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Abstract
From smart work scheduling to optimal drug timing, there is enormous potential in translating circadian rhythms research results for precision medicine in the real
world. However, the pursuit of such effort requires the ability to accurately estimate circadian phase outside of the laboratory. One approach is to predict circadian
phase noninvasively using light and activity measurements and mathematical models of the human circadian clock. Most mathematical models take light as an
input and predict the effect of light on the human circadian system. However, consumer-grade wearables that are already owned by millions of individuals record
activity instead of light, which prompts an evaluation of the accuracy of predicting circadian phase using motion alone. Here, we evaluate the ability of four different
models of the human circadian clock to estimate circadian phase from data acquired by wrist-worn wearable devices. Multiple datasets across populations with
varying degrees of circadian disruption were used for generalizability. Though the models we test yield similar predictions, analysis of data from 27 shift workers
with high levels of circadian disruption shows that activity, which is recorded in almost every wearable device, is better at predicting circadian phase than measured
light levels from wrist-worn devices when processed by mathematical models. In those living under normal living conditions, circadian phase can typically be
predicted to within 1 h, even with data from a widely available commercial device (the Apple Watch). These results show that circadian phase can be predicted using
existing data passively collected by millions of individuals with comparable accuracy to much more invasive and expensive methods.

Statement of Significance
Previous work has shown that light measurements from a research-grade wearable device (e.g. Actiwatch) coupled with mathematical
models provide an inexpensive and noninvasive approach to predict human circadian phase. However, ubiquitous consumer-grade wristworn wearable devices (e.g. Apple Watch or Fitbit) do not report light measurements, but rather activity. Here we examined estimating
circadian phase using activity data as an input, an approach that provides phase predictions with comparable accuracy to using light exposure for people living under normal conditions, but outperforms the predictions using light from Actiwatch in a shift worker population.
We compared circadian predictions from multiple mathematical models to ground truth dim light melatonin onset (DLMO), across normal
and shift worker samples, to identify the optimal model. This sets the stage for deploying widely available commercial devices to predict
human circadian phase on a global scale.
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Introduction

Methods
Data sets
Our analyses include three data sets: a sample of day workers
with both research-grade actigraphy (Actiwatch-L and Actiwatch
Spectrum, Philips Respironics, Inc. Bend, OR) data and in-lab
DLMO [29], a published data set of night shift workers with both
research-grade actigraphy data and in-lab DLMO data [30, 31],
and an unpublished data set from a nonshift working population
with a multisensory wrist-worn consumer device (Apple Watch,
Series 2 and 3) and in-lab DLMO data. To better demonstrate the
results across data sets, the threshold to define the ground-truth
DLMO was defined as the time when the melatonin concentration exceeded the mean plus two standard deviations of three
low consecutive daytime salivary melatonin values for all data
sets. In the following, we will describe the data sets.
Day workers
Thirteen participants from Chicago included in this data set
wore an Actiwatch-L on their nondominant wrist and the
Actiwatch Spectrum around the neck for a week. The data collected from the wrist were used in our analysis. Three subjects
who had data collected for less than 5 days were excluded here,
leaving us with a data set consisting of 10 subjects. Among these
10 subjects, 7 subjects participated in the study in summer, and
the others participated in winter. No data was missing among
these 10 subjects, and the median light level was 12.57 lux. The
subjects reported to the laboratory on the 8th day, and DLMO
measurements were collected via salivary melatonin measurements every 30 min from 7 h before to 3 h after their approximate bedtime. All subjects were full-time office workers, who
were instructed to maintain their usual sleep and work schedule
[29]. Activity (in activity counts as the cumulative sum of motion
measured by a triaxial accelerometer) and light measurements
(in lux) were collected in 30-s intervals for each of the subjects.
This dataset has been described in further detail in a previous
publication [29].
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Circadian clocks govern the timing of physiological processes
in many organisms [1–5]. The central human circadian pacemaker is known to influence academic/work performance,
alertness, and various health conditions, including diabetes,
cancer, and mental diseases [6–9]. Knowing a person’s circadian timing or phase can lead to targeted therapeutic interventions and better health treatments. Much research has
focused on the mechanism of circadian rhythms on a molecular scale or in carefully controlled laboratory conditions [1, 5, 10, 11]. Therefore, a long-term goal of the field of
chronobiology has been to translate this deep mechanistic
understanding of circadian timekeeping to predicting human
circadian phase in real life.
Mathematical modeling of the human circadian central
pacemaker provides a passive and noninvasive alternative
to predict circadian phase. As light is the dominant input
to entrain the human circadian clock, it features prominently in efforts to model and predict circadian phase [12–18].
Kronauer et al. introduced a van der Pol limit cycle model with
a nonlinearity of degree 7 (higher-order model) in 1999, which
takes light measurements as the direct input and predicts
core body temperature [16]. Based on the same model structure, Forger et al. proposed a simplified model with similar
accuracy to the higher-order model [19]. Though light is the
primary stimulus to the human circadian pacemaker, the circadian system is also affected by nonphotic stimuli, such as
the sleep–wake cycle, activity, and associated behaviors [20,
21]. Therefore, a revised model was proposed in 2007, where a
nonphotic component of the activity-rest cycle was added to
the higher-order model [22]. Hannay et al. recently developed
a separate model formalism for the human circadian pacemaker based on the network of neurons that control circadian
pacemaking [23].
Recent work has shown that mathematical models of the
human circadian clock coupled with the passive recordings
of light levels from wearable devices such as research-grade
actigraphy can be used for circadian assessment outside of controlled laboratory environments [24, 25]. Woelders et al. showed
that the standard deviation of DLMO (dim light melatonin onset)
predictions is 1.14 h under normal living conditions [25]. Stone
et al. further tested the ability of models to predict circadian
phase in workers on a rotating shift, finding a mean absolute
error of 0.95 h between observed and predicted aMT6s acrophase
with the nonphotic model and 1.19 h with the higher-order
model during a night shift rotation [24]. Though the nonphotic
model has been validated in a field setting, the performance of
other models still remains unknown. In particular, the Hannay
model has not been validated in an ambulatory setting.
Moreover, many widely available wearable devices already
owned by millions of individuals do not record light measurements but record activity data. Activity, a circadian-regulated
physiological outcome, has been used as a measure for the circadian rhythm in field studies [25–27]. Ambulatory activity is
largely dependent on an individual’s sleep–wake timing, and
the sleep–wake timing is closely related to the circadian phase
[28]. The objectives of this study were therefore to evaluate the
accuracy of circadian prediction models with and without the
inclusion of light information. In particular, we wanted to assess the quality of these predictions at two extremes: (1) in

individuals subject to circadian disruption and (2) in data sets
without direct measurements of light. In the first case, we performed this assessment in a published data set with night
shift workers on nonrotating schedules, whose highly variable
sleep–wake schedules make predicting circadian phase extremely difficult. To address the second case, we next applied
circadian prediction models to activity data recorded by the
multisensory wrist-worn consumer device (Apple Watch) and
compared the circadian phase estimates against gold standard
DLMO measurements.
In this study, we show that: (1) activity can be an indicator
for light; (2) using activity data processed in a variety of ways as
inputs to the circadian models can predict circadian phase with
similar accuracy to light measurements for subjects who live
under normal conditions; (3) model predictions from activity
data significantly outperform those from light for a sample
of nonrotating shift workers; (4) there is no significant difference between the performance of four circadian models, when
the same input is used; and (5) in a pool of 20 nonshift worker
subjects wearing the widely available Apple Watch, circadian
phase can be predicted within 1 h using activity data alone.

Huang et al. |

Apple watch data set
For this data set, 20 healthy nonshift workers were instructed
to wear an Apple Watch for 7–14 days before coming into the
University of Michigan Sleep and Circadian Research Laboratory
for DLMO assessment. Six subjects were recruited in summer,
and the others participated in spring or fall. Due to the limitations of the device, only activity data were collected and light
data were not obtained in this study. We should note that the
unit of activity data from the Apple Watch is different from
that of actigraphy, though both actigraphy and the Apple Watch
measure activity using the triaxial accelerometer. Moreover, due
to the battery life of the Apple Watch, approximately 6–8 h of
data were lost every 1–2 days. Since the devices were usually
removed (i.e. charged) during sleep, the subjects were assumed
to be inactive (i.e. activity data were assumed to be 0) during
the period of missing data. Salivary collection began 6 h prior
to the participants’ habitual bedtime; samples were collected
with salivettes every 30-minutes until their bedtime (13 samples total).

Description of models
We examined the performance of four models: two versions of
light-based mathematical models (the higher-order model of
degree 7 proposed by Kronauer et al. in 1999 and the simpler
model of degree 3 by Forger et al. in 1999) [16, 19]; the nonphotic
model that accounted for an additional nonphotic term to the
light-based higher-order model [22]; and Hannay’s physiologybased circadian neural network model [23]. All four models
predict the core body temperature rhythm, and estimated
DLMOs can be obtained from the published relationship between CBTmin (minimum of core body temperature) and DLMO
(DLMO = CBTmin – 7) [32, 33]. Further details of the models are
described in the Supplement.

Model implementation
For each subject, at least 7 days of light and activity data (or activity data only from the Apple Watch) were recorded until the
day of the DLMO assessments. Due to the difference of devices,
the data were reported in different intervals, and we therefore
resampled the data at a one-minute rate. To model the circadian
response to ambulatory light data, both the light-based models
and Hannay’s physiology-based model use light measurements
as inputs, whereas the nonphotic model requires not only the
light measurements but also the activity-rest patterns provided
by the sleep–wake indicator from the Actiwatch. We then replaced light measurements by activity data (or activity-derived
light in the Supplement) to explore if activity can be used to predict the circadian phase.
Determining initial conditions is essential when
implementing ordinary differential equation models. Due to the
lack of prior information on subjects’ circadian rhythms, we assume that every subject lives with a circadian rhythm regulated
by 16 h of lightness (800 lux) and 8 h of darkness (0 lux) before entering the study. Both the light-based and the nonphotic
models contain two state variables x and xc exhibiting a limit
cycle in the phase plane, where x reflects the endogenous core
body temperature, and xc is required to achieve the limit cycle
mathematically. Simulating the light-based models or the nonphotic model gives us 24 pairs of x and xc , where one pair of x
and xc was chosen every hour. Since Hannay’s model describes
the mechanism of the coupled oscillators in the SCN, it contains two different state variables, R and ψ , which represent the
collective amplitude and the average phase of the oscillators,
respectively. Therefore, the simulation of Hannay’s model provides 24 pairs of the collective amplitude R and the collective
phase ψ , and each pair represents the circadian state at every
hour. The initial conditions of each subject were then chosen
from these 24 pairs of representative circadian states, based on
the hour of the timestamp of the first data point.
All codes used to implement the models and perform
the analysis are available at https://github.com/ojwalch/
predicting_dlmo.
Cosinor analysis of activity data
For the day workers and night shift workers data sets, activity
acrophase was obtained by fitting a single harmonic cosine wave
with a period of 24 h to the available activity data. The cosinor
analysis was performed in MATLAB (Mathworks, R2018a), where
nonlinear regression models were fitted with the fitnlm function.
Sleep timing as a proxy of DLMO
Sleep timing has previously been used as a proxy of circadian
phase in day work settings [28, 34, 35]. For subjects in the day
workers data set and the Apple Watch data set who live in a
regular routine, we used habitual bedtime during the recording
period as a proxy for DLMO, where the bedtime was determined
by the mean bedtime estimated from actigraphy data during the
days of data collection. For the night shift workers’ data set, we
separated the sleep timing following night shifts (average bedtime of the daytime sleep estimated from actigraphy) and the
sleep timing on nonworkdays (average bedtime of the nights
without night shifts) as possible indicators for DLMO. Based on
past studies [28, 36, 37], estimated DLMO can be obtained by
subtracting 2 h from the sleep timing. In addition, the role of
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Night shift workers
The shift worker data set consisted of 27 night shift workers,
who lived in Michigan and worked at least 3 night shifts per
week during the study. Fifteen of 27 shift workers were recruited in summer, and the others participated in winter.
All 27 participants were instructed to wear an Actiwatch
Spectrum that measured light levels (lux) and activity counts
(30 s or 1 min epochs) for 7–14 days. Actiware software (Philips
Actiware 6.0.9) sleep/wake classifications were used to simulate the nonphotic model [22]. The median light level across
subjects was 12.88 lux. The average percentage of missing light
data was 8.80%; however, no obvious missing data (i.e. missing
consecutively longer than 15 min) was found. Following ambulatory monitoring (mean = 12.41 days, SD = 4.35 days), participants reported to the laboratory after finishing a night shift,
and 24-h DLMO measurements were collected in a controlled
laboratory setting. Thirteen subjects kept wearing the device during the DLMO collection process, whereas the other
14 subjects’ data ended when they reported to the laboratory.
Further details of the DLMO collection process were described
in a previous publication [30]. As shift workers have a highly
variable DLMO across the 24-h day, this data set provided
a wide spread of DLMO times with a standard deviation of
4.02 h.
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sleep–waking timing played in the models was further examined in the Supplement.

Statistical analysis of model comparison
To assess if the model outputs from light are consistently different from those from activity, we used the sign test on the absolute errors obtained from different models with activity input
and light input, where the prebuilt sign test was available from
signtest in MATLAB. To compare the performance of the four
models given the same input, we used the Friedman test from
the function friedman in MATLAB.

Results
Relationship between light and activity
Binning light levels and activity measurements recorded from
actigraphy in 10 participants from the day worker dataset revealed a general trend of increasing light levels for increasing
activity counts (Figure 1A). However, once 500 lux is reached, a
plateau is evident (i.e. different activity levels correspond with
approximately the same light levels). To show the robustness of
this feature across data sets, Figure 1B shows a similar relationship in a shift worker dataset of 27 subjects, in which a plateau
appears once 500 lux is reached. Since full-time office workers
tend to maintain a regular daily routine, the interquartile range

Day worker dataset
We first examined the performance of circadian models using a
regular, nonshift worker data set that contains 10 subjects who
have a small range of DLMOs (range: 19:43–22:16, mean = 20:54,
SD = 0.85 h). It is intuitive to fit a 24-h periodic signal to activity
for day workers, since they follow a similar routine every day.
Here we fitted a cosine wave to 7 days of data. A difference of 4.47
± 2.28 h was observed between activity acrophase and DLMO, in
line with the previous work showing that cosinor analysis gives
an average difference of 4.6 h between activity acrophase and
DLMO in a sample of subjects living under normal conditions
[25]. However, a wide range of activity acrophases was observed
(SD = 3.41 h), despite the fact that subjects had a narrow range
of DLMO values (SD = 0.85 h). Moreover, adding 4.47 to the activity acrophase still yields predicted DLMOs with a mean absolute error of 3.05 h and a standard deviation of 2.45 h. Therefore,
simply fitting a sinusoidal function to activity levels does not
appropriately reflect circadian phase.
We next used all three van der pol limit cycle models and
Hannay’s physiological model to simulate the circadian response
to ambulatory light data. Figure 2 and Table 1 demonstrate that
activity data as an input to the model provides reasonable predictions when compared to light input: with activity, 20% more
subjects reach an error within 60 min and 10% more subjects
reach an error within 120 min from the higher-order model.
Though the simpler model provides similar results, 10% and 20%

Figure 1. Relationship between light and activity. The relationship between light and activity is found from (A) the day worker data set and (B) the shift worker data
set. The mean values are plotted in red, and the interquartile range is shaded. The gray lines show the data from 5 randomly selected individuals from each data set.
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Scaling factor for Apple watch data
Since the proprietary activity data (i.e. Apple steps) is in a different unit than activity counts from actigraphy, a scaling factor
is needed to scale the Apple Watch activity data to compensate for the device difference before feeding the data into the
models. Therefore, the scaled activity was used to simulate the
models for the Apple Watch data set. The scaling factor (=30/
mean(steps)) was found by optimizing the mean absolute error
between measured DLMO and estimated DLMO simulated from
the higher-order model for five randomly selected subjects. This
factor was then applied to the unseen testing data that contains
15 subjects.

(represented by the shaded area) is smaller for the day worker
dataset. Fortunately, the dynamic stimulus processor built into
the model of the circadian pacemaker is particularly sensitive
to lower light levels (<50 lux), which suggests this plateau might
not be as important as originally proposed [15, 18, 38, 39]. Figure
1A and 1B show that activity is correlated to light, and moreover,
we are able to estimate light levels from activity counts using a
simple piecewise linear function as well as more complex approach machine Learning (ML) techniques, for which more details can be found in the Supplement. Hence, in addition to light
measurements, we explored the use of activity data to predict
circadian phase.
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Table 1. Day worker data set: summary of prediction error in hours for higher-order, simpler, nonphotic and Hannay models with different inputs. * denotes the best model prediction for each model input based on the mean absolute error

Device
Input: activity
Actiwatch
Actiwatch
Actiwatch
Actiwatch
Input: light
Actiwatch
Actiwatch
Actiwatch
Actiwatch

n

Method

Mean absolute
error (h)

SD of absolute
error (h)

Prediction
within 60 min

Prediction
within 120 min

10
10
10
10

Higher-Order Model
Simpler Model
Nonphotic Model
Hannay Model

0.60534*
0.99667
0.713
1.2198

0.5321
0.49524
0.4984
0.59212

80%
50%
70%
30%

100%
100%
100%
90%

10
10
10
10

Higher-Order Model
Simpler Model
Nonphotic Model
Hannay Model

1.0627
0.82967*
1.041
1.4938

0.95116
0.57496
0.7846
0.85675

60%
50%
60%
30%

90%
100%
90%
70%

more subjects have an absolute error under 120 min using activity via the nonphotic model and Hannay’s model, respectively.
To further compare the results from using activity and light
as inputs, we use the sign test on the absolute errors obtained

from different models with activity input and light input,
yielding a nonsignificant difference between outputs from activity and light (p-value > 0.05). Despite the fact that the Hannay
model yields the lowest number of subjects predicted within
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Figure 2. Day worker data set: the error between actual DLMO and predicted DLMO (DLMOpred) for (A) higher-order model, (B) simpler model, (C) nonphotic model, and
(D) Hannay model. Circles and squares represent predicted DLMOs simulated using four different models (higher-order model, simpler model, nonphotic model and
Hannay model) with 2 different inputs (light and activity) respectively. Predicted DLMO from sleep timing (calculated by subtracting 2 h from the habitual bedtime) is
marked in triangles. Prediction error of 1 h is shaded.
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Shift worker dataset
We then validate the models on a shift worker population whose
highly variable sleep–wake schedule poses challenges to circadian phase estimation. Though cosinor analysis shows that the
24-hr component is significant (p-value < 0.001), a difference of
6.02 ± 2.49 h was found between activity acrophase and DLMO,
which is not consistent with the difference between activity
acrophase and DLMO observed in the day workers dataset above.
In general, larger mean absolute errors are obtained from
model predictions in the shift worker population. Table 2 shows
that at least 20% more subjects can be predicted within 2 h
when activity is used instead of light. Figure 3 shows that activity input provides comparatively more accurate estimates no
matter which model is applied, as the DLMO timings of more individuals are predicted with an error under 3 h. Figure 4 further
compares the estimated DLMO with the measured DLMO. Bias
correction from Lin’s concordance, ranging from 0 to 1, measures how deviated the best fit line is from the 45 degree line
through the origin, where a bias correction closer to 1 means
the best fit line is closer to the diagonal line. Figure 4 shows that
all models with activity input perform better than those with
light input, as a larger bias correction was obtained for every
model with activity input. We then apply the sign test on absolute errors derived from models with activity inputs and light
inputs, yielding a statistically significant difference between
activity-input predictions and light-input predictions (p-value
< 0.0001). Moreover, the Friedman test shows that four models
behave similarly when activity is the input (p-value > 0.5); and
no statistically significant difference between models was found
when light is used as input as well (p-value >0.5).
To show the contribution of these mathematical models of
the human circadian clock, we evaluated the ability of sleep

timing to serve as a proxy of DLMO in this population. As the
subjects arrived at the lab for DLMO measurements after a night
shift, we first compared the habitual sleep timing following
night shifts to the measured DLMO. A mean absolute error of
6.54 h was found between sleep timing-derived DLMO and true
DLMO, and only 3 out of 27 subjects were predicted within 3 h.
Bias correction from Lin’s concordance was 0.228, which further indicates that habitual sleep timing following night shifts
is a poor indicator for circadian phase. We then compared the
average sleep timing on nonworkdays (i.e. the nights without
night shifts) against DLMO (Figure 5). Though average sleep
timing on nonworkdays is more likely to reflect the circadian
phase than the sleep timing following night shifts, it still results
in a mean absolute error of 3.86 h, where 29.6% of the subjects
can be predicted within 2 h and less than half of the subjects can
be predicted with an error below 3 h. Moreover, the linear relationship between sleep timing on nonworkdays and measured
DLMO is not statistically significant (p-value > 0.05). These results suggest that mathematical models of the human circadian
clock have exceptional and unique contributions to predicting
circadian phase, especially in the shift worker population.
Of particular interest, the collective amplitude of oscillators
(where the period of the oscillators is ~24 h) is related to the
magnitude of circadian disruptions; specifically, more circadian
disruptions exist as the amplitude decreases. Here, we found the
minimum of collective amplitude simulated throughout available data. Figure 6 shows a statistically significant positive linear
relationship between error and amplitude (p-value < 0.001),
which implies the circadian clock slows as the amplitude decreases. We should note that the two subjects with the smallest
amplitude either had relatively shorter data (approximately
7 days of data) or remained continuously active (activity count
exceeds 300) until 2 h before the reported DLMO. The positive
linear relationship remained statistically significant (p-value <
0.05), even when these two subjects were excluded. Thus, we
find that it is more challenging to predict the circadian phase of
shift workers with more circadian disruption.

Apple watch dataset
Thus far, the assessments of circadian models used datasets
in which activity and light data were collected from researchgrade actigraphy. Having shown that activity alone can be used
to predict circadian phase, we applied the same modeling approach to data collected from a device currently owned and

Table 2. Shift worker data set: summary of prediction error in hours for higher-order, simpler, nonphotic and Hannay models with different
inputs. * denotes the best model prediction for each model input based on the mean absolute error

Device
Input: activity
Actiwatch
Actiwatch
Actiwatch
Actiwatch
Input: light
Actiwatch
Actiwatch
Actiwatch
Actiwatch

n

Method

Mean absolute
error (h)

SD of absolute
error (hr)

Prediction
within 60 min

Prediction
within 120 min

27
27
27
27

Higher-Order Model
Simpler Model
Nonphotic Model
Hannay Model

2.6969
2.7873
2.5055*
2.7625

2.3127
2.3257
2.1566
2.262

18.5%
18.5%
22.2%
25.9%

51.9%
55.6%
51.9%
44.4%

27
27
27
27

Higher-Order Model
Simpler Model
Nonphotic Model
Hannay Model

3.7232
3.5955*
3.7072
3.8115

2.4123
2.5514
2.1198
2.4399

14.8%
22.2%
7.4%
22.2%

25.9%
25.9%
25.9%
22.2%
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1 h, an analysis of the Friedman test shows that all models perform similarly when the same input is used (p-value > 0.05).
Examining their daily schedule reveals that the subjects’ habitual bedtime ranged from 22:25 and 00:40. A proxy of sleep
timing calculated by subtracting 2 h from the habitual bedtime
was then compared to DLMO, which yields a prediction with
a mean absolute error of 0.97 h with a standard deviation of
0.64 h (Figure 2). The Friedman test also showed that no statistically significant difference was found between the performance of the proxy of sleep timing and that of the light-based and
physiological models.

Huang et al. |
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Figure 4. Shift worker data set: measured DLMO vs. predicted DLMO. Predicted DLMOs are simulated using four different models (higher-order model, simpler model,
nonphotic model and Hannay model) with 2 different inputs (light and activity). Bias correction of Lin’s Concordance measures how deviated the best fit line is from
the 45 degree line through the origin, where a bias correction closer to 1 means the best fit line is closer to the diagonal line. Prediction error of 3 h is shaded.

worn on a daily basis by millions of consumers. Here, we tested
the higher-order model with data collected from one commercial device, the Apple Watch, which was worn by 20 subjects for
one week before laboratory DLMO measurement. After applying

a scaling factor (trained from five randomly selected subjects)
to the activity data, scaled activity was then inputted into the
model. This approach gives a mean absolute error of 0.809 h
with a standard deviation of 0.736 h for the 5 training subjects
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Figure 3. Shift worker data set: the error between actual DLMO and predicted DLMO (DLMOpred) for (A) higher-order model, (B) simpler model, (C) nonphotic model,
(D) Hannay model and (E) sleep timing. (A-D) Predicted DLMOs are simulated using four different models (higher-order model, simpler model, nonphotic model and
Hannay model) with 2 different inputs (light and activity). (E) Predicted DLMOs from sleep timing are calculated by subtracting 2 h from two different bedtimes (sleep
timing following a night shift and the average sleep timing during the ambulatory recording period). Prediction error of 3 h is shaded.
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sleep timing after night shifts, in particular, is not sufficient to
predict DLMO.

Discussion

Figure 6. Role of amplitude in the shift worker data set. For each subject in the
shift worker data set, we found the minimum of the collective amplitude of
the oscillator population from Hannay model. A significant linear relationship
between error and amplitude was found (p-value < 0.001), and this linear relationship remained significant even when two subjects who had the lowest amplitude were excluded (p-value < 0.05).

and a mean absolute error of 0.964 h with a standard deviation
of 0.724 h for the unseen testing data (15 subjects), in line with
previous work showing that circadian phase can be predicted
approximately with an error of 1 h for individuals living in a
regular life setting [25]. Figure 7 shows that 11 of those 15 testing
subjects can be predicted with an error under 1 h, and the two
largest errors were obtained by two subjects who had particularly early DLMOs (at 1745 and 1817). These data show that the
circadian phase could be accurately measured even with a commercial device, even one that needs to be offline for approximately 8 h a day while charging or sleeping.
Subjects collected from Apple Watch are nonshift workers
and have habitual bedtime from 22:00 to 24:10. Subtracting 2 h
from habitual sleep timing provides predictions with a mean absolute error of 1.02 h and standard deviation of 0.84 h, though
bias correction indicates that the performance from sleep timing
is slightly worse than that from using the circadian model
(Figure 7). Together with previous results, we show that sleep
timing can be used as a proxy of DLMO for the regular population whose habitual bedtime is between 22:00 and midnight, but

There is great interest in determining circadian phase in real
world situations. Previous studies have shown that this is possible. For example, Wu et al. used circadian biomarkers from
the skin to accurately predict phase within 3 h from a single
sample [40]; Wittenbrink et al. shows that circadian biomarkers
in blood are able to provide phase estimates of 40 healthy
young participants with a median absolute error under 1 h,
where 12 individuals were conducted in a carefully controlled
constant routine protocol and another group of 28 subjects was
measured in a home environment [41]. Here, we present an exhaustive assessment of a noninvasive approach for predicting
circadian phase in the real world. Our analysis shows that activity data from actigraphy may be as useful as raw light data
in predicting circadian phase, at least when collected by a
wrist-worn watch.
Many past analyses of circadian rhythms in actigraphic data
have used cosinor analysis to fit activity patterns [25, 42]. In
cosinor modeling, activity is taken as an output of the circadian
clock from which circadian time can be estimated. In contrast to
cosinor analysis, limit cycle oscillator models model the mechanics of the system, taking a zeitgeber history as the input and
yielding a phase prediction found by cumulatively summing the
phase shift achieved by the input at every point in time provided.
All of the limit cycle oscillator models we have compared in
this paper take a lighting history as their primary input, with
no designated input for activity (with the exception of activityderived sleep–wake patterns in the nonphotic model). In passing
activity into the model as a proxy for light, we are allowing activity to phase shift the model of the clock as light does. The
observed performance, which is comparable or better than
light itself, suggests several interpretations. One is that activity
is possible to be better able to describe the actual ocular light
levels experienced by the participants than wrist-worn light
sensors. Another is that activity as an input to the model can
capture both the phase shifting effects of light and an additional
phase shifting effect of exercise on the circadian clock [43].
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Figure 5. Shift worker data set: sleep timing as a proxy of DLMO. (A) Habitual bedtime following night shifts is used as a proxy of DLMO. (B) Average bedtime during the
nights without night shifts is used as a proxy of DLMO. Bias correction of Lin’s Concordance is reported and prediction error of 3 h is shaded.
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This intriguing possibility suggests the need for future
work and further collection of high-quality lighting and activity data. In addition, while self-selected light exposure and
exercise are both driving inputs to the clock, they are also
outputs of the clock state. Post-hoc analyses of the observed
sleep–wake and activity patterns could be used to tune and
personalize parameters in the model yielding better overall
predictions.
One of the models we tested has previously validated a
sleep–wake input that is separate from the effect of light. When
we used this sleep–wake input alone, it was not able to predict
circadian phase as well as the methods we tried. We also used a
synthetically generated activity profile to account for the effects
of sleep and wake, and to determine if that alone could be used
as an input to the model to predict circadian phase. That, as well,
was not able to yield as accurate predictions as the methods
we propose (See Supplemental Information and Figures S2–S4).
This indicates that the activity levels recorded by the device add
increased predictive ability to the models. Using these activity
levels directly is also the most straightforward method possible
to predict circadian phase in field settings. This approach opens
circadian studies up to the millions of activity recordings currently being generated by wearables.
We conclude that the circadian phase can be generally estimated to 1 h in a normal life setting, which agrees with the
accuracy obtained from the plasma biomarkers of DLMO [41].
As expected, model predictions contained larger errors in individuals with circadian disruption (i.e. night shift workers) than
nonshift workers. Moreover, the analysis of 20 Apple Watch
users further points to the potential use of a wider range of
wearable technology in clinical populations with a more critical
need for accurate and timely assessments of circadian phase.
Further work is also needed to improve the accuracy of
mathematical models. Our results showed that for less than
30% of the night-shift subjects was the DLMO prediction within
1 h of the actual value. Lower circadian amplitude obtained
from night shift workers may increase the vulnerability of their
circadian system to perturbations, which might be the main
reason for the difficulty in predicting circadian phase. The existing mathematical models do not account for the relationship
between amplitude and period (as shown in Figure 6), which
may be considered in future work with the aim of constructing
personalized models to improve predictions. Moreover, we can
observe that most subjects from the Apple Watch dataset can

be predicted with high accuracy; much of the error was dominated by two subjects who had particularly early DLMOs (at 17:45
and 18:17). It is possible that their early DLMOs could be due to
a short circadian period, as is found in Advanced Sleep Phase
Syndrome. If so, improved model predictions could be found by
using a shorter circadian period in the model. In addition, the
discrepancy in accuracy between day workers and night shift
workers may also result from the lack of prior information on
the initial circadian states for the night shift workers, since
this prior information can be reasonably estimated from the
habitual sleep/wake schedule of typical day workers. Less information regarding initial conditions can be inferred from the
more disrupted sleep schedule of shift workers, and in this case,
more days of data are needed to obtain accurate and reliable estimates of circadian phase in this population.
Our work provides evidence that one week of data is sufficient to provide a relatively accurate estimate for individuals
without a shift work schedule. However, the length of data
required to reach similar accuracy for a highly variable population needs to be further tested. Moreover, the relationship between CBTmin and DLMO found in carefully controlled human
studies has not been validated in the shift worker population.
Incorporating clinical data or other subject characteristics might
improve model predictions in shift workers, which should also
be considered in the future.
Our study is subject to some limitations that should be
noted. As mentioned above, it is possible that activity was able
to match the performance of light as an input because it better
approximated actual light exposure. The possible errors in light
measurements using wearable devices, such as the differences
between ocular and wrist measurements, and the effects of
nonphotic cues such as food intake are not accounted for in
our modeling. Wrist-worn light measurements are known to
underreport absolute light measurements when compared to
calibrated, laboratory standard photometers [44, 45]. In addition,
even though subjects were instructed not to cover the watch,
apparel choices (e.g. sleeves covering the devices) could have
biased the light recording. These are important factors to consider, and all could have contributed to the enhanced value of
activity relative to light data in predicting circadian phase.
The fact that activity measurements may vary by season or
geographical location may also affect activity in ways that are
not accounted for in the current model structure. Future work
could address this by applying the models to a larger dataset
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Figure 7. Apple Watch data set: testing the model on a widely available wearable device. (A) Sleep timing acts as a proxy of DLMO, which provides a mean absolute error
of 1.02 h for 20 subjects. (B, C) The model predictions are simulated using scaled activity data (derived by applying a scaling factor to the activity data (i.e. step counts))
from Apple Watch as an input (more details in text), where the scaling factor was trained using 5 randomly selected subjects. This approach provides a mean absolute
error of 0.809 h between measured DLMO and predicted DLMO for the five training subjects, and a mean absolute error of 0.964 h for 15 unseen testing subjects (filled
in black). Prediction error of 1 h is shaded.
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