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Abstract

Study Objectives: The early detection of mental disorders is crucial. Patterns of smartphone behavior have been suggested to predict mental disorders. The aim of
this study was to develop and compare prediction models using a novel combination of smartphone and sleep behavior to predict early indicators of mental health

problems, specifically high perceived stress and depressive symptoms.

Methods: The data material included two separate population samples nested within the SmartSleep Study. Prediction models were trained using information
from 4522 Danish adults and tested in an independent test set comprising of 1885 adults. The prediction models utilized comprehensive information on subjective
smartphone behavior, objective night-time smartphone behavior, and self-reported sleep behavior. Receiver operating characteristics area-under-the-curve (ROC
AUC) values obtained in the test set were recorded as the performance metrics for each prediction model.

Results: Neither subjective nor objective smartphone behavior was found to add additional predictive information compared to basic sociodemographic factors
when forecasting perceived stress or depressive symptoms. Instead, the best performance for predicting poor mental health was found in the sleep prediction model
(AUC = 0.75, 95% CI: 0.72-0.78) for perceived stress and (AUC = 0.83, 95%CI: 0.80-0.85) for depressive symptoms, which included self-reported information on sleep
quantity, sleep quality and the use of sleep medication.

Conclusions: Sleep behavior is an important predictor when forecasting mental health symptoms and it outperforms novel approaches using objective and

subjective smartphone behavior.

Statement of Significance

The detection of early signs of mental disorders is crucial to prevent the progression of these disorders. Using data from two large popu-
lation samples with similar information, we applied a novel combination of objective high-resolution smartphone tracking data and
subjective information on smartphone and sleep behavior to predict perceived stress and depressive symptoms. The best predictive per-
formance was found in a basic model including only survey information on sleep behavior and sociodemographic factors. This indicates
that basic information on sleep behavior outperforms novel approaches using smartphone behavior when predicting poor mental health.
Monitoring sleep problems may be of clinical relevance in order to prevent and reduce the onset and progression of mental disorders.
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Introduction

Poor mental health is an increasing global public health issue,
and it constitutes a major contributor to the overall burden of
disease [1,2]. It has been estimated that one in ten adults suffers
from one or more mental disorders worldwide, with depressive
and anxiety disorders being the most common [2,3]. Mental dis-
orders also impose a high societal burden in terms of costs, lost
productivity, morbidity, and mortality [4]. Thus, identifying early
signs of poor mental health and forecasting the onset of mental
disorders may help mitigate their burden.

A growing body of studies have tried to exploit the enor-
mous digital data traces left behind from smartphone use and
utilized high-resolution smartphone tracking data to predict
poor mental health [4-13]. Previous studies using smartphone
tracking data identified specific smartphone behavior patterns
that predicted stress, low mental health, and depressive symp-
toms [4-6,8,10,11]. However, these studies were undertaken in
small samples and mainly in selected populations such as col-
lege students.

We hypothesize that prediction models can be improved by
specifically focusing on night-time smartphone behavior and by
considering additional subjective information on smartphone
behavior. Even though self-reported smartphone behavior may
not capture actual smartphone use [14-16], subjective smart-
phone behavior may convey important information in addition
to objective tracking data [17]. Indeed, information about ap-
praisals of smartphone behavior has previously been linked to
mental health problems independently of actual use [14,17].

Sleep problems are key symptoms of depression and other
mental disorders [18,19] and previous studies have shown that
sleep behavior is a well-established predictor when forecasting
mental disorders [5,20-22]. Thus, using a novel combination of
objective night-time smartphone behavior, subjective smart-
phone behavior, and sleep behavior may contribute to an early
detection of mental health symptoms.

In this study, we combine objective night-time smartphone
behavior, a subjective appraisal of smartphone behavior, and
self-reported sleep to predict early signs of mental disorders
based on two separate population samples with information on
sociodemographic factors, smartphone, and sleep behavior from
both survey and tracking data. We hypothesize that models
predicting poor mental health can be improved by adding infor-
mation on smartphone behavior in addition to sleep behavior
and sociodemographic information.

Methods
Study samples

We used data from the SmartSleep Study, which includes two
separate population samples with similar information on
sociodemographic factors, smartphone, and sleep behavior from
both survey and tracking data. For model training, we used data
from the Population Sample, in which 85 000 randomly selected
Danish adults aged between 18-50 years (mean 34.4 (SD: 9.6))
were invited to participate in the SmartSleep Study between July
and October 2020 via a secure digital postbox. Participants were
asked to download and install the SmartSleep app (GitHub reposi-
tory: https://github.com/smartsleepku) on their smartphone
(either i0S or Android). The app was specifically developed for

this research project. The app continuously tracked all screen
activations during self-reported sleep hours. Each night, parti-
cipants specified their sleep onset and offset times from which
sleep hours were calculated. If the sleep onset or offset times
specified in the evening had changed during the specific night,
the participants were asked to correct sleep onset and offset
times in the morning. The participants were asked to have the
app running in the background for up to 14 nights (median:
3 nights (Interquartile range (IQR)1-6)) and once complete a
survey, which was embedded in the app. The survey collected
detailed information on sociodemographic factors, smartphone
behavior, sleep patterns, mental health, and well-being. Up to
two reminders were sent to nonresponders. In total, 4522 adults
tracked their night-time smartphone behavior and filled out the
survey (5% response rate) (Supplementary Figure S1)

To assess the performance of the prediction models, we
used independent data. The Citizen Science Sample included 1885
Danish adults aged >15 years who were invited to participate
in the study between February and July 2020 (15% response
rate) (Supplementary Figure S1). The participants were similarly
asked to download and install the SmartSleep app and have the
app running in the background for up to 14 nights (median: 5
nights (IQR: 2-11)) and fill in a survey once. The Citizen Science
Sample is part of a citizen science arm of the SmartSleep Study
where 25 135 adults in 2018 participated in a shorter version of
the survey carried out for one week in collaboration with the
Danish Broadcasting Corporation. In total, 12 348 adults con-
sented to be further contacted. Details about this study popula-
tion have been described previously [23].

The present study was approved by the Danish Data
Protection Agency through the joint notification of The Faculty
of Health and Medical Sciences at The University of Copenhagen
(approval no. 514-0288/19-3000).

Analytical framework

Mental health prediction models. We hypothesize that models
predicting poor mental health can be improved by adding infor-
mation on smartphone behavior in addition to sleep behavior
and sociodemographic information. To test this hypothesis, we
have organized the features into five prediction models based on
the complexity of information (Table 1). In the sociodemographic
model, we only include sociodemographic features of age, sex,
and educational level as a basic model for comparison. Then
follows three models in which we in addition to the basic
sociodemographic features include a) objective night-time
smartphone behavior, b) subjective smartphone behavior and
c) self-reported sleep measures to test the individual predictive
value of each of these three dimensions. Finally, we combine the
previous four models into the smartphone and sleep model in
which we include all features used in the previous models.

Data cleaning and missing data imputation

Missing survey data and missing summary measures of tracking
data were imputed using the missForest R package [24], which is
an algorithm utilizing random forest to impute missing data in
the data matrix based on observed data points. We assumed a
missing-at-random (MAR) missingness pattern for the utilized
variables [25]. The two study samples were imputed within a

220z aunp Lz uo yoddns Aq zg8105G9//909852/9/G{/o101ue/das|s/wod dno-ojwapede//:sdjy woly papeojumoq


https://github.com/smartsleepku
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsac067#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsac067#supplementary-data
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Prediction models

Sociodemographic Objective night-time Subjective smartphone Sleep Combined
Features model smartphone behavior model behavior model model model
Sociodemographic factors X X X X X
Objective night-time smartphone behavior X X
Subjective smartphone behavior X X
Sleep behavior X X

multiple imputation framework; ten imputed data sets of both
study samples were imputed, and all downstream analyses
were undertaken in each of the ten imputed data sets.

In total, 188 variables were included in the two data sets be-
fore multiple imputations. Before multiple imputations, data
in both samples were preprocessed by removing variables with
zero or near-zero variance (n = 30) using the caret R package [26].
After multiple imputations, the self-reported duration of night-
time smartphone use per night and the self-reported number of
night-time smartphone activations per night were removed due
to a high correlation (Spearman’s rho > 0.8) with other features.

Statistical analysis

Statistical analyses were conducted using R software
version 4.1.1.

Firstly, characteristics of the Population Sample and the
Citizen Science Sample were pooled across the ten imputed
data sets. Two sets of prediction models, one for high per-
ceived stress and one for depressive symptoms as outcomes
were developed using three different algorithms: logistic re-
gression (GLM), artificial neural network (ANN), and random
forest (RF). Prediction models were trained in the Population
Sample using a 5-fold cross-validation [27]. Default param-
eters of the nnet() and randomForest() functions were used.
Two hyper-parameters were used for the ANN algorithm: the
number of units in the hidden layer (3; 6; 9) and the regular-
ization parameter decay (0; 0.1; 0.0001). One hyper-parameter
was used for the RF algorithm: the number of variables in
each split (2, 4, 6, and 8). Model performance was assessed
using the area under the receiver operating characteristics
curve (ROC AUC) metric during both training and testing [28].
For GLM, the best performing model from the cross-validation
was subsequently tested in the Citizen Science Sample (inde-
pendent test set). For ANN and RF, the best performing hyper-
parameters were used to re-train a model using the entire
Population Sample and the resulting models were subsequently
tested on the Citizen Science Sample. ROC AUC values across
the ten imputed data sets of the Citizen Science Sample were
pooled using Rubin’s Rules [29] and recorded as the final per-
formance metrics.

Measures

Supplementary Table S1 shows an overview of the features
included in the prediction models and details are briefly
outlined below.

Sociodemographic factors. We used self-reported information on
the age, sex (female; male), and the highest educational level

(long-cycle higher education; medium-cycle higher education;
short-cycle higher education; technical vocational education,
upper secondary education; primary school; other)

Objective night-time smartphone behavior. High-resolution data
from the SmartSleep app included more than two million data
points from more than 27 000 nights (5.5 nights on average per
participant). We objectively recorded whether participants had
any smartphone activations between the self-reported sleep
onset and offset times. Only nights with more than 5% of smart-
phone activity during sleep hours were considered. The frequency
of nights with smartphone activity was then calculated as the per-
centage of nights with activity in relation to all fully tracked
nights. Furthermore, we determined the average percentage of
the duration of smartphone activity in relation to self-reported
sleep hours (average duration of smartphone activity).

Subjective smartphone behavior. The survey included compre-
hensive information on the participants’ self-reported smart-
phone behavior including frequency of daytime smartphone
use, frequency of social media use, problematic smartphone
use (a seven-item subscale of the Problematic Mobile Phone
Use Questionnaire (PMPU-SV) [30] where each item is rated on a
four-point Likert scale from 1 “strongly disagree” to 4 “strongly
agree”), frequency of smartphone use immediately before
falling asleep, frequency of smartphone use during sleep hours
and whether the participants feel disturbed by the smartphone
during sleep hours. Moreover, we obtained self-reported infor-
mation on the duration of night-time smartphone use per night,
the number of smartphone activations per night, and the timing
of smartphone use during sleep hours.

Sleep behavior. Participants’ sleep duration on weekdays was
calculated based on self-reported sleep onset and offset times
on weekdays. Additionally, we surveyed sleep quality assessed
using a Danish translation of a validated short version of the
Karolinska Sleep Questionnaire (KSQ) [31]. The KSQ includes
four items, and each item is rated on a 5-point Likert scale from
1 “never” to 5 “every night or almost every night”. The frequency
of sleep medication use was assessed by asking how often
during the past month they have taken medicine (prescribed or
over the counter) to help them sleep with response options ran-
ging from “never” to “3 or more times a week”.

High perceived stress. Perceived stress was measured using a
Danish consensus translation of the Perceived Stress Scale (PSS-
10), which is a psychological instrument measuring the degree
to which individuals believe their life has been unpredictable,
uncontrollable, and overloaded during the previous month
[32,33]. PSS-10 consists of 10 items each rated on a five-point
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Likert scale from 0 “never” to 4 “very often”. The PSS-10 score
thus ranges between 0 and 40 where higher scores indicate
higher levels of perceived stress. To identify individuals with
high perceived stress, the PSS-10 was dichotomized. As there
is no predefined cut-off for PSS-10, individuals with high per-
ceived stress were defined as the highest quintile (20% of the
total sample) of the participants in the Population Sample, which
corresponded to a cut-off of 19. The same cut-off of 19 was sub-
sequently used in the Citizen Science Sample.

Depressive symptoms. Depressive symptoms were measured by
the Major Depression Inventory (MDI) [34], which consists of 12
items, each item rated on a six-point Likert Scale from 0 “at no
time” to 5 “all the time”. For item pairs 8 and 9 and 11 and 12,
only the highest score was used to calculate the total MDI score.
The resulting ten item scores were summed up ranging from 0
to 50 where higher scores indicate more depressive symptoms.
To identify individuals with depressive symptoms, the MDI scale
was dichotomized, and depressive symptoms were defined as a
score of 21 or above as suggested in previous studies [35].

Results
Characteristics of the two samples

Table 2 shows the characteristics of the Population Sample and
the Citizen Science Sample.

When comparing the distributions of age, sex, and educa-
tional level in both samples with the general adult Danish
population, both samples had a larger proportion of women,
middle-aged individuals (31-50 years), and individuals with a
higher educational level (Supplementary Table S2).

Performance of prediction models

The ROC AUC values for the training set (the Population Sample)
are shown in Supplementary Table S3. Table 3 shows the ROC
AUC values and 95% confidence intervals (CI) for each of the five
models predicting high perceived stress and depressive symp-
toms in the test set (the Citizen Science Sample) using the GLM,
ANN, and RF algorithms. As shown in Table 3, there were only

minor differences across the three different algorithms and the
results presented below are based on the GLM model, which
showed the best performance.

The basic sociodemographic model demonstrated a ROC AUC
value of 0.63 (95% CI: 0.59-0.66) for predicting high perceived
stress and 0.66 (95% CI: 0.62-0.70) for predicting depressive
symptoms. Neither information on objective night-time smart-
phone behavior nor subjective smartphone behavior increased
the performance of the models. The sleep model achieved a
ROC AUC value of 0.75 (95% CI: 0.72-0.78) for predicting high
perceived stress and 0.83 (95% CI: 0.80-0.85) for predicting de-
pressive symptoms. The combined model with information on
sociodemographic factors, objective and subjective smartphone
behavior and sleep (ROC AUC = 0.74, 95% CI = 0.72-0.77 for high
perceived stress and ROC AUC = 0.81, 95% CI = 0.78-0.84 for de-
pressive symptoms) did not perform better than the sleep model.

ROC AUC values in the training set and the test set were rela-
tively similar and the predictive performance was only slightly
higher in the training set than in the test set.

Figures 1 and 2 show the ROC curves for the five prediction
models for predicting high perceived stress and depressive
symptoms, respectively.

Conclusion/Discussion

We hypothesized that smartphone behavior could help predict
early signs of mental health problems. We tested this hypothesis
in two large independent data sets using both objectively and
subjectively measured smartphone behavior, in comparison to
a well-established approach relying on self-reported informa-
tion on sleep behavior. Contrary to our hypothesis, we found
that the best predictive performance was achieved using self-
reported information on sleep. This seems to indicate that the
seven basic questions on sleep quantity, sleep quality and the
use of sleep medication can outperform novel approaches using
smartphone behavior in predicting and identifying individuals
suffering from high perceived stress and depressive symptoms.
As shown in the literature, poor sleep behavior is strongly re-
lated to mental disorders [22,36,37]. Our findings confirm that
individuals’ sleep behavior may carry important clinical infor-
mation and help forecast the onset of mental health symptoms.

Table 2. Pooled characteristics of individuals in the Population Sample and the Citizen Science Sample

Population Sample N = 4522

Citizen Science Sample N = 1885

Age, mean (SD)

Female, %

Educational level, %

Long-cycle higher education
Medium-cycle higher education
Short-cycle higher education
Technical vocational education
Upper secondary school

Primary school

Other

Smartphone dependency, mean (SD)
Nights with at least 5% screen activity, mean % (SD)?
Hours of sleep duration, mean (SD)
High perceived stress, %

Depressive symptoms, %

36.6 (10.2) 44.4 (14.5)
65 64
25 33
28 32
8 9
18 13
13 8
6 3
2 2
17.5 (3.8) 17.5 (3.9)
435 (35.4) 38.5 (34.6)
7.8 (0.94) 7.8 (0.96)
20 19
12 10

“Mean percentage of nights with at least 5% screen activity in relation to all tracked nights for each participant
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Table 3. Pooled ROC AUC? values and 95% confidence intervals for predicting high perceived stress and depressive symptoms in the Citizen

Science Sample of 1885 Danish adults

High perceived stress

Depressive symptoms

GLMP ANNe RF¢

GLM" ANNe© RF¢

ROC AUC (95%CI) ROC AUC (95%CI) ROC AUC (95%CI) ROC AUC (95%CI) ROC AUC (95%CI) ROC AUGC (95%CI)

Sociodemographic model

Objective night-time
smartphone behavior
model

Subjective smartphone
behavior model

Sleep model

Sleep and smartphone
behavior model

0.63 (0.59-0.66)
0.63 (0.60-0.67)

0.63 (0.59-0.66)
0.64 (0.60-0.67)

0.65 (0.62-0.69)  0.63 (0.59-0.68)

0.75 (0.72-0.78)
0.74 (0.72-0.77)

0.74 (0.70-0.77)
0.72 (0.67-0.77)

0.52 (0.49-0.56)
0.61 (0.57-0.65)
0.64 (0.61-0.68)

0.71 (0.68-0.74)
0.73 (0.70-0.76)

0.66 (0.62-0.70)
0.67 (0.64-0.72)

0.65 (0.60-0.69)
0.67 (0.62-0.72)

0.50 (0.46-0.54)
0.63 (0.58-0.67)

0.68 (0.64-0.73)  0.66 (0.60-0.71)  0.67 (0.62-0.71)
0.83 (0.80-0.85)

(0.78-0.84)

0.78 (0.66-0.89)
0.77 (0.72-0.82)

0.78 (0.75-0.81)
0.79 (0.76-0.82)

2ROC AUC: Area under the receiver operating characteristic curve,
"GLM: logistic regression models,

°ANN: artificial neural network algorithm,

dRF: random forest algorithm

1.00

0.75+

Sensitivity

0.501

0.251

Sociodemographic factors, ROC AUC = 0.63

Objective night-time smartphone behaviour, ROC AUC = 0.63
Subjective smartphone behaviour, ROC AUC = 0.65

Sleep, ROC AUC =0.75

Sleep and smartphone behaviour, ROC AUC = 0.74

0.00
0.00 0.25 0.50 0.75

1-Specificity

1.00

Figure 1. Receiver operating characteristics (ROC) curves for the five prediction models predicting high perceived stress. The ROC curves are based on prediction models
from one imputed dataset. ROC AUC: Area under the receiver operating characteristics curve.

Furthermore, screening the general population for sleep prob-
lems may be a valuable tool for early identification and preven-
tion of mental health symptoms.

Contrary to previous studies [4-6,8-10], findings in the
present study indicate that objective and subjective smart-
phone behavior does not add more information than basic
sociodemographic factors when forecasting poor mental health.
A recent study identified clusters of mobile phone use, showing
that frequent and prolonged night-time smartphone use was
associated with poor mental well-being, but prolonged daytime
smartphone use was not [7]. However, this previous study did
not include information on sleep patterns. Similarly, no previous
studies have developed prediction models using information on

both sleep and smartphone behavior to predict poor mental
health [4-6,8,10].

Strengths, limitations, and future directions

The main strength of this study is that we considered two
large population samples. We hence had the unique oppor-
tunity to train the prediction models in a large sample of 4522
adults using a 5-fold cross-validation and then, test the models
in an independent sample, which may improve the applic-
ability and generalizability of the prediction models. Moreover,
we used multiple imputations to reduce bias introduced by
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Sociodemographic factors, ROC AUC = 0.66
— Objective night-time smartphone behaviour, ROC AUC = 0.67
—— Subjective smartphone behaviour, ROC AUC = 0.68

Sleep and smartphone behaviour, ROC AUC = 0.81

1.001
0.751
£
2
‘0
C
[
(7}
0.501
Models
0.251
—— Sleep, ROC AUC =0.83
0.00
0.00 0.25 0.50 0.75 1.00
1-Specificity

Figure 2. Receiver operating characteristics (ROC) curves the five prediction models predicting depressive symptoms. The ROC curves are based on prediction models
from one imputed dataset. ROC AUC: Area under the receiver operating characteristics curve.

missingness. Finally, the use of validated scales limited the risk
of measurement errors.

Despite the remarkable number of participants, we registered
a relatively low response rate in both samples, probably due to
the demanding task of downloading an app on participants’
private phones and track their smartphone behavior for up
to 14 nights to participate in the study. Indeed, most partici-
pants tracked their night-time smartphone use for fewer nights
(Population Sample: median 3 nights (IQR: 1-6) and The Citizen
Science Sample: median 5 nights (IQR: 2-11). Consequently, this
may have lowered the reliability of the objective night-time
smartphone use measures as participants may have tracked their
night-time smartphone use on selected nights e.g., nights where
they did not use their smartphone. If so, we may have underesti-
mated the frequency of nights with smartphone activity in our
study. Recent studies also struggle with low response rates and
self-selected samples when using high-resolution smartphone
tracking data [38-40]. As a consequence, the study populations
in the present study are self-selected and not representative of
the Danish adult population as there are larger proportions of
women, middle-aged individuals, and individuals with a higher
educational level in both population samples compared to the
adult population in Denmark. Furthermore, it is likely that indi-
viduals with high perceived stress or depressive symptoms may
be less likely to participate. While this may affect the generaliz-
ability of our results, it is reassuring to find very robust patterns
across the training and test data samples.

In our sleep prediction model, we used self-reported val-
idated information on sleep behavior. We showed that simple
questions on sleep behavior are relatively good predictors when
forecasting mental health symptoms. Identifying sleep problems
as a symptom of poor mental health at an early stage may be of
high clinical importance to prevent and reduce the onset and
progression of mental disorders. Furthermore, sleep behavior
may also be important for the individual’s resilience level, which

has shown to be important when coping with e.g., the COVID-19
pandemic [41,42]. Recent research has shown that smartphone
tracking data and wearable devices offer great potential in the
assessment of sleep behavior as they may overcome the chal-
lenges from self-reported sleep behavior [43]. Future studies may
benefit from using high-resolution smartphone tracking data
and wearable devices to measure sleep behavior. Furthermore,
as poor sleep and poor mental health are highly intertwined,
exploring to what extent measures of sleep behavior and poor
mental health investigate the same underlying feature is a chal-
lenging task. Thus, we suggest future investigation on whether
changes in sleep patterns may help us predict early signs of
mental disorders using longitudinal studies.

In the present study, we use summary measures of ob-
jective night-time smartphone use and these may not cap-
ture the time-varying smartphone activity during the sleep
hours over a two-week period. This may partly explain why
night-time smartphone behavior did not predict poor mental
health in the present study. Thus, we suggest caution in
interpreting our findings and we emphasize that future
studies will benefit from using temporal trajectories of night-
time smartphone use or smartphone accelerometer data to
explore whether smartphone behavior can predict early signs
of poor mental health.

In conclusion, self-reported sleep behavior was found to
outperform novel approaches using both subjective and ob-
jective smartphone behavior in predicting poor mental health
in Danish adults. Monitoring sleep problems may be of clinical
relevance to prevent and reduce the onset and progression of
mental disorders.

Supplementary material

Supplementary material is available at SLEEP online.

220z aunp Lz uo yoddns Aq zg8105G9//909852/9/G{/o101ue/das|s/wod dno-ojwapede//:sdjy woly papeojumoq



Acknowledgments

We would like to acknowledge the contributions of Christoffer
Sejling and Henning Johannes Drews for their statistical assist-
ance and critical review of the manuscript.

Funding

The project was funded by the Independent Research Fund
Denmark (grant number 7025-00005B), Helsefonden (grant
number 20-B-0254) and the Velliv Association (grant number
20-0047).

Disclosure Statement

ASD’s contribution to the paper was confined to her previous
position as Assistant Professor at University of Copenhagen, and
not her current position at Lundbeck A/S.

Data Availability Statement

The data underlying this article cannot be shared publicly due
to the privacy of individuals that participated in the study. The
data will be shared on reasonable request to principal inves-
tigator of the SmartSleep project Professor Naja Hulvej Rod
(nahuro@sund.ku.dk).

References

1. Rehm J, et al. Global burden of disease and the impact
of mental and addictive disorders. Curr Psychiatry Rep.
2019;21(2):10.

2. GBD 2019 Diseases and Injuries Collaborators. Global burden
of 369 diseases and injuries in 204 countries and territories,
1990-2019: a systematic analysis for the Global Burden of
Disease Study 2019. Lancet. 2020;396(10258):1204-1222.

3. Dattanis$, et al. Mental Health. Our World in Data 2021 [cited
2022 March 8]; Available from: https://ourworldindata.org/
mental-health. Accessed March 8, 2022.

4. Saeb S, et al. Mobile phone sensor correlates of depressive
symptom severity in daily-life behavior: an exploratory
study. ] Med Internet Res. 2015;17(7):e175.

5. SanoA,etal. Identifying objective physiological markers and
modifiable behaviors for self-reported stress and mental
health status using wearable sensors and mobile phones:
observational study. ] Med Internet Res. 2018;20(6):e210.

6. Place S, et al. Behavioral indicators on a mobile sensing plat-
form predict clinically validated psychiatric symptoms of
mood and anxiety disorders. ] Med Internet Res. 2017;19(3):e75.

7. Katevas K, et al. Typical phone use habits. In: Proceedings
of the 20th International Conference on Human-Computer
Interaction with Mobile Devices and Services. 2018,
Association for Computing Machinery: September 3-6, 2018
Barcelona, Spain. p. 1-13.

8. Thakur SS, Roy RB. Predicting mental health using smart-
phone usage and sensor data. ] Ambient Intell Humaniz
Comput. 2020;12(10): 9145-9161.

9. Ware S, et al. Predicting depressive symptoms using smart-
phone data. Smart Health. 2020; 15:100093.

10. Farhan AA, et al. Behavior vs. introspection: refining predic-
tion of clinical depression via smartphone sensing data. In:

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Otte Andersenetal. | 7

2016 IEEE Wireless Health; October 25-27, 2016; Bethesda,
MD: p. 1-8.

Umematsu T, et al. Improving Students’ Daily Life Stress
Forecasting using LSTM Neural Networks. In: 2019 IEEE
EMBS International Conference on Biomedical & Health
Informatics. May 19-22, 2019; Chicago, IL: p. 1-4.

GaoY, et al. Predicting Subjective Well-Being by Smartphone
Usage Behaviors. In: Proceedings of the International
Conference on Health Informatics, March 3-6, 2014; Angers,
Loire Valley, France; p. 317-322. 2014.

Wang R, et al. Tracking depression dynamics in college stu-
dents using mobile phone and wearable sensing. Proc ACM
Interact Mob Wearable Ubiquitous Technol. 2018. 2(1):1-26.
Andrews S, et al. Beyond self-report: tools to compare
estimated and real-world smartphone use. PLoS One.
2015;10(10):e0139004.

Boase J, Ling R. Measuring mobile phone use: self-report
versus logdata.] Comput-Mediat Commun. 2013;18(4):508-519.
Ellis DA. Are smartphones really that bad? Improving the
psychological measurement of technology-related behav-
iors. Comput Hum Behav. 2019;97:60-66.

Johannes N, et al. The relationship between online vigilance
and affective well-being in everyday life: combining smart-
phone logging with experience sampling. Media Psychol.
2020;24(5):581-605.

Armitage R. Sleep and circadian rhythms in mood dis-
orders. Acta Psychiatr Scand Suppl. 2007;115(433):104-115.
Tsuno N, et al. Sleep and depression. J Clin Psychiatry.
2005;66(10):1254-1269.

Fang H, et al. Depression in sleep disturbance: a review on
a bidirectional relationship, mechanisms and treatment. ]
Cell Mol Med. 2019;23(4):2324-2332.

Wickham SR, et al. The big three health behaviors and
mental health and well-being among young adults: a
cross-sectional investigation of sleep, exercise, and diet.
Front Psychol. 2020;11:579205.

Hertenstein E, et al. Insomnia as a predictor of mental dis-
orders: a systematic review and meta-analysis. Sleep Med
Rev. 2019;43:96-105.

Dissing AS, et al. Daytime and nighttime smartphone use:
a study of associations between multidimensional smart-
phone behaviours and sleep among 24,856 Danish adults. J
Sleep Res. 2021;30(6):e13356.

Stekhoven DJ, et al. MissForest-non-parametric missing
value imputation for mixed-type data. Bioinformatics.
2012;28(1):112-118.

Sterne JA, et al. Multiple imputation for missing data in epi-
demiological and clinical research: potential and pitfalls.
BM]J. 2009;338:b2393.

Kuhn M. Building predictive models in R using the caret
package. J Stat Softw. 2008;28(5):1-26.

de Rooij M, Weeda W. Cross-validation: a method every
psychologist should know. Adv Method Pract Psychol Sci.
2020;3(2):248-263.

Dankers F, et al. Prediction modeling methodology. In:
Kubben P, et al., eds. Fundamentals of Clinical Data Science.
Cham (CH): Springer; 2019: 101-120.

Rubin DB. Multiple Imputation for Nonresponse in Surveys. New
York: Wiley; 1987.

Billieux J, et al. The role of impulsivity in actual and
problematic use of the mobile phone. App Cogn Psychol.
2008;22(9):1195-1210.

Kecklund G, et al. The pattern of slow wave activity in spon-
taneously occurring long sleep. J Sleep Res. 1992;1(1):30-34.

220z aunp Lz uo yoddns Aq zg8105G9//909852/9/G{/o101ue/das|s/wod dno-ojwapede//:sdjy woly papeojumoq


https://ourworldindata.org/mental-health
https://ourworldindata.org/mental-health

32.

33.

34.

35.

36.

37.

8

| SLEEPJ, 2022, Vol. 45, No. 6

Eskildsen A, et al. Cross-cultural adaptation and valid-
ation of the Danish consensus version of the 10-item
Perceived Stress Scale. Scand ] Work Environ Health.
2015;41(5):486-490.

Cohen S, et al. A global measure of perceived stress. ] Health
Soc Behav. 1983;24(4):385-396.

Bech P, et al. The sensitivity and specificity of the Major
Depression Inventory, using the Present State Examination
as the index of diagnostic validity. J Affect Disord.
2001;66(2-3):159-164.

Bech P, et al. Psychometric evaluation of the Major
Depression Inventory (MDI) as depression severity scale
using the LEAD (Longitudinal Expert Assessment of All
Data) as index of validity. BMC Psychiatry. 2015;15:190.
Freeman D, et al. Sleep disturbance and psychiatric dis-
orders. Lancet Psychiatry. 2020;7(7):628-637.

Pigeon WR, et al. Insomnia as a precipitating factor in new
onset mental illness: a systematic review of recent findings.
Curr Psychiatry Rep. 2017;19(8):44.

38.

39.

40.

41.

42.

43.

Kreuter F, et al. Collecting survey and smartphone sensor data
with an app: opportunities and challenges around privacy
and informed consent. Soc Sci Comput Rev. 2018;38(5):533-549.
Jirgens P, et al. Two half-truths make a whole? On bias
in self-reports and tracking data. Soc Sci Comput Rev.
2019;38(5):600-615.

Keusch F, et al. Willingness to participate in passive mobile
data collection. Public Opin Q. 2019;83(Suppl 1):210-235.
Bazzani A, et al. Sleep quality mediates the effect of
chronotype on resilience in the time of COVID-19. Chronobiol
Int. 2021;38(6):883-892.

Varma P, et al. Younger people are more vulnerable to stress,
anxiety and depression during COVID-19 pandemic: a
global cross-sectional survey. Prog Neuropsychopharmacol
Biol Psychiatry. 2021;109:110236.

Jonasdottir SS, et al. Gender differences in nighttime sleep
patterns and variability across the adult lifespan: a global-
scale wearables study. Sleep. 2021;44(2). doi:10.1093/sleep/
zsaal69.

220z aunp Lz uo yoddns Aq zg8105G9//909852/9/G{/o101ue/das|s/wod dno-ojwapede//:sdjy woly papeojumoq


https://doi.org/10.1093/sleep/zsaa169
https://doi.org/10.1093/sleep/zsaa169

