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Abstract— Actigraphy offers a low-cost alternative to con-
ventional polysomnography (PSG) for screening of sleep-wake
patterns. Effective use of actigraphy signals requires reliable
methods for detecting sleep-wake states from actigraphy mea-
surements. Hence, there is a growing interest in machine learn-
ing methods for training predictive models of sleep-wake states
from actigraphy data. Existing work has focused on training
a single predictive model for the entire population. However,
accounting for individual differences, such as age, biological
factors, or lifestyle-related variations, calls for personalized
models for reliable identification of sleep-wake states from
actigraphy data. This study investigates whether personalized
models, trained on individual data, can match the performance
of generalized models trained on population data. Using a
dataset of 54 individuals, we systematically trained and tested
personalized and generalized sleep-wake detectors developed
using five commonly used machine learning algorithms. Results
of our experiments show that personalized sleep-wake predic-
tors are competitive, in terms of their predictive performance,
with their generalized counterparts. Our work demonstrates
the feasibility of developing reliable personalized sleep-wake
states predictors from actigraphy data. This study lays the
groundwork for developing personalized models for sleep-wake
states detection that are better equipped to handle individual
differences.

[. INTRODUCTION

Sleep impacts virtually all aspects of life, including health,
mood, emotions, cognition, memory, behavior, and perfor-
mance. Polysomnography (PSG), together with clinical as-
sessments, is the de facto gold standard for assessing sleep
quality and diagnosing sleep disorders [1]. However, the
cost of PSG recordings and the need for expert scoring
of PSG signals to identify sleep-week states can limit the
applicability of PSG in large-scale population-level sleep
studies, especially those aimed at characterizing individual
differences in sleep patterns under real-world conditions.

Actigraphy, which measures movement using an ac-
celerometer, often augmented with additional sensors, of-
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fers a relatively inexpensive, portable, convenient, and non-
invasive alternative to PSG for screening of sleep disor-
ders. Actigraphy’s validity in assessment of sleep has been
recognized by American Sleep Disorders Association and
extensive research shows growing interest in using actigraphy
for studies on sleep health [2]. However, effective use of
actigraphy requires methods for reliable detection of sleep-
wake states from actigraphy data. Hence, a variety of meth-
ods have been developed for this problem including sleep
scoring algorithms [3]-[16], and sleep-wake states predictors
trained on datasets of expert-annotated actigraphy data using
machine learning methods [17]-[19].

We note that existing methods for sleep-wake states pre-
diction rely on a single algorithm, or a single predictive
model, which we refer to as a generalized model, for the
entire population. However, several studies have reported
considerable variability in sleep patterns across individuals
due to characteristics such as age, lifestyle, biological factors,
and prescription drug use [20], [21]. Accounting for such
variability calls for personalized sleep-wake states predictors.
Such personalized models offer the additional advantage of
being amenable to being trained in sifu on each individual’s
mobile device, thus eliminating the need for aggregating and
analyzing the data in a central repository, and enhancing
privacy and security.

Against this background, this study investigates whether
personalized sleep-wake states predictors that are trained on
individual data can match the performance of their gener-
alized counterparts that are trained on population data. The
results of our experiments show that personalized models can
achieve performance that is competitive with their general-
ized counterparts. Furthermore, for approximately 30% of the
individuals, personalized models had greater prediction accu-
racy than their generalized counterparts. Hence, these results
establish the feasibility of developing reliable personalized
sleep-wake states predictors from actigraphy data.

II. MATERIALS AND METHODS
A. Data

The data used in this study are obtained from [9] and con-
sist of simultaneous actigraphy and PSG recordings obtained
in the sleep laboratory, from healthy adults (baseline) [22]—
[24], older adults (previously unpublished data described
in [9]), sleep restriction in healthy participants [25] (sleep
recordings were in controlled standardized conditions and
study participants received either no medication or placebo
on individual nights), and daytime sleep of night-workers
[26]. In all cases, participants spent 8.5 hours in bed except
in the sleep restriction study which included 10 hours in bed
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on each of the sleep-replete nights and 5 hours in bed on
sleep restricted nights. For each participant, we have data
from multiple sleeping periods, with each sleeping period
consisting of roughly 1000 epochs of 30-second duration
each. Each such epoch is assigned a sleep/wake label based
on expert annotation of the PSG signal for the same epoch.
Because our exploratory analyses showed that we need data
from > 2 sleeping periods for training the predictors and
we need at least 1 additional sleeping period for testing the
predictors, we limited our analyses to 54 participants with
data for a minimum of 3 sleeping periods. To factor out
any night-specific effects, we randomly partitioned data from
the 54 participants into three disjoint groups, each with 18
participants. For each participant, we designated one of the
first 3 sleeping periods for testing and all of the remaining
sleeping periods for training the classifier(s), with the group
membership determining which, among the first 3 nights,
to set aside for testing. We normalized the raw actigraphy
measurements to fall in the interval [0,1] for each sleeping
period so as to minimize the effect of variability across
devices and/or across participants.

B. Feature Extraction

Based on the results of an initial exploratory analysis,
we used the features extracted from a sliding window of
21 actigraphy epochs, centered at the target epoch, as input
to the sleep-wake states predictor. From each window, we
extracted 18 features used in previous studies [16], [27]:
10th, 20t*, 50t", 75", and 90" percentiles, mean, sum
of values, standard deviation, coefficient of variation, peak-
to-peak amplitude, inter quartile range, skewness, kurtosis,
signal power, peak intensity, zero crossings, time above
threshold, and maximum value, along with the 21 normalized
actigraphy measurements. Thus, each sliding window was
encoded by a 39-tuple of feature values; and labeled as either
sleep, or wake.

C. Predictive Models

We experimented with 5 commonly used machine learn-
ing algorithms all using Python’s sklearn (version 0.17.1)
implementations (with the default parameter settings unless
stated otherwise): 1) Naive Bayes (NB) [28] with a multi—
variate Bernouli model for the likelihood and default sklearn
discretization scheme for continuous values, 2) Regularized
logistic regression (RLR) [29] with an L2 regularizer and
stochastic gradient descent (SGD) used to optimize the
objective function, 3) Random forest (RF) [30] with 100
trees, 4) AdaBoost (AB) [31] with a 100 decision trees,
and 5) Extreme gradient boosting (XGB) [32], [33] with
100 trees, trained using a logistic loss function, and an L2
regularization term.

D. Performance Evaluation

We trained personalized sleep-wake states predictors, one
for each individual, using the individual’s training data. We
also trained generalized sleep-wake states predictors using
the training data from the entire population. In both cases,

to permit direct comparison, the resulting predictors were
evaluated on the test data for each individual. Designating
wake and sleep states as the positive and negative classes,
respectively, we used the standard performance measures of
accuracy (ACC), sensitivity (SN), specificity (SP), Matthews
correlation coefficient (MCC) [34], and the area under the
Receiver Operating Characteristic (ROC) curve [35] to eval-
uate the performance of the resulting binary (sleep/wake)
classifiers.

III. RESULTS

A. How do personalized sleep-wake predictors compare with
their generalized counterparts?

For each choice of learning algorithm (See Section II. C),
we compare the performance of the generalized sleep-wake
predictors with their personalized counterparts in terms of
ACC, SN, SP, MCC, and AUC. Table 1 shows performance
estimates averaged over individuals drawn from all studies.
We observe that the performance of the personalized sleep-
wake states predictors, as measured by the average AUC
estimated from test data, is comparable to that of their
generalized counterparts, a conclusion that is borne out
by comparison of the corresponding ROC plots (Fig. 1,
darker orange and blue curves). We further observe from
Table 1 that the XGB sleep-wake predictors outperform
their NB, RLR, AB, and RF counterparts with an AUC of
0.84. Table 2 shows performance estimates averaged over
individuals within each study. We observe that in each case,
the performance of personalized models is competitive with
that of their generalized counterparts. Furthermore, we found
no significant correlations between the difference in the
performance (AUC) of personalized models trained using
XGB and their generalized counterparts, and the individual
characteristics (age, gender, sleep disorder, and time in bed).
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Fig. 1. ROC curves of Personalized and Generalized XGB sleep-wake

states predictors. The two darker ROC curves show the performance of the
generalized predictor (blue) and personalized predictors (orange) averaged
over all individuals across all studies. The lighter curves show performance
of the generalized XGB predictor and personalized XGB predictors tested
on each individual.
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TABLE 1
PERFORMANCE OF PERSONALIZED AND GENERALIZED SLEEP-WAKE STATES
PREDICTORS AVERAGED OVER ALL PARTICIPANTS ACROSS ALL STUDIES
COMBINED.

Personalized models

Generalized models

Classifier ACC SN SP MCC AUC ACC SN Sp MCC AUC

NB 075 074 0.74 0.38 083 075 0.69 0.77 036 0.83

RLR 086 029 0.98 036 082 086 026 099 0.35 0.83

RF 0.85 045 093 040 081 0.86 041 0.96 0.41 0.80

AB 086 046 0.95 044 080 0.87 037 098 045  0.85

XGB 0.8 045 095 045 084 087 038 098 045  0.85
TABLE I

PERFORMANCE OF PERSONALIZED AND GENERALIZED SLEEP-WAKE STATES PREDICTORS
AVERAGED SEPARATELY ACROSS INDIVIDUALS WITHIN EACH STUDY: SLEEP RESTRICTION
(SR), OLDER ADULTS ON MEDICATION (TI), ACOUSTICS DISTURBED (AC), AND NIGHT
WORKERS (NW).

Personalized models

Generalized models

Study  Classifier ACC SN Sp MCC AUC ACC SN Sp MCC AUC
NB 076 075 0.75 040 085 068 0.79 0.66 034 085
RLR 0.88 032 098 042 086 088 033 098 0.41 0.86
SR RF 0.87 047 094 044 085 087 050 0.95 047  0.85
AB 088 049 095 049 085 088 046 097 050  0.89
XGB 0.84 043 094 042 088 0.89 048 097 0.51 0.89
NB 0.80 0.67 0.80 038 0.84 075 074 0.75 039 083
RLR 0.86 023 1.00 0.35 0.8 08 020 0.9 027  0.84
TI RF 0.89 052 095 049 0.84 087 040 0.96 0.41 0.83
AB 090 048 098 053 086 087 037 0098 0.45 0.87
XGB 0.80 027 095 032 0.88 0.88 037 0098 046  0.88
NB 0.60 0.70 0.57 024 070 072 041 0.83 025  0.69
RLR 076 0.13  0.98 0.18 0.67 077 0.10 1.00 0.23 0.68
AC RF 072 026 0.88 0.17 0.64 076 0.17 0.96 0.21 0.63
AB 075 026 092 022 062 077 0.15 098 025  0.69
XGB 087 047 096 048 0.66 0.77 0.16 0098 025  0.69
NB 082 079 0.82 0.45 090 083 0.75 0.84 0.45 0.90
RLR 091 040 098 044 0.89 091 033 099 042 090
NW RF 091 053 095 049 088 091 049 0.96 048  0.86
AB 091 055 095 050 0.84 092 044 099 0.54  0.92
XGB 091 055 096 052 091 092 045 099 054 092

B. Do personalized sleep-wake predictors outperform their
generalized counterparts in some individuals?

Interestingly, in the case of 16 out of the 54 participants,
or roughly 30% of the population, personalized XGB sig-
nificantly outperforms generalized XGB in terms of AUC
(p — value < 0.00014 in t-test). Moreover, in the case
of 8 other individuals, performance of personalized XGB
matches that of generalized XGB (Data not shown). Thus,
in approximately 44% of the individuals, personalized XGB
outperforms or matches the performance of generalized
XGB. This raises the possibility of optimally combining

personalized and generalized models to further improve the
reliability of sleep-wake states detection.

IV. SUMMARY AND CONCLUSIONS

Accounting for differences in sleep patterns across indi-
viduals calls for personalized sleep-wake states predictors.
The results of this study have established the feasibility of
developing such personalized models that are competitive
with their generalized counterparts. These results open up
the possibility of avoiding expensive data collection efforts
from large pools of individuals to train generalized models.
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Our results have also shown that personalized predictors
substantially outperform their generalized counterparts in
approximately 30 percent of the individuals, suggesting the
possibility of developing personalized models for sleep-wake
states detection that are better able to cope with differ-
ences in individual characteristics or sleeping conditions
(e.g., ambient noise). Some directions for further research
include: development of personalized variants of the recently
introduced fully unsupervised models for sleep-wake states
prediction and sleep parameter estimation [36], as well as
application of the resulting methods to physical activity
recognition [27].
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