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Abstract
Background: Some of the temporal variations and clock-like rhythms that govern several different health-related behaviors
can be traced in near real-time with the help of search engine data. This is especially useful when studying phenomena where
little or no traditional data exist. One specific area where traditional data are incomplete is the study of diurnal mood variations,
or daily changes in individuals’ overall mood state in relation to depression-like symptoms.
Objective: The objective of this exploratory study was to analyze diurnal variations for interest in depression on the Web to
discover hourly patterns of depression interest and help seeking.
Methods: Hourly query volume data for 6 depression-related queries in Finland were downloaded from Google Trends in March
2017. A continuous wavelet transform (CWT) was applied to the hourly data to focus on the diurnal variation. Longer term trends
and noise were also eliminated from the data to extract the diurnal variation for each query term. An analysis of variance was
conducted to determine the statistical differences between the distributions of each hour. Data were also trichotomized and
analyzed in 3 time blocks to make comparisons between different time periods during the day.
Results: Search volumes for all depression-related query terms showed a unimodal regular pattern during the 24 hours of the
day. All queries feature clear peaks during the nighttime hours around 11 PM to 4 AM and troughs between 5 AM and 10 PM.
In the means of the CWT-reconstructed data, the differences in nighttime and daytime interest are evident, with a difference of
37.3 percentage points (pp) for the term “Depression,” 33.5 pp for “Masennustesti,” 30.6 pp for “Masennus,” 12.8 pp for
“Depression test,” 12.0 pp for “Masennus testi,” and 11.8 pp for “Masennus oireet.” The trichotomization showed peaks in the
first time block (00.00 AM-7.59 AM) for all 6 terms. The search volumes then decreased significantly during the second time
block (8.00 AM-3.59 PM) for the terms “Masennus oireet” (P<.001), “Masennus” (P=.001), “Depression” (P=.005), and
“Depression test” (P=.004). Higher search volumes for the terms “Masennus” (P=.14), “Masennustesti” (P=.07), and “Depression
test” (P=.10) were present between the second and third time blocks.
Conclusions: Help seeking for depression has clear diurnal patterns, with significant rise in depression-related query volumes
toward the evening and night. Thus, search engine query data support the notion of the evening-worse pattern in diurnal mood
variation. Information on the timely nature of depression-related interest on an hourly level could improve the chances for early
intervention, which is beneficial for positive health outcomes.
(JMIR Ment Health 2018;5(2):e43) doi:10.2196/mental.9152
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Introduction
Background
Temporal variations and clock-like rhythms govern many
different health-related behaviors and complications [1,2]. Partly
because of the methodological barriers presented by traditional
means of collecting data, research has mainly focused on longer
temporal scale patterns, such as annual or seasonal variations,
rather than shorter scale patterns such as weekly or hourly
rhythms [2]. However, recent advances in information and
communication technology are emerging to fill some of these
methodological gaps in public health surveillance research [2].
Most health-related behaviors on the internet, such as health
information seeking, leave digital footprints that can be traced
with surprising accuracy. Having a broader understanding of
these temporal variations can have great public health
advantages. Internet health information seeking related to
different health problems is common everyday behavior, and
daily, millions of people seek help on the internet, ranging from
identifying symptoms to finding diagnoses and treatments [3-5].
In Finland, internet use is ubiquitous, also in relation to health,
as 66% of the Finnish population aged 16-89 years search for
information related to health. For the younger demographic
segment aged 25-34 years, the percentage is 82 [6]. More
generally, it has been estimated that between 70% and 90% of
health care is undertaken by individuals without the involvement
of health care professionals [7,8]. This would suggest that before
seeking treatment from health care professionals, people will
first try to treat their problems themselves, with search engines
as the most common approach [7-11]. The most popular search
engine in the world, Google [12], had a market share of 96%
in Finland in 2016 [13]. This kind of information behavior
reveals the information seekers’ thoughts and actions in relation
to interests, causes, symptoms, advices, and cures that people
who suffer from poor health or illness develop [1,14-16]. As
said, it also leaves digital footprints, or user-generated online
data, which are easily accessible in near real-time, and allows
for identifying and proposing new hypothesis as well as open
up unique opportunities to investigate health-related behaviors
on a gigantic scale [17-19].

Objective
Several studies, ranging from seasonal influenzas [20-23],
viruses [24], and general diseases surveillance [25-30] to mental
health problems [1,2,17,31,32], have demonstrated that valid
trends and insights reflecting entire populations have been
extracted from online data, particularly search engine data.
Predicting the incidence of both communicable and
noncommunicable diseases has been shown reliable
[15,18,23,33]. This utilization of online data for health care
research is especially useful when studying phenomena where
little or no traditional data exist, and has even led to an emerging
field of research called infodemiology, defined by Eysenbach
[9] as the science of the distribution and determinants of
information in an electronic medium, specifically the internet,
or in a population, with the ultimate aim to inform public health
and public policy [9,15,18,34]. One specific area where
traditional data are incomplete is the study of diurnal variations
of depression. In depression-related health information–seeking
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behavior, seasonal variations have been identified with the help
of search engine data [17,31]. Thus, one possible way of
studying diurnal variations of mood is analyzing
information-seeking behavior with the help of search engine
data, which are available on an hourly level. To the authors’
best knowledge, no study has investigated how search engine
variables perform as predictors for interest in depression on an
hourly level. Therefore, the aim of this exploratory study was
to analyze diurnal variations for interest in depression on the
Web to discover hourly patterns of depression interest and help
seeking.
Depression is one of the most burdensome diseases in the world
[35]. Each year about 7% of the global population suffers from
major depression and 25% suffers from anxiety or milder forms
of depression [35]. In Finland, at least 5% of the adult population
suffers from depression every year [36]. One of the
characteristics of depressive mood is diurnal mood variation
(DMV). DMV refers to noticeable diurnal or daily changes in
the overall mood state experienced by individuals suffering
from depression as well as healthy individuals [37-39]. The
occurrence of diurnal variations has been shown to be somewhat
irregular, and the presence and direction of mood variations are
decidedly inconclusive over time, with evidence for both
morning-worse and evening-worse peaks in emotional distress
[37,38,40]. There are very few studies recording DMV at distinct
periods of time, partly due to the limitations of ways to monitor
DMV [37]. As individuals suffering from mental health issues
have been shown to be more likely to seek information about
their problems on the internet, studying search engine data and
health information–seeking behavior has the potential to provide
new meaningful insights into DMVs [8,31,37,41].

Methods
Study Design
Search data generated in Google can be accessed via Google
Trends, a public Web-based database that provides time series
data of search trends. Data from Google Trends are provided
as relative search volumes (RSVs), which, in contrast to raw or
absolute search volumes, is corrected and adjusted over time
due to changes in internet access or disposable time (for
example, all searches may decline during Saturday) [1,42].
correct changes in search volume variations due to availability
of internet access or disposable time [1,42]. Queries in Google
Trends are monitored relative to all queries, in this case each
hour, and reported as RSV, where RSV=100 is the hour with
the highest search proportion for the day, and RSV=50 is 50%
of that highest proportion. Queries from search activity on
Google are disaggregated to geographical and temporal units,
ranging from years to minutes, and deidentified from any
identifying information to protect user privacy. In this study,
the following 6 Finnish search queries related to depression
were monitored “Masennus” (Eng. depression), “Masennus
oireet” (Eng. depression symptoms), “Masennustesti” (Eng.
depression test), “Masennus testi” (Eng. depression test),
“Depression,” and “Depression test” (the Swedish as well as
the English term for depression and depression test). Query
terms were not used in combination and not with quotes around
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the search terms. Additional terms to the root term depression
were added using Google Trends–related terms function, which
identifies associated top search terms by either content or users’
search behavior [42]. The query terms were chosen to represent
an extensive sample of queries related to depression, in general,
as well as symptoms and self-diagnosis, in Finnish and Swedish,
the 2 official languages of Finland. The search queries were
specified to Finland as a geographic area to avoid mixing with
search queries originating elsewhere. Data were downloaded
on a weekly basis from Google Trends throughout March 2017.
March was chosen as the prevalence of depression in Finland
has been shown to peak in spring [43]. Weekly downloads
enabled obtaining hourly search volume data for each day in
March, resulting in a RSV value for 744 hours for the 6 different
search terms (n=4464), ranging from March 1 to 31, 2017. The
analysis in this study are based on public meta-data that do
provide neither information about the race, gender, age, or any
other identifying information of the person entering a search
term nor involve any intervention in the integrity of a person.
Therefore, no institutional board review was required.

Wavelet Power Spectrum Analysis
A continuous wavelet transform (CWT) was applied to the
hourly data to focus on the diurnal variations. The CWT and
subsequent analysis were conducted with MathWorks Matlab
R2017b. The wavelet power spectra (WPS) for the RSVs of
each query are shown in Figure 1. To extract the diurnal
variation, longer term trends were removed by discarding
components with a period of longer than 32 hours. Similarly,
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components with a period of less than 4 hours were considered
noise, and also eliminated. Calculating the inverse transform of
the remaining part of the CWT thus provides a reconstruction
of the signal without the trends and noise. The reconstructed
data are presented in Figure 2, with all the days superimposed
with their arithmetic mean, separately for each query. An
analysis of variance was conducted to determine the statistical
differences between the distributions of each hour, applying the
Tukey-Kramer procedure for multiple comparisons. The results
are summarized in Figure 3, where each marker represents a
statistically significant (alpha=.05) difference between the
interests of the corresponding hours.

Trichotomization
The hourly data were also trichotomized and analyzed in 3 time
blocks: 8.00 AM to 3.59 PM, 4.00 PM to 11.59 PM, and 0.00
AM to 7.59 AM. The trichotomization of the 24 hours of a day
makes it possible to distinguish and compare structured time
(office hours), unstructured time (leisure time) as well as
nighttime. All hourly RSV values between 0 and 100 for each
search term were added to the set time blocks. Differences
between search volumes in the 3 time blocks were then
calculated. Analysis of variance was conducted to calculate
statistical differences in the distributions between the different
time blocks. In post hoc between-group (time blocks)
comparisons, the Bonferroni correction was used. P ≤.05 was
considered statistically significant. The trichotomization analyses
for were performed with SPSS (version 24.0; SPSS Inc.,
Chicago, Illinois, USA).

Figure 1. Wavelet power spectra for the relative search volumes (RSVs) of each query.
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Figure 2. Each 24-hour period (in blue) of the reconstructed signal superimposed with its arithmetic mean (red), separately for each query.

Figure 3. Plots for each query indicating between which hours of day the differences are statistically significant. Each marked dot means that the interest
for the hour on the y-axis is significantly greater than that for the hour on the x-axis.

Results
Wavelet Power Spectrum Analysis
The main results of this study are shown in Figures 1-3 and
Multimedia Appendix 1. The daily variability is identifiable in
each figure of the WPS (Figure 1) as a consistent signal with
elevated power for components with a period around 24 hours,
and is most distinctly observable in the case of “Masennus.”
As can be seen in Figure 2, the search volumes for all
depression-related query terms showed a unimodal regular
pattern during the 24 hours of the day for the time period
studied. All queries feature clear peaks during the nighttime
hours around 11 PM to 4 AM and troughs between 5 AM and
10 PM.
http://mental.jmir.org/2018/2/e43/
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The analysis of variance (Figure 3) reveals that search interest
during nighttime hours 11 PM to 3 AM is greater than the
interest during daytime hours 8 AM to 4 PM, with some
variation for different queries.
In the means of the CWT-reconstructed data, the differences in
nighttime and daytime interest are evident. As the original data
were scaled to 100 for the maximum weekly RSV, the units
here are in percentage points (pp) of that value. The largest
difference between peaks and troughs is visible for the query
term “Depression,” with a difference of 37.3 pp (max. at 2-3,
min. at 7-8), followed by “Masennustesti,” with a difference of
33.5 pp (max. at 0-1, min. at 7-8), and “Masennus,” with a
difference of 30.6 pp (max. at 2-3, min. at 8-9). “Depression
test” (difference 12.8 pp, max. at 0-1, min. at 8-9), “Masennus
JMIR Ment Health 2018 | vol. 5 | iss. 2 | e43 | p.4
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testi” (difference 12.0 pp, max. at 0-1, min. at 6-7), and
“Masennus oireet” (difference 11.8 pp, max. at 2-3, min. at
9-10) showed smaller differences, with fewer statistically
significant differences during the 24-hour period.

Trichotomization
Analysis of mean search activity of the 3 time blocks showed
peaks in the first time block (00.00 AM-7.59 AM) for all 6
terms. The mean search volumes then decreased significantly
during the second time block (8.00 AM-3.59 PM) for the terms
“Masennus oireet” (P<.001), “Masennus” (P=.001),
“Depression” (P=.005), and “Depression test” (P=.004).
Thereafter, the mean search volume between the second and
the third time block (4.00 PM-11.59 PM) rose again for the term
“Masennus oireet” (P=.04). Furthermore, there was a tendency
for higher mean search volumes for the terms “Masennus”
(P=.14), “Masennustesti” (P=.07), and “Depression test” (P=.10)
between the second and third time blocks. Multimedia Appendix
1 shows the search volumes and standard deviations for various
search terms in the 3 time blocks.

Discussion
Principal Findings
This study provides novel, rapid, cost-effective, and efficient
internet-based evidence for insights in to the diurnal variations
of depression-related health information seeking. The results
of this study suggest that help seeking for depression has clear
diurnal patterns, with significant rise in depression-related query
volumes toward the evening and night. Our findings support
the notion of the previously identified evening-worse DMVs,
which is thought to be associated with milder depressive
symptoms [40]. The nighttime peaks in search volumes also
support the notion of poor sleep quality in subjects with
depression and the causal relationship between insomnia and
depression noted by Tsuno et al [44]. One interpretation of this
finding, supported by Rusting and Larsen [40], is that structured
versus unstructured time may account for DMVs. Evening time,
for most people, is less constrained by external demands and
obligations, and the most likely time of day in which negative
thinking may take place, compared with the more structured
working hours during the day. According to Hasler [37], the
specific patterns of these diurnal mood changes are assumed to
characterize different subtypes of depression. DMV has been
linked most closely to melancholic depression, characterized
by a pattern of feeling worst in the morning, and to atypical
depression, which is characterized by the evening-worse pattern
[37]. Among both depressed and nondepressed individuals, the
evening-worse pattern is thought to be associated with milder
depressive symptoms, and may characterize chronic dysthymia
with neurotic-type symptoms of depression, including
responsivity of mood, initial insomnia, self-pity,
hypochondriasis, hopelessness, and anxiety [40,45,46]. On the
basis of the results in this study, more Finnish people in need
of help may require support during nighttime rather than during
office hours. In addition, as the evening-worse pattern is
associated with milder depressive symptoms, early intervention
could be beneficial for positive health outcomes. Traditional
epidemiological surveys on DMVs and depression suffer from
http://mental.jmir.org/2018/2/e43/
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data-related issues, such as long-term data retrieval, collection,
and processing. Earlier research on DMVs has been based on
self-ratings of mood, using visual analogue scales and
retrospective assessment [38], where patients have been asked
to describe the pattern retroactively, either during a clinical
interview or in response to an item in a questionnaire [37]. In
this respect, infodemiology, and especially search engine data,
which is a relatively new concept, presents a promising
complementary approach to population and public health
research. As stated by Nuti et al [33], Google Trends has
potential to afford meaningful insights into population behavior
and its link to health and health care. The advantages of
monitoring and mining search engine data also lie in the
cost-effective and near real-time analysis it enables. In this case,
gathering data at hourly intervals using conventional techniques
such as surveys would be expensive, time–consuming, and
difficult. The strength of this type of big data analysis is that it
allows to draw conclusions based on populations of information
units rather than on an individual level [34].

Limitations
It needs to be noted that the results of this study are based on
query terms, and there is a challenge in interpreting the
semantics of Google queries. It is not clear why a person is
searching for the keyword in question, and individual search
queries do not necessarily reflect the actual mood state of the
user [17,34]. Therefore, it is important to note that the variables
used in this paper present interest and not actual incidence.
However, as earlier research using search query analysis has
shown, it is reasonable to assume that the reason people seek
health information about a specific symptom on the internet is
because they, or people they know, may be experiencing the
symptoms in question [17]. These diurnal trends of help seeking
can also provide information that may be useful in further
hypothesis testing. As already stated, the internet is by far the
most popular vehicle for health information seeking, and
changes in health status are often reflected in immediate changes
in information and communication patterns on the internet
[15,34]. Today, people are more inclined to self-diagnose and
seek information to improve their understanding of their personal
health using information that is available online [7-9,14]. Search
query volumes do not offer demographic data, thus limiting our
ability to draw conclusions about population behavior in general.
However, as statistics in Finland show, almost all
age-by-demographic population categories seek health
information on the internet, suggesting that search engine trends
may reflect trends in the health of populations. The use of search
engine data has, moreover, been proposed to foster and
encourage infodemiological research, not to replace or substitute
the need for traditional epidemiological research. Therefore,
this approach should be seen as complementary to traditional
surveillance methods. There are also limitations in the Google
Trends database, as there are insufficiencies in detailed
information on the method by which Google Trends generates
search data and the specific algorithms it employs to analyze it
[33].
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Implications
The findings in this study could be utilized by public health
officials to facilitate aid and optimize positive health outcomes
by providing resources at the best time for intervention, that is,
when the majority of people with information needs related to
depression are engaged in the process of information seeking.
This is a time when the subjects are focusing their attention on
the health threat and direct their efforts to becoming more
engaged and providing ways of managing depression-related
contemplations. This could increase the chances of early
intervention for people in need of help or those feeling depressed
or worrying about depression-related issues. As the
evening-worse pattern for DMV has been linked to milder
symptoms in depressed as well as nondepressed individuals
[37,40,45], optimal intervention time is very important to guide
individuals to optimal sources before their symptoms get worse.
In addition, DMV is believed to have clinical relevance as a
predictor of treatment response [38]; therefore, it is essential to
have an extensive understanding of this phenomenon to help
health care professionals and others to plan optimal treatments.
Thus, these findings should be concomitant with strategies to
ensure that those in need of help have a Web-based pathway to
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evidence-based information and aid, such as the Finnish mental
health hub [47].

Conclusions
This paper is a novel attempt at utilizing search engine data on
an hourly level to monitor diurnal variation in interest in
depression. These initial steps could be developed further in
subsequent studies, with the aim to discover larger temporal
variations and patterns of health contemplations on an hourly
timescale. The method of studying hourly variations and trends
in search engine query volumes could also be utilized in other
health-related contexts, besides depression. The aim of this
study was to draw attention to the possibility of gaining hourly
insights into diurnal variations of depression-related information
seeking by using search engine data. It is of vital importance to
have a wide understanding of depression-related behavior to be
able to provide the best possible treatments at the best possible
time. Monitoring hourly search volume could serve as an
efficient surveillance method for investigating the timely nature
of depression-related help seeking. Despite its limitations, this
preliminary analysis showed that monitoring hourly search
volumes for depression is informative, and that the benefits of
this kind of an approach are various.

Acknowledgments
This work was financially supported by Fonden för teknisk undervisning och forskning at Arcada University of Applied Sciences.
The funding source had no role in study design, data collection, analysis, interpretation, or documentation of the research.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Analysis of mean search activity of the 3 time blocks.
[PNG File, 102KB - mental_v5i2e43_app1.png ]

References
1.
2.
3.
4.
5.
6.

7.
8.
9.

Ayers JW, Althouse BM, Johnson M, Cohen JE. Circaseptan (weekly) rhythms in smoking cessation considerations. JAMA
Intern Med 2014 Jan 01;174(1):146-148 [FREE Full text] [doi: 10.1001/jamainternmed.2013.11933] [Medline: 24166181]
Ayers JW, Althouse BM, Johnson M, Dredze M, Cohen JE. What's the healthiest day?: circaseptan (weekly) rhythms in
healthy considerations. Am J Prev Med 2014 Jul;47(1):73-76. [doi: 10.1016/j.amepre.2014.02.003] [Medline: 24746375]
Abedi V, Mbaye M, Tsivgoulis G, Male S, Goyal N, Alexandrov AV, et al. Internet-based information-seeking behavior
for transient ischemic attack. Int J Stroke 2015 Dec;10(8):1212-1216. [doi: 10.1111/ijs.12593] [Medline: 26282685]
Brigo F, Trinka E. Google search behavior for status epilepticus. Epilepsy Behav 2015 Aug;49:146-149. [doi:
10.1016/j.yebeh.2015.02.029] [Medline: 25873438]
Carneiro HA, Mylonakis E. Google trends: a web-based tool for real-time surveillance of disease outbreaks. Clin Infect
Dis 2009 Nov 15;49(10):1557-1564 [FREE Full text] [doi: 10.1086/630200] [Medline: 19845471]
Statistics Finland. 2016 Dec 09. Official Statistics of Finland (OSF): Use of information and communications technology
by individuals URL: http://www.stat.fi/til/sutivi/2016/sutivi_2016_2016-12-09_tie_001_en.html [accessed 2017-05-09]
[WebCite Cache ID 6rGDFx0CR]
Levin LS, Idler EL. Self-care in health. Annu Rev Public Health 1983 May;4:181-201. [doi:
10.1146/annurev.pu.04.050183.001145] [Medline: 6860437]
Oliphant T. : Electronic Thesis and Dissertation Repository. 35; 2010 Nov. The information practices of people living with
depression: constructing credibility and authority URL: http://ir.lib.uwo.ca/etd/35 [WebCite Cache ID 6rGD92Niu]
Eysenbach G. Infodemiology and infoveillance: framework for an emerging set of public health informatics methods to
analyze search, communication, and publication behavior on the Internet. J Med Internet Res 2009 Mar 27;11(1):e11 [FREE
Full text] [doi: 10.2196/jmir.1157] [Medline: 19329408]

http://mental.jmir.org/2018/2/e43/

XSL• FO
RenderX

JMIR Ment Health 2018 | vol. 5 | iss. 2 | e43 | p.6
(page number not for citation purposes)

JMIR MENTAL HEALTH
10.

11.

12.
13.
14.
15.

16.
17.

18.
19.
20.
21.

22.

23.
24.

25.

26.

27.

28.

29.

30.
31.
32.

Lee K, Hoti K, Hughes JD, Emmerton L. Dr Google and the consumer: a qualitative study exploring the navigational needs
and online health information-seeking behaviors of consumers with chronic health conditions. J Med Internet Res 2014
Dec 02;16(12):e262 [FREE Full text] [doi: 10.2196/jmir.3706] [Medline: 25470306]
Chu JT, Wang MP, Shen C, Viswanath K, Lam TH, Chan SS. How, when, and why people seek health information online:
qualitative study in Hong Kong. Interact J Med Res 2017 Dec 12;6(2):e24 [FREE Full text] [doi: 10.2196/ijmr.7000]
[Medline: 29233802]
Net Market Share. 2017. Market share statistics for Internet technologies URL: https://www.netmarketshare.com/ [accessed
2016-05-13] [WebCite Cache ID 6rGDMS2oV]
Statscounter. Search Engine Market Share Finland 2016 URL: http://gs.statcounter.com/search-engine-market-share/all/
finland/2016 [accessed 2017-05-16] [WebCite Cache ID 6zSlFQqfl]
Ricketts CF, Silva CG. An analysis of morbidity and mortality using Google Trends. J Hum Behav Soc Environ 2017 Mar
28;27(6):559-570. [doi: 10.1080/10911359.2017.1299658]
Ayers JW, Westmaas JL, Leas EC, Benton A, Chen Y, Dredze M, et al. Leveraging big data to improve health awareness
campaigns: a novel evaluation of the great American smokeout. JMIR Public Health Surveill 2016 Mar 31;2(1):e16 [FREE
Full text] [doi: 10.2196/publichealth.5304] [Medline: 27227151]
Lambert SD, Loiselle CG. Health information seeking behavior. Qual Health Res 2007 Oct;17(8):1006-1019. [doi:
10.1177/1049732307305199] [Medline: 17928475]
Yang AC, Huang NE, Peng CK, Tsai SJ. Do seasons have an influence on the incidence of depression? The use of an
internet search engine query data as a proxy of human affect. PLoS One 2010 Oct 28;5(10):e13728 [FREE Full text] [doi:
10.1371/journal.pone.0013728] [Medline: 21060851]
Ayers JW, Althouse BM, Dredze M. Could behavioral medicine lead the web data revolution? J Am Med Assoc 2014 Apr
9;311(14):1399-1400. [doi: 10.1001/jama.2014.1505] [Medline: 24577162]
Ramaswami P. 2015 Feb 10. A remedy for your health-related questions: health info in the Knowledge Graph URL: https:/
/googleblog.blogspot.fi/2015/02/health-info-knowledge-graph.html [accessed 2017-06-04] [WebCite Cache ID 6rGCqxloj]
Pervaiz F, Pervaiz M, Abdur RN, Saif U. FluBreaks: early epidemic detection from Google flu trends. J Med Internet Res
2012;14(5):e125 [FREE Full text] [doi: 10.2196/jmir.2102] [Medline: 23037553]
Samaras L, García-Barriocanal E, Sicilia M. Syndromic surveillance models using Web data: the case of Influenza in Greece
and Italy using Google Trends. JMIR Public Health Surveill 2017 Nov 20;3(4):e90 [FREE Full text] [doi:
10.2196/publichealth.8015] [Medline: 29158208]
Lu FS, Hou S, Baltrusaitis K, Shah M, Leskovec J, Sosic R, et al. Accurate influenza monitoring and forecasting using
novel Internet data streams: a case study in the Boston Metropolis. JMIR Public Health Surveill 2018 Jan 09;4(1):e4 [FREE
Full text] [doi: 10.2196/publichealth.8950] [Medline: 29317382]
Santillana M, Zhang DW, Althouse BM, Ayers JW. What can digital disease detection learn from (an external revision to)
Google Flu Trends? Am J Prev Med 2014 Sep;47(3):341-347. [doi: 10.1016/j.amepre.2014.05.020] [Medline: 24997572]
Zheluk A, Quinn C, Hercz D, Gillespie JA. Internet search patterns of human immunodeficiency virus and the digital divide
in the Russian Federation: infoveillance study. J Med Internet Res 2013 Nov 12;15(11):e256 [FREE Full text] [doi:
10.2196/jmir.2936] [Medline: 24220250]
Foroughi F, Lam AK, Lim MS, Saremi N, Ahmadvand A. “Googling” for Cancer: an infodemiological assessment of online
search interests in Australia, Canada, New Zealand, the United Kingdom, and the United States. JMIR Cancer 2016 May
04;2(1):e5 [FREE Full text] [doi: 10.2196/cancer.5212] [Medline: 28410185]
Ling R, Lee J. Disease monitoring and health campaign evaluation using Google search activities for HIV and AIDS, stroke,
colorectal cancer, and marijuana use in Canada: a retrospective observational study. JMIR Public Health Surveill 2016 Oct
12;2(2):e156 [FREE Full text] [doi: 10.2196/publichealth.6504] [Medline: 27733330]
Vasconcellos-Silva PR, Carvalho DB, Trajano V, de La Rocque LR, Sawada AC, Juvanhol LL. Using Google Trends data
to study public interest in Breast Cancer screening in Brazil: why not a Pink February? JMIR Public Health Surveill 2017
Apr 06;3(2):e17 [FREE Full text] [doi: 10.2196/publichealth.7015] [Medline: 28385679]
Pesälä S, Virtanen MJ, Sane J, Mustonen P, Kaila M, Helve O. Health information-seeking patterns of the general public
and indications for disease surveillance: register-based study using Lyme disease. JMIR Public Health Surveill 2017 Nov
06;3(4):e86 [FREE Full text] [doi: 10.2196/publichealth.8306] [Medline: 29109071]
Ku JC, Alotaibi NM, Wang J, Ibrahim GM, Schweizer TA, Macdonald RL. Internet search volumes in brain aneurysms
and subarachnoid hemorrhage: is there evidence of seasonality? Clin Neurol Neurosurg 2017 Jul;158:1-4. [doi:
10.1016/j.clineuro.2017.04.008] [Medline: 28412503]
Ekström A, Kurland L, Farrokhnia N, Castrén M, Nordberg M. Forecasting emergency department visits using Internet
data. Ann Emerg Med 2015 Apr;65(4):436-442.e1. [doi: 10.1016/j.annemergmed.2014.10.008] [Medline: 25487026]
Ayers JW, Althouse BM, Allem J, Rosenquist JN, Ford DE. Seasonality in seeking mental health information on Google.
Am J Prev Med 2013 May;44(5):520-525. [doi: 10.1016/j.amepre.2013.01.012] [Medline: 23597817]
Bragazzi NL. A Google Trends-based approach for monitoring NSSI. Psychol Res Behav Manag 2013 Dec 13;7:1-8 [FREE
Full text] [doi: 10.2147/PRBM.S44084] [Medline: 24376364]

http://mental.jmir.org/2018/2/e43/

XSL• FO
RenderX

Tana et al

JMIR Ment Health 2018 | vol. 5 | iss. 2 | e43 | p.7
(page number not for citation purposes)

JMIR MENTAL HEALTH
33.

34.
35.

36.
37.
38.
39.
40.
41.
42.
43.
44.
45.
46.
47.

Tana et al

Nuti SV, Wayda B, Ranasinghe I, Wang S, Dreyer RP, Chen SI, et al. The use of Google Trends in health care research: a
systematic review. PLoS One 2014 Oct 22;9(10):e109583 [FREE Full text] [doi: 10.1371/journal.pone.0109583] [Medline:
25337815]
Eysenbach G. Infodemiology and infoveillance tracking online health information and cyberbehavior for public health. Am
J Prev Med 2011 May;40(5 Suppl 2):S154-S158. [doi: 10.1016/j.amepre.2011.02.006] [Medline: 21521589]
Marcus M, Yasamy MT, van Ommeron M, Chisholm D, Saxena S. 2012. Depression - a global public health concern URL:
http://www.who.int/mental_health/management/depression/who_paper_depression_wfmh_2012.pdf [WebCite Cache ID
6rGDQq3sF]
Patana P. Mental health analysis profiles (MhAPs): Finland. OECD Ilibrary 2014 Jul 10:74. [doi: 10.1787/5jz1591p91vg-en]
Hasler, BP. Diurnal mood variation. In: Gellman M. Turner RJ editors. Encyclopedia of Behavioral Medicine. 1st ed. New
York: Springer-Verlag; 2013:612-614.
Gordijn MC, Beersma DG, Bouhuys AL, Reinink E, Van den Hoofdakker RH. A longitudinal study of diurnal mood
variation in depression; characteristics and significance. J Affect Disord 1994 Aug;31(4):261-273. [Medline: 7989641]
Wirz-Justice A. Diurnal variation of depressive symptoms. Dialogues Clin Neurosci 2008;10(3):337-343 [FREE Full text]
[Medline: 18979947]
Rusting CL, Larsen RJ. Diurnal patterns of unpleasant mood: associations with neuroticism, depression, and anxiety. J Pers
1998 Feb;66(1):85-103. [Medline: 9457771]
Powell J, Clarke A. Internet information-seeking in mental health: population survey. Br J Psychiatry 2006 Sep;189:273-277
[FREE Full text] [doi: 10.1192/bjp.bp.105.017319] [Medline: 16946364]
Althouse BM, Allem J, Childers MA, Dredze M, Ayers JW. Population health concerns during the United States' great
recession. Am J Prev Med 2014 Feb;46(2):166-170. [doi: 10.1016/j.amepre.2013.10.008] [Medline: 24439350]
Näyhä S, Väisänen E, Hassi J. Season and mental illness in an Arctic area of northern Finland. Acta Psychiatr Scand Suppl
1994;377:46-49. [Medline: 8053366]
Tsuno N, Besset A, Ritchie K. Sleep and depression. J Clin Psychiatry 2005 Oct;66(10):1254-1269. [Medline: 16259539]
Andreasen NC. Concepts, diagnosis, and classification. In: Paykel ES, editor. Handbook of Affective Disorders. New York:
Guilford Press; 1982:24-44.
Larsen RJ. Individual differences in circadian activity rhythm and personality. Pers Individ Dif 1985;6(3):305-311. [doi:
10.1016/0191-8869(85)90054-6]
Mental Hub. URL: https://www.mielenterveystalo.fi/en/Pages/default.aspx [accessed 2018-04-30] [WebCite Cache ID
6zSLhTiIC]

Abbreviations
CWT: continuous wavelet transform
DMV: diurnal mood variation
RSV: relative search volume
WPS: wavelet power spectra

Edited by J Torous; submitted 10.10.17; peer-reviewed by J Ayers, M Acosta; comments to author 25.10.17; revised version received
16.03.18; accepted 25.03.18; published 23.05.18
Please cite as:
Tana JC, Kettunen J, Eirola E, Paakkonen H
Diurnal Variations of Depression-Related Health Information Seeking: Case Study in Finland Using Google Trends Data
JMIR Ment Health 2018;5(2):e43
URL: http://mental.jmir.org/2018/2/e43/
doi:10.2196/mental.9152
PMID:29792291

©Jonas Christoffer Tana, Jyrki Kettunen, Emil Eirola, Heikki Paakkonen. Originally published in JMIR Mental Health
(http://mental.jmir.org), 23.05.2018. This is an 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 JMIR Mental Health, is properly cited. The complete bibliographic
information, a link to the original publication on http://mental.jmir.org/, as well as this copyright and license information must
be included.

http://mental.jmir.org/2018/2/e43/

XSL• FO
RenderX

JMIR Ment Health 2018 | vol. 5 | iss. 2 | e43 | p.8
(page number not for citation purposes)

