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Abstract

Background: Sleep disorders are experienced by up to 40% of the population but their diagnosis is often delayed by the
availability of specialists.

Objective: We propose the use of search engine activity in conjunction with a validated web-based sleep questionnaire to
facilitate wide-scale screening of prevalent sleep disorders.

Methods: Search advertisements offering a web-based sleep disorder screening questionnaire were shown on the Bing search
engine to individuals who indicated an interest in sleep disorders. People who clicked on the advertisements and completed the
sleep questionnaire were identified as being at risk for 1 of 4 common sleep disorders. A machine learning algorithm was applied
to previous search engine queries to predict their suspected sleep disorder, as identified by the questionnaire.

Results: A total of 397 users consented to participate in the study and completed the questionnaire. Of them, 132 had sufficient
past query data for analysis. Our findings show that diurnal patterns of people with sleep disorders were shifted by 2-3 hours
compared to those of the controls. Past query activity was predictive of sleep disorders, approaching an area under the receiver
operating characteristic curve of 0.62-0.69, depending on the sleep disorder.

Conclusions: Targeted advertisements can be used as an initial screening tool for people with sleep disorders. However, search
engine data are seemingly insufficient as a sole method for screening. Nevertheless, we believe that evaluable web-based
information, easily collected and processed with little effort on part of the physician and with low burden on the individual, can
assist in the diagnostic process and possibly drive people to seek sleep assessment and diagnosis earlier than they currently do.

(J Med Internet Res 2022;24(11):e41288) doi: 10.2196/41288
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chronic disease, loss of work productivity and performance,
and spikesin accidents that result in needlessinjury and death.

Studies have suggested that nearly all adults will experience  gleep disordersare diagnosed by specialized physicians, limiting
Sleep disturbances over the course of their lives, and that upto gecessandincreas ng thetimeto diagnosisin peop|ew|th s|eep
40% of the population experiences chronic sleep disorders[1].  disorders[2]. The shortage of trained sleep experts and the lack
Common sleep disorders include insomnia, sleep apnea, of geographic accessibility, combined with a convoluted sleep
circadian rhythm disturbances, and chronic insufficient sleep.  care pathway have led to long waitlists for sleep diagnostics

These sleep disorders cause amajor health and societal burden,  and intervention, with many patients dropping off along the
contributing to a loss of personal well-being, development of  care pathway.

Introduction
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Sleep disorders can be diagnosed using avariety of techniques,
using different sources of subjective and objective information
and with different levels of invasiveness. Some disorders, such
as insomnia, can typically be initialy assessed using periodic
screeners by health care professionals to identify potential
symptoms, while an in-depth sleep history is essential for
diagnosis and treatment matching. For example, sleep apnea
requires overnight sleep testing (in the laboratory or at home).
Other conditions may require in-laboratory daytime sleep
testing, at-home continuous sleep-wake monitoring (typically
with medical-grade, wrist-worn activity monitors), physical and
neurological assessments, and even blood analysis [3].
Interestingly, wearable devicesfor deep monitoring have shown
limited reliability [4], though some researchers have reported
successin predicting sleep quality [5,6].

One approach for initial screening of sleep disordersisthrough
web-based questionnaires. Dayzz isadigital sleep program that
provides comprehensive web-based care for multiple sleep
conditions. As part of the program, the Digita Sleep
Questionnaire (DSQ) [7] is administered. The DSQ is a brief,
clinically validated, questionnaire that, using machine learning
algorithms, can provide an assessment of 4 common sleep
disorders.

People’s web-based activity, especially their interactions with
search engines, have been shown to enable early screening for
arange of medical conditionsincluding diabetes[8], Parkinson
disease [9], stroke [10], and several types of cancer [11,12].
Thereason for the ability to screen using web-based interactions
include the ubiquity of these servicesin people’sdaily livesand
their service as a gateway to information (especially health
information) for the vast maority of the population [13].
Interactions with search engines are especialy useful in this
regard because they are plentiful and are perceived as
sufficiently anonymous, all owing peopleto expresstheir truthful
information needs, without fear that their sensitive or personal
information will be divulged to third parties[14]. We note that
social media platforms such as Twitter have also been used to
characterize sleep issues [15] but not sleep disorders.

In this study, we aim to evaluate whether search engine activity
can be used to screen for possible sleep disorders. We show that
amachine learning model based on search engine activity can
predict the risk for specific sleep disorders, although currently,
the quality of the prediction isinsufficient as a sole method for
screening. Nevertheless, we believe that evaluable web-based
information, easily collected and processed with little effort on
part of the physician and with low burden on the individual,
can assist in the diagnostic process and possibly drive people
to seek diagnosis earlier than they currently do.

Methods

Overview

We implemented a novel experimental protocol whereby
participants are recruited through internet-based adverti sements
after they indicated their interest in sleep disorders. Peoplewho
clicked on the advertisements and consented to participate in
the study werereferred to adigital sleep questionnaire and were
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promised general feedback on their sleep patternsas an incentive
to complete the questionnaire. They were then asked for
permission to contribute their search engine data to the study.
Finally, we linked the outcome of the sleep questionnaire with
search engine data of the people who consented. These dataare
used to predict the questionnaire outcome.

Recruitment

We advertised on Microsoft Advertising to US-based users of
Bing who queried for one of arange of seep disorder—related
terms (see Multimedia Appendix 1); those people were shown
1 of 12 advertisements, which arelisted in Multimedia A ppendix
2. People who clicked on the advertisements werereferred to a
dedicated landing page.

The web page described the experiment to potential participants.
Those who consented to join were administered the DSQ [7]—a
brief, clinically validated questionnaire that, using machine
learning algorithms, can provide an assessment of 4 common
sleep disorders: risk for obstructive deep apnea (OSA), delayed
sleep phase syndrome (DSPS), insomnia, and insufficient sleep
syndrome (1SS). They were then provided general feedback on
their sleep and asked if they agree to have their Bing search
data linked to the results of the DSQ and analyzed.

The data of those users who consented were extracted from up
to 1 year prior to the date of questionnaire completion and up
to the date of the questionnaire. The data comprised an
anonymized user identifier, the time and date of the query, the
zZip code of their location, and indicators calculated from user
interactions with search results' pages, including the duration
of the search session, the number of links clicked, the time they
spent on each link, whether automatic spelling correction was
used, and whether the user scrolled down the search page.

The campaign was gradually improved over time by providing
a conversion optimization signal to the advertising campaign,
such that completion of the DSQ was considered a conversion
“worth” US $1 and the same combined with downloading of a
dedicated sleep improvement app was set to US $10.
Analysis

We represented the activity of users through a set of aggregate
attributes detailed in Textbox 1. These attributes represent
several factors that could typify a sleep disorder or are risk
factorsfor it. Specifically, we quantified diurnal activity profiles,
as evident from query use; measures of interaction with the
search engine (eg, time to first click), which are proxies for
cognitive function; and keywords, which reflect risk factors,
behaviors that pertain to sleep and its disorders, and the sleep
disorders themselves. A list of the latter was developed on the
basis of the literature.

Since there is no simple definition of when a day begins and
ends for people with sleep disorders, we chose the hour with
the lowest level of activity among participating users to be the
start of aday (ie, a 24-hour period). Thus, 2 AM was set asthe
start of the day.

Tofacilitate comparison of usersin our data set with the general
population, we extracted a random sample of US-based Bing
userswho were active on the same dates as the study participants
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and presented the percentage of queries at each hour of the day
made by these users. We refer to these users as the “control
population.”

Each user was labeled in accordance with the DSQ as at risk
for up to 2 of 4 deep disorders (OSA, DSPS, insomnia, and
ISS). We attempted to predict each of the dleep disorders using
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The performance of the models was evaluated using
leave-one-out cross-validation. The best attribute groups were
selected using sequential forward feature selection on the
training set.

Only users with at least 14 days of data and 50 queries were
retained for analysis.

a binary classifier. The binary classifier used was a random
forest with 100 trees.

Textbox 1. List of attributes for predicting sleep disorders.

Query time:

«  Percentage of queries at each hour of the day

«  Time between consecutive queries (average, 5th and 95th percentiles)

o Averagefirst and last hour of queries on each day

«  Whether the user had noncontiguous activity during night hours

«  Thedifference between the hourly activity rate on weekdays compared to that on weekends
«  Fraction of queries prior to sunrise

«  Fraction of queries after sunset

Activity attributes:

«  Average click count on each results page

«  Averagetime on links on each results page

«  Average session duration

«  Average scrolled distance on each results page

« Averagetimetofirst click on each results page

« Averagetimeto last click on each results page

«  Average, minimum, maximum, and median of the query text probability
«  Average number of sessions per day

«  Average number of queriesthat the user repeated

o Average number of querieswhich mentioned a medical symptom
«  Average number of queriesthat mentioned a medical diagnosis

o Average number of queries that mentioned amedical drug

Terms:
o Number of times a user queried for the following specific terms (terms were used separately, but are grouped here for convenience):
« Apnea insomnia

«  Snoring, gasping, headache, sleepiness, waking, snoozing, dozing, awake, alert, appetite, depression, anxiety, diabetes, obesity, weight loss,
memory, oxygen, breath, tired, exhausted, fatigue, no energy, nap, hypertension, high blood pressure, HBP, emotion, and mood

« Jetlag, porn-related terms, accident, mistake, coffee, caffeine, energy drink, alcohol, a coholic drinks, smoking, nicotine, baby-related terms,
attention, concentration, pregnancy, movie, TV, credit union, loan, cannabis, CBD, THC, marijuana, gambling-related terms, online banking,
inbox, CNN, and zoom

«  Sleeping pill, hypnotic, sedative, sleep aid, melatonin, and exercise

Query topics:
«  Thedistribution of the users’ query topicsinto 60 topics according to a proprietary classifier.

Demogr aphics:
e Userage
. User sex

https://www.jmir.org/2022/11/e41288 JMed Internet Res 2022 | vol. 24 | iss. 11 | e41288 | p. 3

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Ethical Consider ations

The methods were performed in accordance with relevant
guidelines and regulations and approved by the institutional
review board of Advarra Inc (Pro00045152).

Results

We recruited participants between November 11, 2020, and
May 19, 2021. Campaign statistics are provided in Multimedia
Appendix 2. A total of 582 users clicked on the advertisements
and werereferred to the DSQ web page. Of them, 397 consented
and completed the DSQ. Among userswho completed the DSQ,
305 were matched to their Bing data and 132 had at least 14
days of data and 50 queries.

The age and sex distribution, as provided by the advertising
system, is shown in Figure 1. Two measures are provided: the
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percentage of advertisements clicked on among all those shown
(referred to asthe clickthrough rate [CTR]), and the percentage
of questionnaires completed among all those who clicked on
the advertisements (denoted by conversion rate). As shown in
Figure 1, younger females were more likely to respond to the
advertisements by clicking on them (higher CTR) and to
complete the DSQ (higher conversion rate). Younger people
were overall more likely to complete the DSQ (that is, to
“convert”).

According to the DSQ, 58 participants were at risk for OSA,
52 for DSPS, 89 for Insomnia, and 46 |SS. The distribution of
ages and sex among sleep disordersisshownin Figure 2. When
comparing among the conditions, males accounted for alarger
proportion of individuals at risk for 1SS and those who are at
risk of OSA, while those at risk for DSPS accounted for the
largest proportion of females. DSPSwas most prevalent among
young participants; risk for OSA, in older participants.

Figure 1. Clickthrough rate (Ieft) and conversion rate (right) by age and sex. Blue bars denote males and orange bars denote females.
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Figure 2. Distribution of ages (left) and sex (right) among sleep disorders. DSPS: delayed sleep phase syndrome; ISS: insufficient sleep syndrome;

OSA: obstructive sleep apnea.
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We estimated the comorbidity similarity between sleep disorders
by the Hamming distance applied to the matrix of participants
and their conditions. Figure 3 shows the comorbidity similarity
among conditions and the activity profile of users over the day.
As shown in Figure 3, people with DSPS were most likely to
also have ISS, and those at risk for OSA were most likely to
also haveinsomnia. The daily activity profile of usersissimilar
among sleep disorders (though most similar among users who
were at therisk of OSA and those with ISS), but very different

https://www.jmir.org/2022/11/e41288
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from that of the control population. Specifically, the control
population begin their activity earlier in the morning hours and
end their activity earlier at night, compared to those with sleep
disorders. The best correlation between the activity of the control
population and the activity of all userswith sleep disorderswas
approached when the activity of the former isshifted by 2 hours
for therisk of OSA and insomnia, and by 3 hoursfor DSPS and
ISS. The improvement in correlation due to these time shifts
was significantly different (P<.01 with Bonferroni correction).
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Table 1 shows the performance of the sleep disorder classifiers
asevaluated by their areaunder the curve, together with attribute
classes most commonly selected for classification and the
number of days of data that approached the best performance.
For the latter, we experimented with using different values
between 15 and 120 days. Figure 4 showsthe receiver operating
characteristic curve for each sleep disorder.

Cohen Zion et al

We also evaluated which terms would best predict each of the
deep disordersif used without any other attribute classes. This
was achieved by finding the terms that increase in prediction
error if the values of that term are permuted for the test
observations, using the appropriate MATLAB function. The
results are summarized in Textbox 2.

Figure 3. Comorbidity similarity among sleep disorders according to the users who shared them (left) and the daily activity profile of users (right).
The distance among conditions was computed using Hamming distance of users. DSPS: delayed sleep phase syndrome; | SS: insufficient sleep syndrome;

OSA: obstructive sleep apnea.
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Table 1. Classifier area under the curve, the best number of days selected for use by the classifier from prior to the Digital Sleep Questionnaire and
until the day of the questionnaire, and the most commonly selected attributes.

Sleep disorder classifier Areaunder the curve Number of days Selected attribute classes

Risk for obstructive sleep apnea 0.69 90 Query time, activity attributes, and demographics
Delayed sleep phase syndrome 0.65 90 Query time and demographics

Insomnia 0.69 90 Activity attributes, query topics, and demographics
Insufficient sleep syndrome 0.62 60 Query time, activity attributes, and specific terms

Figure 4. Receiver operating characteristic curve for the 4 sleep disorders. The numbers in the legend indicate the number of days during which data
were obtained for each condition and the areaunder the curve. DSPS: delayed sleep phase syndrome; ISS: insufficient sleep syndrome; OSA: obstructive

sleep apnea.
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Textbox 2. Most predictive terms of each sleep disorder.

Cohen Zion et al

Risk for obstructive sleep apnea:

. Coffee
«  Tired, exhausted, fatigued
«  Waking

e Hypertension

o Awake

Delayed deep phase syndrome:
o Headache

«  Awake

«  Porn-related keywords

o Smoking-related keywords
«  Pregnancy-related keywords

Insomnia:
. Coffee

«  Online banking, inbox, CNN, zoom

o  Sleepiness
«  Waking
«  Awake

I nsufficient sleep syndrome:

o  Exercise

o Depression

¢ Memory

o Anxiety

«  Pregnancy-related keywords

Discussion

Sleep disorders have a significant personal and societal cost.
However, barriersto wide-scal e screening and diagnosis prevent
timely treatment for many people with such disorders. Thereis
a need for more accessible and affordable tools that enable
remote screening and diagnosis of sleep disorders, especially
those which can be performed passively without any effort from
the user. Here we test whether interactions with search engines
could be used to identify persons at risk for sleep disorders, as
a first step in navigating them to further evaluation and
intervention.

Our campaign was used to the greatest extent by younger
females. In general, younger people were more likely to
complete the web-based screening questionnaire. This is in
agreement with past research, which showed that younger people
are more likely to interact with web-based medical
guestionnaires [11,16]. However, this also underscores a
potential bias in screening using an advertisements-based
guestionnaire.

https://www.jmir.org/2022/11/e41288

The comorbidity among certain sleep disorders found in our
sampleisinlinewith that reported in previous studies, showing
that risk for OSA and insomnia often coexist [17], and that
unmanaged DSPS can often lead to chronic insufficient sleep
[18]. Moreover, we found that adults with sleep concerns and
potentially increased unwanted or unregulated wakefulness at
night tend to browse differently than those without sleep
concerns, with search patterns that started and ended later in
the day. Perhaps unsurprisingly, we also found that those with
natural delays in their biological clock, a distinguishing
characteristic of DSPS, were even more shifted in theseinternet
usage patterns than those at risk for other sleep disorders. These
findings suggest that when developing algorithms to identify
persons at the risk of sleep disorders—in addition to specific
deep—and related health and behavior search content that we
found to support differing deep disorder risk, metadata may
offer more fine-grained activity patterns, increasing the
predictive performance of themodels. Interestingly, independent
of the other predictor attribute classes, the search terms that
participants used were indicative of their underlying risk for
certain deep disorders; in many cases, the search terms they
chose were diagnostic symptoms, functional deficits, or common
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comorbidities of the specific sleep disorder that they were at
the risk of; for example, hypertension and sleepiness-related
terms in the case of risk for OSA [19], and mental health and
cognitive deficits in the case of chronic insufficient sleep [20].
Our findings are promising; however, future research should
focuson additional content, query parameters, and time periods
that can improve and refine the predictive ability of search
engine datato identify individuals at therisk of sleep disorders.

The area under the curve for all 4 conditions ranged between
0.62 and 0.69, indicating that search engine data are predictive
of deep disorders, with the prediction being of medium
accuracy. We note that sleep disorders are known to be a
difficult problem to assess, as evident, for example, in the low
agreement among experts at different laboratories on the correct
interpretation of diagnostic tests, such as polysomnography, in
people with sleep disorders [21], and modest agreement rates
between telemedicine and in-person diagnosis [22]. Moreover,
our data show that the last 60 to 90 days of search data reach
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the highest prediction quality. This may be because people
responded more readily to the campaign advertisements when
their symptoms were more acute.

Our study has several limitations. First, our recruitment occurred
among people who were interested or concerned about their
deep. Thus, our results focus on the ability to inform people
who are aready concerned about possible sleep problems and
not the oneswho are not part of the general population. Among
peoplewho saw our advertisements, younger femaleswere more
likely to respond to the advertisements. Among those who
clicked on the advertisements, younger people were morelikely
to complete the DSQ. Thus, our prediction model is biased
toward younger people. Future work will attempt to distinguish
between healthy populations and those with sleep disorders as
well as obtain a more balanced sample of people with sleep
disorders. The former will alow a wider application of the
model to additional populations, whilethelatter will ensure that
the prediction is applicable to people of all ages.
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List of campaign keywords.
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Multimedia Appendix 2

Campaign statistics.
[DOCX File, 80 KB-Multimedia Appendix 2]

References

1.

Ingtitute of Medicine, Board of Health Sciences Policy, Committee on Sleep Medicine and Research. Sleep disorders and
deep deprivation: an unmet public health problem. Washington, DC: Nationa Academies Press; 2006.
Miller CM. Lack of training in sleep and sleep disorders. Virtual Mentor 2008 Sep 01;10(9):560-563 [FREE Full text] [doi:

Bloom HG, Ahmed |, Alessi CA, Ancoli-Israel S, Buysse DJ, Kryger MH, et al. Evidence-based recommendations for the
assessment and management of sleep disordersin older persons. JAm Geriatr Soc 2009 May;57(5):761-789 [FREE Full

Guillodo E, Lemey C, Simonnet M, Walter M, Baca-GarciaE, Masetti V, HUGOPSY Network, et a. Clinical Applications
of Mobile Health Wearable-Based Sleep Monitoring: Systematic Review. IMIR Mhealth Uhealth 2020 Apr 01;8(4):€10733

Sathyanarayana A, Joty S, Fernandez-Luque L, Ofli F, Srivastava J, Elmagarmid A, et a. Sleep quality prediction from

Fagherazzi G, El Fatouhi D, Bellicha A, El Gareh A, Affret A, Dow C, et al. Aninternational study on the determinants of
poor sleep amongst 15,000 users of connected devices. JMed Internet Res 2017 Oct 23;19(10):€363 [FREE Full text] [doi:

Schwartz AR, Cohen-Zion M, Pham LV, Gal A, Sowho M, Sgambati FP, et al. Brief digital sleep questionnaire powered

Hochberg |, Daoud D, Shehadeh N, Yom-Tov E. Can internet search engine queries be used to diagnose diabetes? Analysis
of archival search data. Acta Diabetol 2019 Oct 15;56(10):1149-1154. [doi: 10.1007/s00592-019-01350-5] [Medline:

2.
10.1001/virtualmentor.2008.10.9.medul-0809] [Medline: 23211107]
3.
text] [doi: 10.1111/].1532-5415.2009.02220.x] [Medline: 19484833]
4.
[FREE Full text] [doi: 10.2196/10733] [Medline: 32234707]
5.
wearable data using deep learning. IMIR Mhealth Uhealth 2016 Nov 04;4(4):e125. [doi: 10.2196/mhealth.6562]
6.
10.2196/jmir.7930] [Medline: 29061551]
7.
by machine learning prediction models identifies common sleep disorders. Sleep Med 2020 Jul;71:66-76. [doi:
10.1016/j.5leep.2020.03.005] [Medline: 32502852]
8.
31093762]
9.

https://www.jmir.org/2022/11/e41288

Youngmann B, Allerhand L, Paltiel O, Yom-Tov E, Arkadir D. A machine learning algorithm successfully screens for
Parkinson'sin web users. Ann Clin Trand Neurol 2019 Dec 12;6(12):2503-2509 [FREE Full text] [doi: 10.1002/acn3.50945]
[Medline: 31714022]

JMed Internet Res 2022 | vol. 24 | iss. 11| e41288 | p. 7
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v24i11e41288_app1.docx&filename=b1f95304ed0c1af7cd19e02b66537b8c.docx
https://jmir.org/api/download?alt_name=jmir_v24i11e41288_app1.docx&filename=b1f95304ed0c1af7cd19e02b66537b8c.docx
https://jmir.org/api/download?alt_name=jmir_v24i11e41288_app2.docx&filename=0cfbf1ca31cea02f28b266384a3a382d.docx
https://jmir.org/api/download?alt_name=jmir_v24i11e41288_app2.docx&filename=0cfbf1ca31cea02f28b266384a3a382d.docx
https://journalofethics.ama-assn.org/article/lack-training-sleep-and-sleep-disorders/2008-09
http://dx.doi.org/10.1001/virtualmentor.2008.10.9.medu1-0809
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23211107&dopt=Abstract
https://europepmc.org/abstract/MED/19484833
https://europepmc.org/abstract/MED/19484833
http://dx.doi.org/10.1111/j.1532-5415.2009.02220.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19484833&dopt=Abstract
https://mhealth.jmir.org/2020/4/e10733/
http://dx.doi.org/10.2196/10733
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32234707&dopt=Abstract
http://dx.doi.org/10.2196/mhealth.6562
https://www.jmir.org/2017/10/e363/
http://dx.doi.org/10.2196/jmir.7930
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29061551&dopt=Abstract
http://dx.doi.org/10.1016/j.sleep.2020.03.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32502852&dopt=Abstract
http://dx.doi.org/10.1007/s00592-019-01350-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31093762&dopt=Abstract
https://doi.org/10.1002/acn3.50945
http://dx.doi.org/10.1002/acn3.50945
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31714022&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Cohen Zion et a

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Shaklai S, Gilad-Bachrach R, Yom-Tov E, Stern N. Detecting impending stroke from cognitive traits evident in internet
searches: analysis of archival data. JMed Internet Res 2021 May 28;23(5):€27084 [FREE Full text] [doi: 10.2196/27084]
[Medline: 34047699]

Yom-Tov E. Screening for cancer using alearning internet advertising system. ACM Trans Comput Healthcare 2020 Apr
30;1(2):1-13. [doi: 10.1145/3373720]

Soldaini L, Yom-Tov E. Inferring individual attributes from search engine queries and auxiliary information. 2017 Presented
at: WWW '17: 26th International World Wide Web Conference; April 3-7, 2017; Perth, WA, Australia. [doi:
10.1145/3038912.3052629]

Yom-Tov E. Crowdsourced health: how what you do on the internet will improve medicine. Cambridge, MA: MIT Press;
2016.

Pelleg D, Yom-Tov E, Maarek Y. Can you believe an anonymous contributor? On truthfulness in Yahoo! answers. 2012
Presented at: 2012 International Conference on Privacy, Security, Risk and Trust and 2012 International Confernece on
Social Computing; September 3-5, 2012; Amsterdam. [doi: 10.1109/social com-passat.2012.13]

Mclver DJ, Hawkins JB, Chunara R, Chatterjee AK, Bhandari A, Fitzgerald TP, et al. Characterizing sleep issues using
Twitter. JMed Internet Res 2015 Jun 08;17(6):€140 [FREE Full text] [doi: 10.2196/jmir.4476] [Medline: 26054530]
Yom-Tov E. Active syndromic surveillance of COVID-19 in Israel. Sci Rep 2021 Dec 27;11(1):24449 [EREE Full text]
[doi: 10.1038/s41598-021-03977-3] [Medline: 34961786]

Smith S, Sullivan K, Hopkins W, Douglas J. Frequency of insomniareport in patientswith obstructive sleep apnoeahypopnea
syndrome (OSAHS). Sleep Med 2004 Sep;5(5):449-456. [doi: 10.1016/j.sleep.2004.03.005] [Medline: 15341889]
Neshitt AD. Delayed deep-wake phase disorder. J Thorac Dis 2018 Jan;10(Suppl 1):S103-S111 [FREE Full text] [doi:
10.21037/jtd.2018.01.11] [Medline: 29445534]

Calhoun DA.. Obstructive sleep apnea and hypertension. Curr Hypertens Rep 2010 Jun 20;12(3):189-195. [doi:
10.1007/s11906-010-0112-8] [Medline: 20424946]

Zhai L, Zhang H, Zhang D. Sleep duration and depression among adults: a meta-analysis of prospective studies. Depress
Anxiety 2015 Sep 05;32(9):664-670. [doi: 10.1002/da.22386] [Medline: 26047492]

Collop NA.. Scoring variability between polysomnography technologists in different sleep laboratories. Sleep Medicine
2002 Jan;3(1):43-47. [doi: 10.1016/s1389-9457(01)00115-0]

Yurcheshen ME, Pigeon W, Marcus CZ, Marcus JA, Messing S, Nguyen K, et al. Interrater reliability between in-person
and telemedicine evaluations in obstructive sleep apnea. J Clin Sleep Med 2021 Jul 01;17(7):1435-1440 [EREE Full text]
[doi: 10.5664/jcsm.9220] [Medline: 33687321]

Abbreviations

CTR: clickthrough rate

DSPS: delayed sleep phase syndrome
DSQ: Digital Sleep Questionnaire
ISS: insufficient sleep syndrome
OSA: abstructive sleep apnea

Edited by G Eysenbach; submitted 21.07.22; peer-reviewed by S Moga, J Roland; comments to author 21.10.22; revised version
received 25.10.22; accepted 15.11.22; published 23.11.22

Please cite as:

Cohen Zion M, Gescheit I, Levy N, Yom-Tov E

Identifying Seep Disorders From Search Engine Activity: Combining User-Generated Data With a Clinically Validated Questionnaire
J Med Internet Res 2022;24(11):e41288

URL: https://www.jmir.org/2022/11/e41288

doi: 10.2196/41288

PMID:

©Mairav Cohen Zion, Iddo Gescheit, Nir Levy, Elad Yom-Tov. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 23.11.2022. Thisisan open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the original publication on https.//www.jmir.org/, as well as this copyright and license
information must be included.

https://www.jmir.org/2022/11/e41288 JMed Internet Res 2022 | vol. 24 | iss. 11 | e41288 | p. 8

(page number not for citation purposes)


https://www.jmir.org/2021/5/e27084/
http://dx.doi.org/10.2196/27084
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34047699&dopt=Abstract
http://dx.doi.org/10.1145/3373720
http://dx.doi.org/10.1145/3038912.3052629
http://dx.doi.org/10.1109/socialcom-passat.2012.13
https://www.jmir.org/2015/6/e140/
http://dx.doi.org/10.2196/jmir.4476
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26054530&dopt=Abstract
https://doi.org/10.1038/s41598-021-03977-3
http://dx.doi.org/10.1038/s41598-021-03977-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34961786&dopt=Abstract
http://dx.doi.org/10.1016/j.sleep.2004.03.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15341889&dopt=Abstract
https://doi.org/10.21037/jtd.2018.01.11
http://dx.doi.org/10.21037/jtd.2018.01.11
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29445534&dopt=Abstract
http://dx.doi.org/10.1007/s11906-010-0112-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20424946&dopt=Abstract
http://dx.doi.org/10.1002/da.22386
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26047492&dopt=Abstract
http://dx.doi.org/10.1016/s1389-9457(01)00115-0
https://doi.org/10.5664/jcsm.9220
http://dx.doi.org/10.5664/jcsm.9220
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33687321&dopt=Abstract
https://www.jmir.org/2022/11/e41288
http://dx.doi.org/10.2196/41288
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

