to the activity of the wake-promoting
group MA, due to the correspondence between MA activity and arousal state [19].

The circadian process C is defined by

C(t) == (1 4 0.80y — 0.47x), (6)

N =

where x and y are the variables of a forced, modified van der Pol oscillator [28] defined by
dx 4x® 24\’
KE—))<X—?> —y((erc) —l—kB), (7)

dy
KE—X—FB, (8)

%:A<a0<£)P(l—n)—ﬁn>, 0

where 1 is the fraction of activated photoreceptors and B is the drive from the photoreceptive
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Table 1. Parameter values used in modelling.

Sleep/wake regulation

Parameter Value Parameter
Qunax 100s™ Vb

0 10 mV Vye

o 3mV D,

A 1.3 mV

Vom -2.1mVs u

Viny -1.8mVs

Timyj 10s

*no fixed value as it is part of the grid of values

https://doi.org/10.1371/journal.pcbi.1012541.t001

Circadian Light
Value Parameter Value Parameter Value Parameter Value
1.0 mvaM™! a 0.16 K 12/mh c 1/6000
*mV Iy 9500 lux ¥ 0.23 I, 20 lux
-10.2 mV p 0.6 f 0.99669 Iy 10000 lux
*h b * T, 242 h s1 8h
*nMs G 19.9 k 0.55 Sy 17h

A 60

B 0.013

pathway to the circadian pacemaker [50],

B= G(1 = n)(1 = bx)(1 — by)a, <I£> , (10)

1l o0 V<V

and where L(t) defines the light level, with
(I, = 1)
L(t) =1+ Tetanh(c(t —5;)) — tanh(s(t — s,)). (12)

This light function describes a combination of brighter exposure to light levels during the
day (due to a combination of indoor and outdoor light sources), and exposure to indoor artifi-
cial light during other hours of wakefulness. The minimum light level in the evening is given
by I, and maximum light level during the day is given by I;. The term ¢ defines the steepness of
the solar curve, with the change from I, to I; occurring around the time s; (dawn), and the
change from J; to I, occurring around the time s, (dusk). Values for s;, and s, were taken from
Skeldon, Phillips and Dijk [16]. We used 20 lux for I, and 1000 lux for /; to more closely match
the light infants and young children would experience while awake [51].

Wake is defined as when V,,,>V,. Parameter values are given in Table 1.

Implementation

We implemented the model in MaTLAB R2021a using the ode23s solver. The model was solved
for all combinations of parameter values as listed in Table 2, for an initial time of 4 weeks to
remove transients caused by initial values, then using the last value of the initial run as the
starting values, solved for a time period of 35 days to produce a sleep/wake state time series.
We calculated sleep characteristic summary measures on the last 14 days of the generated time
series. To create the windows of sleep probability (e.g. Fig 2B), we interpolated the time series
to have uniform time points, and the probability of being asleep in each half an hour time win-
dow was calculated on the last seven days of the time series.

Sleep characteristic summary measures

There is considerable variability in how studies characterize sleep at different ages. Here we
focus on two measures that are applicable across the age range explored: the total sleep
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Table 2. Parameter ranges defining the grid search parameter space.

Parameter | Description

X

https://doi.org/10.1371/journal.pcbi.1012541.t1002

pressure dissipating faster.

Adult value | Grid Search Range

Characteristic clearance time for sleep homeostatic pressure. Lower value results in sleep 45h (In(45) | 15hto 45 hin steps of 1 h, and for
=3.8) In x, 1.5 to 3.8 in steps of 0.1

(In y€[1.5,3.8],y<[4.5 h,45 h])
Accumulation rate for sleep homeostatic pressure during wake. Higher number means faster | 4.2nM s 2.1 nM s to 15.9 nM s in steps of 0.3 nM s
Strength of circadian drive. More negative values mean a stronger circadian drive. -3.37mV -7mV to 0 mV in steps of 0.5 mV

with additional steps from -3.5 mV to -1.0

mV in steps of 0.25 mV
Parameter determining shape of the circadian clock’s phase-response curve to light. Higher | 0.4 0.4 to 0.7 in steps of 0.1, 0.8 to 1.0 in steps
values bias the phase-response curve toward phase delay. 0f 0.05

duration (TSD) per 24 h (midnight to midnight), and the number of bouts of sleep per 24 h
(BPD, in particular in the model, the number of state transitions per 24 h divided by 2).

Parameter grid search

We performed simulations varying four parameters that could plausibly vary with age and
which have been previously shown to affect sleep patterns in a way that could account for
developmental changes. The specific parameters used and their ranges are presented in

Table 2. The circadian coefficient v, is negative, as the circadian rhythm acts to inhibit sleep
in the model. Because of the nonlinear relationship between y and the number of sleep bouts
per 24 hours, we initially varied y on a logarithmic scale. A further set of y and v, values were
added to improve fitting given the effect of y on sleep timing [28]. We set physiological bounds
on each parameter based on previous parameter range estimates and biological constraints
[29,49]. The ranges of y and y were chosen to be able to produce the infant sleep characteristics
of large total sleep durations (high y) and many bouts of sleep (low ). We updated the feasible
constraints of ¢ to allow infant sleep, as per Phillips and Robinson [49], using an upper bound
of infant sleep and wake times of 18 and 6 hours [3], the explored range of y was increased to
159 nMs.

Extracting and converting the empirical data

Infant 1:

Sleep diary data taken from the Agenoria package (https://github.com/jiuguangw/
Agenoria) collected from a male infant by Jiuguang Wang (www.robo.guru), used for aca-
demic purposes under CC BY-NC-SA 4.0. Data was recorded as sleep onset and offset time.
We used only complete days of data.

Infant 2:

Sleep diary data taken from the Baby-data-viz package (jitney86 https://github.com/
jitney86/Baby-data-viz), used for academic purposes under MIT license. Data was recorded as
whether the infant was awake, awake and feeding, or asleep, in 15 minute intervals. We used
only complete days of data. No information on biological sex given.

Infant 3:

Actigraphy data from a female infant, converted to rest/activity using a cut-off of 5 activity
counts per minute as per Jenni, Deboer and Achermann [24]. Periods of one hour or more
with zero activity were considered missing data and removed.

Infant 4:

Sleep diary data taken from a scan of the published image from McGraw, Hoffmann, Har-
ker and Herman [25]. Data from a male infant was originally manually recorded, and was
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published with feed times, sunsets, sunrises and other information overlaid. The image was
scanned in black and white, imported to Matlab as numeric array via the imread function (scale
from 0 to 255 where black is 0 and white is 255), and a cut-off used to distinguish between wake
and sleep (cut-off of 200). Horizontal lines of pixels were manually chosen for extraction to rep-
resent each day. Extra information (sunrise, sunsets etc.) was removed manually.

It should be noted that the data collection method for each subject is different, which is a
clear limitation to this work.

Fitting to empirical data

To facilitate fitting, for both the data and the model simulations we calculated the probability of
being asleep by clock time, using half-hour clock time bins, computed using 7-day sliding win-
dows for averaging (long enough to aggregate data, and shorter than the timescale on which
most developmental changes occur) with 6-day overlap (sliding step of 1 day). We assessed sim-
ilarity between the model and the data using a cost function based on sum of squares:

COSt = Z (prObduta - prObgrid)27 (13)

30 minute windows

With Total Cost normalised to a time period of n days given by,

1
Total Cost = — Z Cost, (14)

n n days

The parameter combination that minimized the cost function was identified for each slid-
ing window week in the sleep datasets.

Since the sleep/wake patterns in each of the empirical datasets were not fully consolidated
(all included daytime napping), we used only parameter combinations that produced times
series with an average bouts per day of 1.5 or more. This allowed the trajectory algorithm to
only consider non-consolidated sleep/wake patterns, while not biasing the fitting toward time
series with a pre-specified number of bouts. We also limited the search space for the best-fit-
ting parameter combinations to those with a pacemaker period close to 24 hours (between
23.995 h and 24.005 h). Ties in optimal cost function value between parameter combinations
(which could often occur when v, = 0 resulting in b having no effect on sleep patterns) were
decided based on the closest pacemaker period to 24 h. The period (7,s) of the circadian pace-
maker (the modified forced van der Pol oscillator, Eqs 7 and 8) was calculated by from the
oscillator’s rate of phase accumulation:

Y = arctan(y, x), (15)

T, = 2 (16)
o (lpend - lpsmrt)/(trznd - tsmrt) '

Supporting information

S1 Text. Supplementary 1 -Selection of results from grid sweep. Supplementary 2 —Distri-
bution of cost function value for Infant 1. Supplementary 3 -Comparison of optimal parame-
ter combinations with and without period constraint. Supplementary 4 ~-Summary of fitted
parameters for specific sleep pattern periods.

(PDF)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012541 October 21, 2024 16/19


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012541.s001
https://doi.org/10.1371/journal.pcbi.1012541

PLOS COMPUTATIONAL BIOLOGY Mapping the physiological changes in sleep regulation across infancy and young childhood

Acknowledgments
We thank Oskar Jenni and Kate McGraw for assistance with Infants 3 and 4.

Author Contributions

Conceptualization: James A. Roberts.

Data curation: Lachlan Webb.

Formal analysis: Lachlan Webb.

Methodology: Lachlan Webb, Andrew J. K. Phillips, James A. Roberts.

Project administration: Lachlan Webb.

Supervision: James A. Roberts.

Visualization: Lachlan Webb.

Writing - original draft: Lachlan Webb.

Writing - review & editing: Lachlan Webb, Andrew J. K. Phillips, James A. Roberts.

References

1. Lokhandwala S & Spencer RMC. Relations between sleep patterns early in life and brain development:
A review. Developmental Cognitive Neuroscience. 2022; 56:101130. https://doi.org/10.1016/j.dcn.
2022.101130 PMID: 35779333

2. Kurdziel LBF. The Memory Function of Sleep Across the Life Span. Sleep, Memory and Synaptic Plas-
ticity, eds Jha SK & Jha VM (Springer Singapore, Singapore), pp 1-39, 2019.

3. Iglowstein|, Jenni OG, Molinari L, & Largo RH. Sleep Duration From Infancy to Adolescence: Reference
Values and Generational Trends. Pediatrics. 2003; 111:302. https://doi.org/10.1542/peds.111.2.302
PMID: 12563055

4. Bathory E & Tomopoulos S. Sleep Regulation, Physiology and Development, Sleep Duration and Pat-
terns, and Sleep Hygiene in Infants, Toddlers, and Preschool-Age Children. Current Problems in Pedi-
atric and Adolescent Health Care. 2017; 47:29-42. https://doi.org/10.1016/j.cppeds.2016.12.001
PMID: 28117135

5. Staton S, Rankin PS, Harding M, Smith SS, Westwood E, LeBourgeois MK, & Thorpe KJ. Many naps,
one nap, none: A systematic review and meta-analysis of napping patterns in children 0—12 years.
Sleep Medicine Reviews. 2020; 50:101247. https://doi.org/10.1016/j.smrv.2019.101247 PMID:
31862445

6. Saper CB, Fuller PM, Pedersen NP, Lu J, & Scammell TE. Sleep state switching. Neuron. 2010;
68:1023-1042. https://doi.org/10.1016/j.neuron.2010.11.032 PMID: 21172606

7. Blumberg M, Gall A, & Todd W. The Development of Sleep-Wake Rhythms and the Search for Elemen-
tal Circuits in the Infant Brain. Behavioral neuroscience. 2014;128. https://doi.org/10.1037/a0035891
PMID: 24708298

8. SaperCB, Cano G, & Scammell TE. Homeostatic, circadian, and emotional regulation of sleep. Journal
of Comparative Neurology. 2005; 493:92—98. https://doi.org/10.1002/cne.20770 PMID: 16254994

9. Forger DB & Peskin CS. A detailed predictive model of the mammalian circadian clock. Proceedings of
the National Academy of Sciences. 2003; 100:14806. https://doi.org/10.1073/pnas.2036281100 PMID:
14657377

10. Borbély AA. A two process model of sleep regulation. Hum Neurobiol. 1982; 1:195-204. PMID:
7185792

11. Daan S, Beersma DG, & Borbély AA. Timing of human sleep: recovery process gated by a circadian
pacemaker. Am J Physiol. 1984; 246:R161-183. https://doi.org/10.1152/ajpregu.1984.246.2.R161
PMID: 6696142

12. Booth V & Diniz Behn CG. Physiologically-based modeling of sleep-wake regulatory networks. Math
Biosci. 2014; 250:54—68. https://doi.org/10.1016/j.mbs.2014.01.012 PMID: 24530893

13. Postnova S. Sleep Modelling across Physiological Levels. Clocks & Sleep. 2019; 1:166—184. https://
doi.org/10.3390/clockssleep1010015 PMID: 33089162

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012541 October 21, 2024 17/19


https://doi.org/10.1016/j.dcn.2022.101130
https://doi.org/10.1016/j.dcn.2022.101130
http://www.ncbi.nlm.nih.gov/pubmed/35779333
https://doi.org/10.1542/peds.111.2.302
http://www.ncbi.nlm.nih.gov/pubmed/12563055
https://doi.org/10.1016/j.cppeds.2016.12.001
http://www.ncbi.nlm.nih.gov/pubmed/28117135
https://doi.org/10.1016/j.smrv.2019.101247
http://www.ncbi.nlm.nih.gov/pubmed/31862445
https://doi.org/10.1016/j.neuron.2010.11.032
http://www.ncbi.nlm.nih.gov/pubmed/21172606
https://doi.org/10.1037/a0035891
http://www.ncbi.nlm.nih.gov/pubmed/24708298
https://doi.org/10.1002/cne.20770
http://www.ncbi.nlm.nih.gov/pubmed/16254994
https://doi.org/10.1073/pnas.2036281100
http://www.ncbi.nlm.nih.gov/pubmed/14657377
http://www.ncbi.nlm.nih.gov/pubmed/7185792
https://doi.org/10.1152/ajpregu.1984.246.2.R161
http://www.ncbi.nlm.nih.gov/pubmed/6696142
https://doi.org/10.1016/j.mbs.2014.01.012
http://www.ncbi.nlm.nih.gov/pubmed/24530893
https://doi.org/10.3390/clockssleep1010015
https://doi.org/10.3390/clockssleep1010015
http://www.ncbi.nlm.nih.gov/pubmed/33089162
https://doi.org/10.1371/journal.pcbi.1012541

PLOS COMPUTATIONAL BIOLOGY Mapping the physiological changes in sleep regulation across infancy and young childhood

14. Robinson PA, Phillips AJK, Fulcher BD, Puckeridge M, & Roberts JA. Quantitative modelling of sleep
dynamics. Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering
Sciences. 2011; 369:3840-3854. https://doi.org/10.1098/rsta.2011.0120 PMID: 21893531

15.  Fulcher BD, Phillips AJK, & Robinson PA. Quantitative physiologically based modeling of subjective
fatigue during sleep deprivation. Journal of Theoretical Biology. 2010; 264:407—419. https://doi.org/10.
1016/}.jtbi.2010.02.028 PMID: 20176034

16. Skeldon AC, Phillips AJK, & Dijk D- J. The effects of self-selected light-dark cycles and social con-
straints on human sleep and circadian timing: a modeling approach. Sci Rep. 2017; 7:45158. https://doi.
org/10.1038/srep45158 PMID: 28345624

17. Swaminathan K, Klerman EB, & Phillips AJK. Are Individual Differences in Sleep and Circadian Timing
Amplified by Use of Atrtificial Light Sources? J Biol Rhythms. 2017; 32:165-176. https://doi.org/10.1177/
0748730417699310 PMID: 28367676

18. Skeldon AC, Dijk D- J, Meyer N, & Wulff K. Extracting Circadian and Sleep Parameters from Longitudi-
nal Data in Schizophrenia for the Design of Pragmatic Light Interventions. Schizophrenia Bulletin. 2021;
48:447-456.

19. Phillips AJK & Robinson PA. A Quantitative Model of Sleep-Wake Dynamics Based on the Physiology
of the Brainstem Ascending Arousal System. Journal of Biological Rhythms. 2007; 22:167—179. https://
doi.org/10.1177/0748730406297512 PMID: 17440218

20. Fulcher BD, Phillips AJK, & Robinson PA. Modeling the impact of impulsive stimuli on sleep-wake
dynamics. Physical Review E. 2008; 78:051920. https://doi.org/10.1103/PhysRevE.78.051920 PMID:
19113168

21.  Phillips AJ, Robinson PA, Kedziora DJ, & Abeysuriya RG. Mammalian sleep dynamics: how diverse
features arise from a common physiological framework. PLoS Comput Biol. 2010; 6:e1000826. https://
doi.org/10.1371/journal.pcbi.1000826 PMID: 20585613

22. Phillips AJK, Fulcher BD, Robinson PA, & Klerman EB. Mammalian Rest/Activity Patterns Explained by
Physiologically Based Modeling. PLOS Computational Biology. 2013; 9:e1003213. https://doi.org/10.
1371/journal.pcbi.1003213 PMID: 24039566

23. Skeldon AC, Derks G, & Dijk D- J. Modelling changes in sleep timing and duration across the lifespan:
Changes in circadian rhythmicity or sleep homeostasis? Sleep Medicine Reviews. 2016; 28:96-107.
https://doi.org/10.1016/j.smrv.2015.05.011 PMID: 26545247

24. Jenni OG, Deboer T, & Achermann P. Development of the 24-h rest-activity pattern in human infants.
Infant Behav Dev. 2006; 29:143—152. https://doi.org/10.1016/}.infbeh.2005.11.001 PMID: 17138270

25. McGraw K, Hoffmann R, Harker C, & Herman JH. The development of circadian rhythms in a human
infant. Sleep. 1999; 22:303-310. https://doi.org/10.1093/sleep/22.3.303 PMID: 10341380

26. Lenehan SM, Fogarty L, O’Connor C, Mathieson S, & Boylan GB. The Architecture of Early Childhood
Sleep Over the First Two Years. Maternal and Child Health Journal. 2022. https://doi.org/10.1007/
$10995-022-03545-9 PMID: 36586054

27. Jenni OG & Carskadon MA. Sleep Behavior and Sleep Regulation from Infancy Through Adolescence.
Sleep Medicine Clinics. 2012; 7:529-538.

28. Phillips AJK, Chen PY, & Robinson PA. Probing the Mechanisms of Chronotype Using Quantitative
Modeling. Journal of Biological Rhythms. 2010; 25:217-227. https://doi.org/10.1177/
0748730410369208 PMID: 20484693

29. Stone JE, McGlashan EM, Quin N, Skinner K, Stephenson JJ, Cain SW, & Phillips AJ. The role of light
sensitivity and intrinsic circadian period in predicting individual circadian timing. Journal of Biological
Rhythms. 2020; 35:628—640. https://doi.org/10.1177/0748730420962598 PMID: 33063595

30. Schwichtenberg AJ, Christ S, Abel E, & Poehimann-Tynan JA. Circadian Sleep Patterns in Toddlers
Born Preterm: Longitudinal Associations with Developmental and Health Concerns. J Dev Behav
Pediatr. 2016; 37:358-369. https://doi.org/10.1097/DBP.0000000000000287 PMID: 27011003

31. Rivkees SA & Hao H. Developing circadian rhythmicity. Seminars in Perinatology. 2000; 24:232—-242.
https://doi.org/10.1053/sper.2000.8598 PMID: 10975429

32. Mirmiran M, Maas YGH, & Ariagno RL. Development of fetal and neonatal sleep and circadian rhythms.
Sleep Medicine Reviews. 2003; 7:321-334. https://doi.org/10.1053/smrv.2002.0243 PMID: 14505599

33. Wong SD, Wright KP, Spencer RL, Vetter C, Hicks LM, Jenni OG, & LeBourgeois MK. Development of
the circadian system in early life: maternal and environmental factors. Journal of Physiological Anthro-
pology. 2022; 41:22. https://doi.org/10.1186/s40101-022-00294-0 PMID: 35578354

34. Seron-Ferré M, et al. (2012) Circadian rhythms in the fetus. Molecular and Cellular Endocrinology
349:68-75. https://doi.org/10.1016/j.mce.2011.07.039 PMID: 21840372

35. Phillips AJK, Vidafar P, Burns AC, McGlashan EM, Anderson C, Rajaratnam SMW, Lockley SW, &
Cain SW. High sensitivity and interindividual variability in the response of the human circadian system

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012541 October 21, 2024 18/19


https://doi.org/10.1098/rsta.2011.0120
http://www.ncbi.nlm.nih.gov/pubmed/21893531
https://doi.org/10.1016/j.jtbi.2010.02.028
https://doi.org/10.1016/j.jtbi.2010.02.028
http://www.ncbi.nlm.nih.gov/pubmed/20176034
https://doi.org/10.1038/srep45158
https://doi.org/10.1038/srep45158
http://www.ncbi.nlm.nih.gov/pubmed/28345624
https://doi.org/10.1177/0748730417699310
https://doi.org/10.1177/0748730417699310
http://www.ncbi.nlm.nih.gov/pubmed/28367676
https://doi.org/10.1177/0748730406297512
https://doi.org/10.1177/0748730406297512
http://www.ncbi.nlm.nih.gov/pubmed/17440218
https://doi.org/10.1103/PhysRevE.78.051920
http://www.ncbi.nlm.nih.gov/pubmed/19113168
https://doi.org/10.1371/journal.pcbi.1000826
https://doi.org/10.1371/journal.pcbi.1000826
http://www.ncbi.nlm.nih.gov/pubmed/20585613
https://doi.org/10.1371/journal.pcbi.1003213
https://doi.org/10.1371/journal.pcbi.1003213
http://www.ncbi.nlm.nih.gov/pubmed/24039566
https://doi.org/10.1016/j.smrv.2015.05.011
http://www.ncbi.nlm.nih.gov/pubmed/26545247
https://doi.org/10.1016/j.infbeh.2005.11.001
http://www.ncbi.nlm.nih.gov/pubmed/17138270
https://doi.org/10.1093/sleep/22.3.303
http://www.ncbi.nlm.nih.gov/pubmed/10341380
https://doi.org/10.1007/s10995-022-03545-9
https://doi.org/10.1007/s10995-022-03545-9
http://www.ncbi.nlm.nih.gov/pubmed/36586054
https://doi.org/10.1177/0748730410369208
https://doi.org/10.1177/0748730410369208
http://www.ncbi.nlm.nih.gov/pubmed/20484693
https://doi.org/10.1177/0748730420962598
http://www.ncbi.nlm.nih.gov/pubmed/33063595
https://doi.org/10.1097/DBP.0000000000000287
http://www.ncbi.nlm.nih.gov/pubmed/27011003
https://doi.org/10.1053/sper.2000.8598
http://www.ncbi.nlm.nih.gov/pubmed/10975429
https://doi.org/10.1053/smrv.2002.0243
http://www.ncbi.nlm.nih.gov/pubmed/14505599
https://doi.org/10.1186/s40101-022-00294-0
http://www.ncbi.nlm.nih.gov/pubmed/35578354
https://doi.org/10.1016/j.mce.2011.07.039
http://www.ncbi.nlm.nih.gov/pubmed/21840372
https://doi.org/10.1371/journal.pcbi.1012541

PLOS COMPUTATIONAL BIOLOGY Mapping the physiological changes in sleep regulation across infancy and young childhood

to evening light. Proceedings of the National Academy of Sciences. 2019; 116:12019-12024. https://
doi.org/10.1073/pnas.1901824116 PMID: 31138694

36. Van Dongen HP, Bender AM, & Dinges DF. Systematic individual differences in sleep homeostatic and
circadian rhythm contributions to neurobehavioral impairment during sleep deprivation. Accid Anal
Prev. 2012; 45 Suppl:11-16. https://doi.org/10.1016/j.aap.2011.09.018 PMID: 22239924

37. Chellappa SL. Individual differences in light sensitivity affect sleep and circadian rhythms. Sleep.
2021;44. https://doi.org/10.1093/sleep/zsaa214 PMID: 33049062

38. Duffy JF, Cain SW, Chang A- M, Phillips AJK, Miinch MY, Gronfier C. et al. Sex difference in the near-
24-hour intrinsic period of the human circadian timing system. Proc Natl Acad Sci U S A. 2011; 108
Suppl 3:15602—-15608. https://doi.org/10.1073/pnas.1010666108 PMID: 21536890

39. Athanasouli C, Kalmbach K, Booth V, & Diniz Behn CG. NREM-REM alternation complicates transitions
from napping to non-napping behavior in a three-state model of sleep-wake regulation. Math Biosci.
2023; 355:108929. https://doi.org/10.1016/j.mbs.2022.108929 PMID: 36448821

40. Jenni OG, Achermann P, & Carskadon MA (2005) Homeostatic sleep regulation in adolescents. Sleep
28:1446-1454. https://doi.org/10.1093/sleep/28.11.1446 PMID: 16335485

41. Hartstein LE, Diniz Behn C, Wright KP, Jr., Akacem LD, Stowe SR & LeBourgeois MK(2023) Evening
Light Intensity and Phase Delay of the Circadian Clock in Early Childhood. J Biol Rhythms 38:77-86.
https://doi.org/10.1177/07487304221134330 PMID: 36415902

42. Hartstein LE, Behn CD, Akacem LD, Stack N, Wright KP, Jr., & LeBourgeois MK (2022) High sensitivity
of melatonin suppression response to evening light in preschool-aged children. J Pineal Res 72:
e12780. https://doi.org/10.1111/jpi.12780 PMID: 34997782

43. Crowley SJ, Cain SW, Burns AC, Acebo C, & Carskadon MA. Increased Sensitivity of the Circadian
System to Light in Early/Mid-Puberty. J Clin Endocrinol Metab. 2015; 100:4067—-4073. https://doi.org/
10.1210/jc.2015-2775 PMID: 26301944

44. Postnova S, Layden A, Robinson PA, Phillips AJ, & Abeysuriya RG. Exploring sleepiness and entrain-
ment on permanent shift schedules in a physiologically based model. J Biol Rhythms. 2012; 27:91-102.
https://doi.org/10.1177/0748730411419934 PMID: 22306977

45. Mazza S, Bastuji H, & Rey AE. Objective and Subjective Assessments of Sleep in Children: Compari-
son of Actigraphy, Sleep Diary Completed by Children and Parents’ Estimation. Frontiers in Psychiatry.
2020;11.

46. Schoch SF, Jenni OG, Kohler M, & Kurth S. Actimetry in infant sleep research: an approach to facilitate
comparability. Sleep. 2019;42. https://doi.org/10.1093/sleep/zsz083 PMID: 30941431

47. Menzies B, Teng A, Burns M, & Lah S. Neurocognitive outcomes of children with sleep disordered
breathing: A systematic review with meta-analysis. Sleep Med Rev. 2022; 63:101629. https://doi.org/
10.1016/j.smrv.2022.101629 PMID: 35439720

48. Short MA, Weber N, Reynolds C, Coussens S, & Carskadon MA. Estimating adolescent sleep need
using dose-response modeling. Sleep. 2018;41. https://doi.org/10.1093/sleep/zsy011 PMID: 29325109

49. Phillips AJK & Robinson PA. Sleep deprivation in a quantitative physiologically based model of the
ascending arousal system. Journal of Theoretical Biology. 2008; 255:413-423. https://doi.org/10.1016/
j.jtbi.2008.08.022 PMID: 18805427

50. Forger DB, Jewett ME, & Kronauer RE. A simpler model of the human circadian pacemaker. Journal of
biological rhythms. 1999; 14:532-537. https://doi.org/10.1177/074873099129000867 PMID: 10643750

51. Harrison Y. The relationship between daytime exposure to light and night-time sleep in 6—12-week-old
infants. Journal of Sleep Research. 2004; 13:345-352. https://doi.org/10.1111/.1365-2869.2004.
00435.x PMID: 15560769

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012541 October 21, 2024 19/19


https://doi.org/10.1073/pnas.1901824116
https://doi.org/10.1073/pnas.1901824116
http://www.ncbi.nlm.nih.gov/pubmed/31138694
https://doi.org/10.1016/j.aap.2011.09.018
http://www.ncbi.nlm.nih.gov/pubmed/22239924
https://doi.org/10.1093/sleep/zsaa214
http://www.ncbi.nlm.nih.gov/pubmed/33049062
https://doi.org/10.1073/pnas.1010666108
http://www.ncbi.nlm.nih.gov/pubmed/21536890
https://doi.org/10.1016/j.mbs.2022.108929
http://www.ncbi.nlm.nih.gov/pubmed/36448821
https://doi.org/10.1093/sleep/28.11.1446
http://www.ncbi.nlm.nih.gov/pubmed/16335485
https://doi.org/10.1177/07487304221134330
http://www.ncbi.nlm.nih.gov/pubmed/36415902
https://doi.org/10.1111/jpi.12780
http://www.ncbi.nlm.nih.gov/pubmed/34997782
https://doi.org/10.1210/jc.2015-2775
https://doi.org/10.1210/jc.2015-2775
http://www.ncbi.nlm.nih.gov/pubmed/26301944
https://doi.org/10.1177/0748730411419934
http://www.ncbi.nlm.nih.gov/pubmed/22306977
https://doi.org/10.1093/sleep/zsz083
http://www.ncbi.nlm.nih.gov/pubmed/30941431
https://doi.org/10.1016/j.smrv.2022.101629
https://doi.org/10.1016/j.smrv.2022.101629
http://www.ncbi.nlm.nih.gov/pubmed/35439720
https://doi.org/10.1093/sleep/zsy011
http://www.ncbi.nlm.nih.gov/pubmed/29325109
https://doi.org/10.1016/j.jtbi.2008.08.022
https://doi.org/10.1016/j.jtbi.2008.08.022
http://www.ncbi.nlm.nih.gov/pubmed/18805427
https://doi.org/10.1177/074873099129000867
http://www.ncbi.nlm.nih.gov/pubmed/10643750
https://doi.org/10.1111/j.1365-2869.2004.00435.x
https://doi.org/10.1111/j.1365-2869.2004.00435.x
http://www.ncbi.nlm.nih.gov/pubmed/15560769
https://doi.org/10.1371/journal.pcbi.1012541

