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Summary
The state of an individual’s mental health depends on many
factors. Determination of the importance of any particular factor
within a population needs access to unbiased data. We used
publicly available data-sets to investigate, at a population level,
how surrogates of mental health covary with light exposure. We
found strong seasonal patterns of antidepressant prescriptions,
which show stronger correlations with day length than levels of
solar energy. Levels of depression in a population can therefore
be determined by proxy indicators such as web query logs.

Furthermore, these proxies for depression correlate with day
length rather than solar energy.
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Seasonal affective disorder (SAD) comprises episodes of depression
that occur regularly during the winter months and remit in the fol-
lowing spring or summer. This condition is much more common in
women, and has a prevalence of 3.44% in a Zurich cohort studied for
over 20 years1 and about 5% of the USA population, who remain
symptomatic for approximately 40% of the year.2 It has been
suggested that shorter photoperiods in winter trigger SAD in sus-
ceptible individuals, perhaps through differences in retinal mela-
nopsin-activated retino-hypothalamic pathway activity.3 This
has provoked numerous studies on the effectiveness of lighting
interventions to improve mood. Surprisingly, there have been no
studies comparing different levels of illuminance, and a recent
Cochrane database review concluded there was only low-quality
evidence that light therapy might improve mood in SAD.4 We
have used an alternative approach: the use of publicly available data-
bases to obtain information on the pattern of antidepressant pre-
scriptions, web queries for SAD and details of day length and
solar energy. The aims of this study were to investigate whether
web queries could provide proxy indicators for population changes
in mental health over time, and to assess whether these changes cor-
relate with circannual variations in sunlight.

Method

Data sources
Practice-level prescribing data

Data on prescriptions in England covering the period between
August 2010 and November 2018 were obtained from the
National Health Service Digital website, where it is publicly available
(https://digital.nhs.uk/data-and-information/publications/statistical/
practice-level-prescribing-data). The data forms an 88-point monthly
time series for all medicines, dressings and appliances that are pre-
scribed by all practices in England and dispensed in the community
each month. For each practice in England, the following informa-
tion is presented at presentation level for each medicine, dressing
and appliance (by presentation name): the total number of items
prescribed and dispensed, the total net ingredient cost, the total
actual cost and the total quantity. The data covers National
Health Service prescriptions written in England and dispensed in

the community in the UK. Prescriptions written in England but dis-
pensed outside England are included. The data includes prescrip-
tions written by general practitioners and other non-medical
prescribers (such as nurses and pharmacists) who are attached to
general practitioner practices.

Web queries for SAD

Trends of web queries for SAD between August 2010 andNovember
2017 were obtained from Google Trends for the UK, and are pub-
licly available (https://trends.google.com/). The data is an 88-point
time series that represents an unbiased random sample of Google
search data that has been anonymised, categorised by topic and
aggregated by location (UK). Google provides data based either
on terms, which show matches for all terms related to the query,
or topics, which include all terms related to the same query.
Which queries form a topic is determined by Google and cannot
be controlled by us, but it is explained generally as ‘queries related
to the same concept, e.g. equivalent queries in different languages’.
We chose to search for topic timelines for SAD, which was broken
down by location. Additionally, monthly web query data for SAD
for each of the 50 states in the USA (excluding Alaska) were
obtained from the same source, averaged by month between
August 2010 and November 2017, forming a 12-point time series
for each state.

Solar energy data

Data on the average solar energy in each of the states in the USA
(excluding Alaska) per month of the year were obtained from the
National Renewal Energy Laboratory and are publicly available
(https://www.nrel.gov/gis/assets/docs/solarsummaries/solarsummaries.
xlsx), forming a 12-point time series for each state. The solar energy
data relates to the direct normal irradiance, also known as beam
radiation, and provides monthly average insolation values averaged
over surface cells of 0.1 degrees in both latitude and longitude, relat-
ing to an area approximately 10 km in size. The data were created
using the SUNY Satellite Solar Radiation model,5 where the data
are averaged from hourly model output over 11 years between
1998 and 2009. Themodel uses hourly radiance images from geosta-
tionary weather satellites, daily snow cover data and monthly
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averages of atmospheric water vapor, trace gases and the level of
aerosols in the atmosphere to calculate the hourly total insolation
(sun and sky) falling on a horizontal surface. The direct beam radi-
ation is then calculated using the atmospheric water vapor, trace
gases and aerosols, which are derived from a variety of sources.
Where possible, existing ground measurement stations are used to
validate the data.6

Day-length data

Day-length data for the population centre of each state in the USA
(excluding Alaska, where no solar energy data was available) were
computed for 2017 from the United States Naval Observatory
website (http://aa.usno.navy.mil/data/docs/Dur_OneYear.php).7 Day
lengths were then averaged over each day of the month to give a
repeating 12-point time series representing the average day length
in the given location for which we wished to compare data types
(web queries, solar energy, day length, etc.). Geographical coordi-
nates for the centres of population mass were obtained from the
latest census (2010) from the United States Census Bureau and
are publicly available (http://www2.census.gov/geo/docs/reference/
cenpop2010/CenPop2010_Mean_ST.txt). The concept of the centre
of population is analogous to a centre of mass for which each weight
is represented by the location of one person.

Time series pre-processing

For each of the data sources, we obtainedmonthly time series for the
variables of interest to the study. To obtain meaningful comparisons
between these disparate data-sets, we needed to perform some pre-
processing of the data, as described here.

The time series for each prescription in the practice-level pre-
scribing data (https://www.hpft.nhs.uk/information-and-resources/
pharmacy-and-medicines-optimisation/medicines-formulary/bnf-
chapter-4-central-nervous-system/) was first normalised by the
total prescription volume within the samemonth, to account for dif-
ferences between months such as number of available working days
or number of patients for whom a prescription was issued. The nor-
malised prescription time series for a specific medicine, dressing or
appliance can be considered an estimate of the probability that,

given a prescription is written, what is the probability that the pre-
scription is for that specific item (i.e. a conditional probability).

Themonthly time series from each data source were further pre-
processed to remove their underlying trend and ensure fair correla-
tions when analysing the relationship between different data sources
(without this detrending step, any two increasing functions will have
a high correlation, regardless of their seasonal form). This was per-
formed by fitting a regression line, using ordinary least-squares to
each time series, before subtracting the regression line to remove
any (linear) trend.

Finally, time series were standardised so that each had a zero
mean and unit variance, allowing the time series to all fall within
the same range of values for comparison and visualisation. It
should be noted that this step has no effect on the correlation
between different series, and is performed mainly for convenience
and visualisation purposes.

Hypothesis testing and explaining variation
Establishing web queries as a proxy for antidepressant prescriptions

Focusing on prescriptions for antidepressant medications, we
wished to test whether the number of web queries for SAD in a
given month and location can be used as a proxy for antidepressant
prescriptions in the same month and location, using the Pearson’s
correlation coefficient (ρ) as our test statistic. This can be restated
in terms of an alternative hypothesis where the number of web
queries for SAD are related to antidepressant prescriptions in the
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Fig. 1 Time series between prescriptions for antidepressants and its relevant subcategories in the UK between August 2010 and November
2017, and web queries for seasonal affective disorder in the UK during the same period. Time series are detrended and standardised.

MAOIs, monoamine-oxidase inhibitors; SAD, seasonal affective disorder; SSRIs, selective serotonin reuptake inhibitors.

Table 1 Pearson’s correlation coefficient (ρ) between time series of
prescriptions for antidepressants and its relevant subcategories in the
UK between August 2010 and November 2017, and web queries for
seasonal affective disorder in the UK during the same period

Web queries Antidepressants SSRIs MAOIs

Web queries – 0.3229 0.2625 −0.1538
Antidepressants 0.3229 – 0.9475 0.0041
SSRIs 0.2625 0.9475 – 0.1424
MAOIs −0.1538 0.0041 0.1424 –

Coefficients in bold are significant with a P-value <0.05.
SSRIs, selective serotonin reuptake inhibitors; MAOIs, monoamine-oxidase inhibitors.
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same month and location (Ha: ρ≠ 0), and a null hypothesis where
they are unrelated (H0: ρ = 0). Setting our significance level at
α = 0.05, we computed the Pearson’s correlation coefficient between
the monthly time series of web queries for SAD in the UK, and the
time series for all antidepressant prescriptions as a group (https://
www.hpft.nhs.uk/information-and-resources/pharmacy-and-med-
icines-optimisation/medicines-formulary/bnf-chapter-4-central-
nervous-system/), monoamine-oxidase inhibitors and selective
serotonin reuptake inhibitors (SSRIs) over a period of 88 months
between August 2010 and November 2017 (Fig. 1). Tricyclic antide-
pressants showed a similar seasonal variation to SSRIs, but were not
shown in the data to avoid an excessively busy figure.

Explaining variation in web queries with solar energy and day length

After establishing whether certain web queries can be used as a
proxy for antidepressant prescriptions, we further wanted to
assess if we can explain the variation in the number of web
queries for SAD better using the levels of solar energy, measured
using direct normal irradiance, the average day length or the devi-
ation from a 12 h day in the same month and location. Because lon-
gitudinal data on solar energy for the UK was not available, and to
more easily differentiate between variation related to solar energy
and day length (as locations with longer days will also receive
more solar energy, on average), we focused on comparing web
queries from each of the states in the USA where solar energy
data was available (all states except Alaska), enabling us to include
locations with a much wider range of day lengths and levels of
solar energy than using one location (England). Using the 12-
point time series described above, we computed the average
Pearson’s correlation across all states for web queries, solar
energy, day length hours and deviation from a 12 h day.

Ethics

All data was obtained from publicly available websites and no data
could be related to any individual person. This work was ratified by
Research and Enterprise Development at the University of Bristol
and did not need further ethics permission.

Results

We can see (Table 1) that prescriptions of antidepressants are highly
seasonal, generally climbing from around May each year, with a
peak in December, before reaching a nadir in February (a time
series of searches for ‘depression’ rather than SAD showed a differ-
ent and much less pronounced seasonal variation). Furthermore,
web queries for SAD are significantly correlated with the number
of prescriptions for antidepressants, with correlations between
26% (SSRIs) and 32% (antidepressants in general) with web
queries, suggesting that web queries may represent a possible
proxy indicator. Monoamine-oxidase inhibitors are not signifi-
cantly correlated with web queries. Looking within the USA, a

direct comparison of the time series for web queries, solar energy
received, day length in hours and deviation from a 12 h day
shows a significant correlation for all tests (Table 2), with the day
length hours explaining the most variance (ρ2) in web queries
(21.6%), followed by solar energy (3.86%) and finally by deviation
from a 12 h day (2.75%).

Discussion

Web queries have been used to follow many diseases as disparate as
HIV, coronary artery disease and illness related to climate change.
The best known example of this approach, however, is the association
between web queries and influenza epidemics.8,9 We have been able
to use publicly available data-sets to quantify circannual variation
both in the prescription of antidepressant drugs and in web query
logs for SAD. This demonstrated clear correlations between web
queries for SAD and prescriptions for antidepressants. In addition,
analysis of environmental light data shows how changes in day
length most closely correlate with both SAD and antidepressant pre-
scriptions. This suggests that research on the use of light therapy for
SAD should concentrate on studies increasing the duration of day-
light. This data also fits with a recent study showing that the major
association between chronotype and geographical location is deter-
mined by the timing of sunset.10 We do stress that our method can
only detect correlations, which do not imply causality, but can be
used to rule out possible explanations that would be incompatible
with the correlations we observe and also enable planning of appro-
priate clinical studies.

These results show that web queries can provide proxy indica-
tors for population changes in mental health over time, and that
these changes correlate with day length. This methodology also
holds potential for future modelling of additional factors (such as
chronotype/genotype) that could be tested for any effect on redu-
cing the variance of our data.
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