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The year is 2024. Artificial intelligence is powering drug discovery.
ChatGPT is writing essays for 7th graders around the world. And
somewhere, a sleep scientist is applying Cole-Kripke [1] or Sadeh
[2] algorithms to their activity count data. These classic algorithms
have been workhorses since they were first introduced and have
had remarkable longevity. But for something more than 30 years
old to still be used in the era of modern machine learning and mul-
tisensor wearables raises the question: Can we not do better?

There appears to be a limit to the information that can be
gleaned from activity counts. A key weakness of actigraphy-only
sleep-wake classification is the misidentification of quiet,
low-motion wakefulness as sleep. Even for healthy persons, lying
in bed using electronic devices can give rise to misclassification of
wake as sleep. However, more complex algorithms may not per-
form significantly better than the classic ones when the inputs
are activity counts [3]. Although newer approaches (e.g. lever-
aging high-resolution acceleration and heart rate) already show
superior results, the appeal of backward compatibility is strong:
if you use the same methods as a paper from 2002, you can more
directly compare to results from 2002. And the most commonly
cited reason of all for using classic algorithms or their variants
and paying for research grade devices that run them: they are
“validated,” implying enduring trustworthiness.

How true is this, though? Hardware has changed in the time since
Cole-Kripke [1] or Sadeh [2] were developed: Original accelerometers
were single axis systems, while modern ones are all 3-axis with rota-
tion and orientation detection. The accelerometer in the research
grade ActiGraph GT9X has poorer ability to infer heart rate from
movement than a consumer Apple Watch Series 7, possibly due to
a motion artifact in the acceleration signal caused by the GT9X’s
design [4]. Firmware updates can also alter the way sensor data
are converted into counts, e.g. with newer firmware versions yield-
ing significantly greater counts in the vertical direction [5], which
occurs upstream of any algorithm that translates counts into sleep
measures, the topic of academic research such as Cepni’s. Such dif-
ferences by themselves could nullify past validation work.

While updates to firmware and hardware have somewhat stabi-
lized as a result of the sheer number of years actigraphy has been
in existence, there remain questions around the implementation

of classic algorithms. As Cepni et al. [6] point out, the original algo-
rithms were trained on studies with an AMI Motionlogger that
calculated counts through zero-crossings in the acceleration sig-
nal. Yet, this definition of a count is different from ones recently
disclosed by ActiGraph in their Actilife software today. ActiGraph
alludes to an ambiguous scaling factor for activity counts in the
descriptions of the Cole-Kripke and Sadeh algorithms on their
website—which one is used in practice? What postprocessing is
used? Given these unknowns, then, it is perhaps not surprising
that Cepni et al. [6] find that two different implementations of the
same algorithm, the Actilife version and their open source GGIR
version, give statistically distinct sleep metrics when fed identical
acceleration data. In the same vein, a recent analysis of actigraphic
data from two popular research grade devices collected from a
longitudinal ageing study cautioned that, apart from total sleep
time, sleep variables were not comparable across these devices [7].
Research grade is not the panacea that some might believe it to be.

Desire to improve sleep and wake classification using wearable
devices has led to two research verticals: (1) evaluating the per-
formance of consumer wearables with proprietary algorithms,
such as Fitbit, Oura, and the Apple Watch, and (2) developing open
source models based on raw or minimally processed data, as Cepni
et al. do. Validation studies of closed-source commercial wearables
have value and have recently shown that multisensor consumer
devices outperform research actigraphs in two-stage sleep classifi-
cation [8, 9]. However, there is valid concern that the manufacturer
can change their algorithm with little or no warning, possibly half-
way through a study materially affecting results. In 2021, for exam-
ple Apple changed their heart rate variability algorithm so that the
same data, from the same collection period, pulled from the device
at two time points could be markedly different [10].

Yet, critics of consumer devices should be aware that firmware
and data interpretation algorithms can also change in research
devices, leading to similar problems as those encountered with
consumer ones. Notably, few, if any, older papers record firmware
or software versions used. Furthermore, as updates generally cor-
rect errors, it may not be advantageous to stick to an older system
for backward compatibility. In light of this, perhaps what we really
mean by “validated” when we use it to praise research grade devices
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is that they do not change very much. This is a weak point in favor
of their use.

It only makes sense to completely close the door to consumer
devices if there is no way to address the black-box algorithm prob-
lem. This may be changing. Oura has added a feature to “freeze”
firmware when devices are used in research studies, and it indi-
cates months ahead of time when a major software update is to
be implemented. Longitudinal data with research grade actigraphs
have typically been collected over shorter ~3 months time frames
and often only a week for an individual. Months-ahead notice
should provide ample time for researchers to plan for adjustments.

For studies where data collection spans years across different
participants, genomics, and brain imaging fields deploy statisti-
cal and deep learning methods for data harmonization, such as
ComBat, that our field can learn from. Brain imaging researchers
also evaluate representative participants on old and new algo-
rithms to allow some mapping of results across changes in scan-
ners or firmware versions, in a form of benchmarking [11]. Similar
approaches could be used in the sleep field with older and newer
versions of consumer sleep algorithms.

The second research vertical, open source algorithms of the kind
developed by Cepni et al. [6] and other research groups [12], offers
a solution to the black-box algorithm problem while not tying us
to historical algorithms. The performance of new iterations of such
algorithms can be benchmarked against open datasets. Their ver-
sions can be tagged with release notes and clear identifiers, stream-
lining backward compatibility. The authors of Cepni et al., having
made the GGIR package which is currently in use by many groups,
should be praised for their work building the code and achieving
that adoption. The next sleep classification algorithm to achieve
influence at the level of Cole-Kripke over the last 30 years could
be open source, especially if it leverages recent developments in
sensor technology and machine learning techniques.

Groups developing these algorithms must acknowledge, how-
ever, that the questions around differential sensor performance
and data artifacts that exist for companies are just as relevant for
open source approaches that aim to be device-agnostic. There are
also challenges with implementation: Provision of raw accelerom-
eter data reduces battery life, involves long wireless data transfer
times, and adds costs which may be acceptable for researchers
but not for consumers. Obtaining large high-quality training data
across diverse ages, use contexts and medical conditions takes
money and dedicated resources. It is not enough to post code
online once and declare victory—for an open source algorithm
to have a lasting impact, it needs to be broadly and easily usa-
ble, which requires constant upkeep. GitHub contains many well-
intentioned open source projects that no longer function because
the libraries they were built on have changed so dramatically.
Additionally, few scientific code graphical user interfaces can
hold a candle to those of commercial products.

The sleep field is full of lots of talented people. We should give
kudos when companies, such as ActiGraph, make the move to
open source their current activity counts algorithm, as they have
done on their GitHub page. We should give kudos to the authors
of Cepni et al. for their commitment to developing in the open
and pushing for adoption of their algorithms. However, there are
truths we must acknowledge. Using a “research grade” device
does not magically make data more accurate or immune to con-
cerns about black-box algorithm firmware and software updates.
Basing algorithms on activity counts may make their perfor-
mance backward compatible, but it does so at the cost of limiting
their performance. Open source algorithms that use new streams
of input data—such as heart rate or high-resolution acceleration

data—can move us beyond the classic algorithms, but their code-
bases take continuous effort and resources to support.

We are highly confident that in the years ahead, new
approaches will rise to take us from Cole-Kripke [1] or Sadeh [2]
and into the future. Improvements to sleep-wake measurements
are possible, with a variety of devices, but only if we recognize the
many challenges inherent to transforming sensor data into clin-
ically relevant outputs, embrace fresh approaches, and partner
with industry to find mutually beneficial solutions.

Disclosure statement

Financial disclosure: M.\W.L.C.: Lee Foundation and support funds
from the Yong Loo Lin School of Medicine, National University
of Singapore. O.W. is supported by funds from Arcascope, a cir-
cadian rhythms technology company Nonfinancial disclosure:
O.W. is founder and CEO of Arcascope; M.W.L.C. is on the Medical
Advisory Board of Oura Health Oy.

References

1. Cole RJ, Kripke DF, Gruen W, Mullaney DJ, Gillin JC. Automatic
sleep/wake identification from wrist activity. Sleep. 1992;15:461-
469. doi:10.1093/sleep/15.5.461

2. Sadeh A, Sharkey KM, Carskadon MA. Activity-based sleep-
wake identification: an empirical test of methodological issues.
Sleep. 1994;17:201-207. doi:10.1093/sleep/17.3.201

3. Patterson MR, Nunes AAS, Gerstel D, et al. 40 years of actigraphy
in sleep medicine and current state of the art algorithms. NPJ
Digit Med. 2023;6:51. doi:10.1038/s41746-023-00802-1

4. Weaver RG, Chandrashekhar MVS, Armstrong B, et al. Jerks are
Useful: Extracting pulse rate from wrist-placed accelerometry
jerk during sleep in children. Sleep. 2024:zsae099. doi:10.1093/
sleep/zsae099

5. John D, Sasaki J, Hickey A, Mavilia M, Freedson PS. ActiGraph
activity monitors: “the firmware effect”. Med Sci Sports Exerc.
2014;46:834-839. doi:10.1249/MSS.0000000000000145

6. Cepni AB, Burkart S, Zhu X, et al. Evaluating the performance of
open-source and proprietary processing of actigraphy sleep esti-
mation in children with suspected sleep disorders: a compari-
son with polysomnography. Sleep. 2025;48(4):1-15. doi:10.1093/
sleep/zsae267

7. Liu F Schrack J, Wanigatunga SK, et al. Comparison of sleep
parameters from wrist-worn ActiGraph and Actiwatch devices.
Sleep. 2024;47:zsad155. doi: 10.1093/sleep/zsad155

8. de Zambotti M, Goldstein C, Cook J, et al. State of the science and
recommendations for using wearable technology in sleep and cir-
cadian research. Sleep. 2024;47:zsad325. doi:10.1093/sleep/zsad325

9. Chinoy ED, Cuellar JA, Huwa KE, et al. Performance of seven con-
sumer sleep-tracking devices compared with polysomnography.
Sleep. 2021;44:zsaa291. doi:10.1093/sleep/zsaa291

10. WetsmanN.AppleWatch’sdata‘blackbox’posesresearchproblems.
The Verge. 2021. https://www.theverge.com/2021/7/27/22594178/
apple-watch-data-research-heart-rate-reliability

11. Yamashita A, Yahata N, Itahashi T, et al. Harmonization of
resting-state functional MRI data across multiple imaging sites
via the separation of site differences into sampling bias and
measurement bias. PLoS Biol. 2019;17:€3000042. doi:10.1371/
journal.pbio.3000042

12. Walch O, Huang Y, Forger D, Goldstein C. Sleep stage predic-
tion with raw acceleration and photoplethysmography heart
rate data derived from a consumer wearable device. Sleep.
2019;42:757180. doi:10.1093/sleep/zsz180

G20z 1udy /| uo1sanb Aq $8EESE./1 L 0YeSZ//8Y/o1o1Ee/daaIs/Ww0d dno olWwapeoE//:Sd)y Wolj papeojumoq


https://doi.org/10.1093/sleep/15.5.461
https://doi.org/10.1093/sleep/17.3.201
https://doi.org/10.1038/s41746-023-00802-1
10.1093/sleep/zsae099
10.1093/sleep/zsae099
https://doi.org/10.1249/MSS.0000000000000145
10.1093/sleep/zsae267
10.1093/sleep/zsae267
10.1093/sleep/zsad155
https://doi.org/10.1093/sleep/zsad325
10.1093/sleep/zsaa291
https://www.theverge.com/2021/7/27/22594178/apple-watch-data-research-heart-rate-reliability
https://www.theverge.com/2021/7/27/22594178/apple-watch-data-research-heart-rate-reliability
https://doi.org/10.1371/journal.pbio.3000042
https://doi.org/10.1371/journal.pbio.3000042
https://doi.org/10.1093/sleep/zsz180

	Revisiting customized algorithms for research grade devices
	References


