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ABSTRACT

KEYWORDS

The effective monitoring and control of disease outbreaks and epidemics rely on accurate and timely data, including the number of
disease cases as well as the amount of medicines needed to alleviate the burden of the disease in the general population. Official
public health sources of information, despite being reliable and
accurate, often fail to be delivered in a timely manner. On the other
hand, participatory Web-based monitoring systems, which rely on
the participation of self-selected volunteers, can help complement
traditional public health practices and overcome these issues.
In this study, we investigate the spatio-temporal patterns of flurelated drugs uptake in England, as measured by the Flusurvey
platform, which is the largest crowd-sourced Web platform for the
monitoring of influenza-like illness activity in United Kingdom.
Flu-related drugs prescriptions reported by the National Institute
of Health in England represent our ground truth. We retrospectively evaluate the performance of self-reported data collected by
Flusurvey over the course of four influenza seasons, from 20142015 to 2017-2018. Our results show a high temporal correlation
(ranging from 0.60 to 0.96) between the prescriptions data and the
Flusurvey time series for antibiotics and cough medications. The
spatial correlation between the two datasets is instead not statistically significant. In conclusion, Web-based monitoring systems
such as Flusurvey, can capture the temporal patterns of flu-related
drugs consumption in the general population and help deliver this
information to public health authorities in a more timely fashion
than traditional systems.

Drugs uptake, Prescriptions, Web-based surveillance, Participatory
surveillance, Influenza-like illness, Flu
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INTRODUCTION

Seasonal influenza epidemics occur annually during winter seasons
in temperate regions with an estimated annual attack rate of 3 to
5 million cases of severe illness and around 250 to 500 thousand
deaths worldwide each year [2]. Timely and effective surveillance
systems are therefore crucial to monitor the circulation of influenza
in the population and promptly allocate public health resources to
implement adequate prevention strategies and mitigate the impact
of particularly severe outbreaks of influenza. Next to national public
health surveillance infrastructures, in recent years participatory
Web-based systems have been used more and more to provide an
additional layer of surveillance of influenza activity by collecting
information directly from a cohort of individuals who self-report
their health status through Internet-based surveys [28]. Similar
systems have been implemented independently in various parts
of the globe, such as Influenzanet in Europe [22], Flu Near You in
United States [27] and Flutracking in Australia [12].
Here we focus on Influenzanet [3], a network of participatory
surveillance systems established in 2009 with the aim of monitoring
influenza-like illness (ILI) epidemics in Europe. Previous studies
have extensively shown the uniqueness of Influenzanet as an innovative digital tool to complement traditional data, with a wide
variety of applications in public health, including the monitoring
of ILI incidence rates [22, 25, 31], the estimation of risk factors
for ILI [4, 14], age-specific influenza attack rates [23, 25], and influenza vaccine effectiveness [13, 16], the assessment of health
care seeking behavior [24, 30], and the unsupervised inference of
ILI syndromes [15]. In addition to the monitoring task, previous
studies have also shown the potential impact of employing Influenzanet data prospectively, thus further highlighting the added value

CCS CONCEPTS
• Applied computing → Health informatics.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
DPH ’19, November 20–23, 2019, Marseille, France
© 2019 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-7208-4/19/11. . . $15.00
https://doi.org/10.1145/3357729.3357739

111

Innovation for Global Health: From Wellbeing to Epidemics and Outbreaks

provided by such digital tool to support the existing traditional
practices in public health [7, 26, 32].
Indeed, such studies have been allowed thanks to an adequate
data collection that has been properly designed to draw a highlevel picture of the participants and the determinants of health.
Firstly, after registering to the system, participants are prompted
with an intake questionnaire, which ask for some demographic
factors, such as age, gender, location (first part of postcode), level
of education, household composition, influenza vaccine status, and
pre-existing health conditions. Subsequently, through a weekly email newsletter, participants are invited to complete a symptoms
survey in which they are asked to report their health status, i.e.
whether they are in good health or have experienced an episode
of illness. In the latter case, a set of follow-up questions is asked,
including onset and duration of symptoms, health-seeking behavior,
changes in daily routine and drugs uptake.
In this study, we leverage this latter self-reported information to
investigate the performance of participatory surveillance in capturing the spatio-temporal usage of influenza-related drugs as compared to the official data of drugs prescription reported by public
health authorities. Remarkably, participatory surveillance systems
monitor the ILI activity from symptomatic individuals who do not
necessarily seek medical attention for their symptoms, thus representing the ideal tool to assess drugs consumption in the general
population as a further approach to monitor and control disease
epidemics. In particular, here we focus on the Flusurvey platform
[1], launched in 2009 in the United Kingdom as part of the Influenzanet network, and we compare the self-reported data collected
by Flusurvey against the reference data reported by the National
Health Service (NHS) [21]. This system is responsible for collecting,
processing and publishing data and information from all health
and social care systems across England. Notably, this type of study
is feasible limited to the country of England for which prescriptions data are publicly available at the practice level. Prescriptions
data have been adopted in several studies to explore long-term
temporal trends and have been proved to be a valuable source to
observe changes in practice, to provide feedback, to ensure there
are no unexpected or undesirable changes, and to facilitate tracking and forecasting of costs [10]. A wide body of literature has
focused on several distinct categories of pharmaceuticals, such as
opioids [9, 18], antidepressants [29], antibiotics [11, 17], and antipsychotics [5].
In this paper, we identify four categories of drugs related to
influenza-like illness, namely antibiotics, antivirals, cough medications, and painkillers, and we retrospectively evaluate their consumption as reported by Flusurvey participants in England over
the course of four influenza seasons, from 2014-2015 to 2017-2018.
Below we provide a detailed description of the two datasets we
have used in this study, from raw data to processed data in the
form of monthly drugs rates. Then we present the results of our
analysis in terms of accuracy of the self-reported data collected
by Flusurvey in capturing the spatio-temporal trend of flu-related
drugs consumption in England, both nationally and in the 9 regions
of England. We conclude by discussing our findings, also in relation to the advantages and limitations of both sources of data, and
proposing future work to help advance research in this field.
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DATA

In this section, we present the two sources of data we have used
to study the spatio-temporal trend of flu-related drugs uptake in
England. First we describe the self-reported data collected by the
Flusurvey platform and then the prescriptions data reported by
general practitioners and collected by the NHS system.

2.1

Flusurvey

The Flusurvey platform [1] was launched in the United Kingdom
in 2009, under the umbrella of the Influenzanet network [3], to
help monitor the influenza-like illness activity with the aid of selfselected volunteers from the general population. Generally, the data
collection runs approximately from November to May in order to
cover the period of highest activity of influenza and it is usually
advertised at the beginning of each influenza season in order to
recruit new participants. Participation is voluntary and anonymous,
and open to all individuals living in the country.
Upon registration, participants are invited to complete an intake
questionnaire and provide some general information on their demographic and medical background, including age, gender, geographical location, educational and socio-economic status, employment,
household composition, use of public transport, vaccination status
and pre-existing health-conditions. This intake questionnaire can
be then updated at any time, if necessary, for example to update the
vaccination status. Participants can also create accounts on behalf
of other members of their household, such as children or elderly
people, and record data on their behalf.
Once enrolled in the system, participants are invited weekly, via
an e-mail newsletter, to complete a symptoms survey in which they
are asked whether they experienced any general, respiratory or
gastrointestinal symptoms since the last time they visited the platform. If symptoms are reported, further questions are asked in order
to assess both the syndrome and the behavior of the participants,
detailing the onset of symptoms, body temperature, health-seeking
behavior (i.e. if they have visited or contacted a primary care because of their symptoms), changes in daily routine (i.e. if they stayed
at home from school or work) and medicine uptake.
Data collected by the Flusurvey platform are gathered in accordance with the European privacy legislation which establishes
that only aggregated and anonymized data can be published and
shared. Raw data are available upon request from third parties wishing to conduct scientific research and upon discussion with other
members of the Influenzanet Scientific Committee.

2.2

Prescriptions

Prescriptions are made publicly available since August 2010 by
the National Health Service (NHS) [21] in the form of a list of
all medicines, dressings and appliances prescribed each month by
general practitioners (GPs) in England.
For each medicine, dressing and appliance, we collect information on the GP where the prescription was issued, the presentation
name and a code, called BNF code, which uniquely identifies the
item as a dressing or an appliance in the UK health system. It is
worth noting that a prescription item refers to a single supply of a
medicine, dressing or appliance listed on a prescription form. It is
a different concept from the quantity of units, e.g. pills, ampules,
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Table 1: Description of the Prescriptions data.
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Table 2: Description of the data on patients provenance.

Attribute

Description

Attribute

Description

BNF code

15 characters code identifying a medicine, dressing
or appliance and describing its hierarchical
information (see paragraph Medicine taxonomy).

Practice

6 characters (1 letter + 5 numbers) code identifying
a practice to which patients are registered during
a specific quarter.

BNF name

Individual preparation name, which may be
proprietary, i.e. a name associate to a brand, or
generic, i.e. not related to any specific firm.
A medicine is followed by format and formulation
(active substance and its amount).

Total

Total number of patients registered to the practice.

Males

Total number of males registered to the practice.

Practice

6 characters (1 letter + 5 numbers) code
identifying a practice dispensing the prescription.

Items

A prescription item refers to a single supply of
a medicine, dressing or appliance prescribed on a
prescription form. If a prescription form includes
N pharmaceuticals, it is counted as N distinct
prescription items.

Date

Females

Total number of females registered to the practice.

Date

Year and month of activity, reported as ’yyyymm’.
Patients provenance is reported every quarter,
particularly in January, April, July and October.
Thus, mm can be equal only to 01, 04, 07, 10.

geographic areas designed by Census for statistical aims, with a
mean population figure of 1,500. A gender split is also available.
Provenance data covers the period from 2014 to 2018 and is provided quarterly. We notice an inconsistency in the reference spatial
units for the 2014 provenance data that resulted in the exclusion
from the analysis of 810 LSOAs with not matching codes (3.6% of
the population). Refer to Table 2 for a summary.

Year and month in which the prescription was
written, reported as ‘yyyymm’. For example,
June 2012 would be 201206.

3

or tablets, relative to a single prescription and it does not provide
details on the intensity of the active ingredients.
The monthly consumption in units of product and the reference
time frame are also provided. Additionally, we collected information
on the general practices and, in particular, the zip code that enables
to geolocate a GP in the spatial unit of interest. Other information
on the cost and the health districts of origin are also available, but
will not be used in this analysis.
Refer to Table 1 for a summary of the fields used in this study.
All the cited datasets are available at https://digital.nhs.uk/.

METHODS

In this section, we describe the methodology adopted to calculate
the monthly drugs rate for both sources of data, i.e. Prescriptions
data and Flusurvey data. The resulting time series are then compared in terms of temporal trend and spatial distribution. We report
results both nationally and for the 9 regions of England.

3.1

Medicines taxonomy. To organize drugs in functional groups we
refer to the British National Formulary (BNF) [19], a pharmaceutical reference book providing key information on the selection,
prescribing, dispensing and administration of medicines. This categorization is used for all medicines, dressings and appliances dispensed in the UK and it is helpful to distinguish distinct features
characterizing each pharmaceutical. BNF codes are organized in
chapters, sections, paragraphs and sub-paragraphs that are categories of increasing specificity.
In this study, we focus on the following groups:
• Cough Preparations (BNF section 3.9);
• Painkillers, i.e. non-opioid analgesics (BNF section 4.7.1);
• Antivirals for influenza and respiratory syncytial virus (BNF
sections 5.3.4 and 5.3.5, respectively);
• Antibiotics as cephalosporins and other beta-lactams, macrolides,
sulfonamides and trimethoprim, quinolones (BNF sections
5.1.2, 5.1.5, 5.1.8, and 5.1.12, respectively);
Patients provenance. To account for the provenance of the patients, we refer to another publicly available dataset [20] from NHS
that lists for each GP the number of registered patients living in
a particular Lower Layer Super Output Area (LSOA). LSOAs are
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Flusurvey

In this study, we use the Flusurvey data for four influenza seasons,
from 2014-2015 to 2017-2018, and we include the data reported in
the period from November to May of each season, except for the
2014-2015 season for which the data collection was interrupted earlier, in March. For each influenza season we include in the analysis
only those participants whose home postcode resides in England
and who have completed at least one background survey since
their registration to the platform and at least one symptoms survey, excluding the first symptoms survey submitted at the time of
first participation to the data collection. This is to avoid sporadic
participation and to guarantee a basic level of confidence with the
questions proposed in the questionnaire. Moreover, previous studies showed a potential correlation between symptoms presence and
willingness to join the platform [4, 6].
For each influenza season, we retrospectively compute the time
series of drugs rate from symptoms surveys in which participants
have reported the presence of at least one symptom and the uptake
of at least one medicine among the ones proposed in the questionnaire. Specifically, participants can choose from the following list
of possible answers and tick all that applies in their case:
• No medication
• Painkillers (e.g. paracetamol, lemsip, ibuprofen, aspirin, calpol)
• Cough medication (e.g. expectorants)
• Antivirals (Tamiflu, Relenza)
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• Antibiotics
• Other
• I don’t know/can’t remember

spatial unit u by the GP д. To evaluate i(u, д) we compute:
i(u, д) = i(д)

Thus, here we identify four categories of drugs, namely Antibiotics, Antivirals, Cough medications, and Painkillers. We refer
to the symptoms onset date to retrieve when participants took
medicines for their symptoms. Only records with symptoms onset
dates occurring between November 1st and May 31st are retained.
If the symptom onset date is not reported, we use the survey submission date. If the symptoms onset date is marked as incorrect
(e.g. future date or date before the start of data collection), the survey is removed from the analysis. Duplicates of symptoms surveys
submitted within the same day are removed from the analysis in
order to avoid multiple counting of the same episode.
In addition, participants are asked to report whether they have
sought health care treatment for their symptoms in the form of a
face-to-face visit, including general practitioners, hospitals, emergency rooms, and any other medical services, or in the form of
telephone/internet contact, including for example having talked
to receptionist, doctor or nurse, or contacted the NHS. Here, we
consider only face-to-face visits due to the underlying assumption
that drugs prescriptions do not occur via telephone or internet
contact.
Finally, the time series of drugs rate are obtained as the ratio
between the monthly drugs counts and the number of participants
involved in the data collection each season. Hereafter, we will refer
to them as Flusurvey time series. Furthermore, we also compute
the specific time series of drugs uptake associated to the seeking of
medical services.

3.2

u ∈Uд

with Uд as the collection of the LSOAs where patients of GP д
live. Having assumed uniformity in the prescribing distribution,
we point out that i(u, д) results to be the proportion of prescription
items dispensed by GP д in the LSOA u in accordance with the
amount of patients living in that area.
The number of patients living in a certain spatial unit u and
registered at any GP can be easily computed as:
Õ
p(u) =
p(u, д).
д ∈Gu

Observe that p(u) could be potentially split by gender that allows
the computation of the male pmal e (u) and female pf emal e (u) rates
respectively.
The prescription rate in the spatial unit u can be now computed
as the ratio between items and patients:
r (u) =

i(u)
.
p(u)

We compute r (u) monthly during the period 2014-2018 for each
of the drugs classes of interest, ending up with 48 observational
points. Amongst those, only the 26 observations that matches with
the Flusurvey data are preserved for the analysis. Hereafter, we will
refer to them as Prescriptions time series.

4

As described in Section 2.2, the BNF codes associated with each pharmaceutical allows to effectively select different functional groups.
Similarly to the Flusurvey case, we focus on the Cough Preparations,
Painkillers, Antibiotics, and Antivirals categories. First, we compute
the monthly consumption per category and general practice across
the period of interest. Note that in this first step the unit of study is
the general practice; however, we are interested in characterizing
drugs consumption at a finer spatial granularity. To this extent, we
develop a redistribution mechanism that combines the prescriptions
and the patients provenance datasets to compute consumption rates
at the level of LSOAs.
To this extent, we define i(д) as the number of prescriptions
dispensed by the practice д and p(u, д) as the number of patients
registered at the practice д and living in the spatial unit u. These
quantities are directly available from the data. We hypothesize that
the amount of prescriptions dispensed by a GP д in a specific geographical area u is proportional to the number of patients registered
at д and living in u. Consequently, we estimate the number of items
prescribed in each spatial unit u as:
Õ

p(u, д)
p(д)

where p(д) is the total number of patients enrolled in the GP д,
which can be determined as
Õ
p(д) =
p(u, д)

Prescriptions

i(u) =

DPH' 19, November 20–23, 2019, Marseille, France

RESULTS

In Table 3, we report for each season the number of participants,
the total number of symptoms surveys submitted to the system
as well as the average number of monthly surveys considered in
our analysis (i.e. symptoms surveys reporting both symptoms and
medicines). A total of 8,825 unique individuals participated to the
Flusurvey data collection during one or more of the four influenza
seasons under study. The majority of participants live in the region
of Greater London (i.e. UKI) with an average of about 20% of participants and in the neighboring region of South East (i.e. UKJ) with
an average of about 21% of participants.
The number of symptoms surveys in which participants reported
having symptoms and taking medicines ranges approximately from
14% to 17% per season compared to the total number of symptoms
surveys submitted each season. The total drugs count per season
refers mainly to painkillers with an average of about 76%, followed
by cough medications with 18%, antibiotics with 6% and antivirals
with 0.3%. On average, the proportion of participants who reported
having visited or contacted a medical service for their symptoms is
approximately 90% for antibiotics, 78% for antivirals, 18% for cough
medications and 14% for painkillers.
In Figure 1, we report the distributions of the monthly drugs
rate of the Prescriptions data and the Flusurvey data for the four
influenza seasons under study. In particular, Prescriptions data show
a decreasing trend over time of the consumption of antibiotics,

i(u, д)

д ∈Gu

where Gu is the set of GPs with at least a patient living in u and
i(u, д) is the estimated amount of prescription items dispensed in a
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Table 3: Participation to Flusurvey during the four influenza
seasons under study.
season

no. participants

2014-2015
2015-2016
2016-2017
2017-2018

4,279
4,216
3,323
5,219

total no.
surveys
44,779
57,313
46,595
68,362

average no.
surveys per month
1,502
1,305
1,000
1,382

Table 4: Spearman’s correlation and Hit Rate for antibiotics
and cough medications for the four influenza seasons under
study.

season
2014-2015
2015-2016
2016-2017
2017-2018
*p-value<0.05

Antibiotics
Spearman’s Hit Rate
correlation
(%)
0.60
75.0
0.82*
66.7
0.89*
66.7
0.86*
83.3

Cough medications
Spearman’s Hit Rate
correlation
(%)
0.70
75.0
0.96*
100.0
0.96*
83.3
0.96*
83.3

Figure 1: Distributions of the monthly drugs rate of the Prescriptions data (left) and Flusurvey data (right). Rows refer to: a) Antibiotics; b) Antivirals; c) Cough medications; d)
Painkillers.

cough medications and painkillers, whereas the temporal pattern
of the monthly consumption rate as detected by Flusurvey is quite
similar across the various influenza seasons. Antivirals have the
lowest rates of consumption in both datasets. It is worth noting
that drugs rate cannot be compared in amplitude as the two data
sets refer to different measures.
In Figure 2, we show the resulting Flusurvey time series of drugs
uptake as compared to the Prescriptions time series. For the sake
of visual comparison the time series are rescaled according to the
highest peak of each season. The time series of antivirals lack some
data points due to the low rate of prescription and consumption. The
Spearman’s correlations between the time series of prescription data
and Flusurvey data correspond to 0.54 for antibiotics (p-value<0.01),
0.47 for antivirals (p-value<0.05), 0.58 (p-value<0.01) for cough
medications and 0.38 (p-value=0.06) for painkillers. The values of
the Hit Rate instead correspond to 68.0 for antibiotics, antivirals
and painkillers, while 84.0 for cough medications. In Table 4, we
further report the values of the Spearman’s correlations and Hit
Rate per season for antibiotics and cough medications.
To assess the spatial distribution between the Flusurvey and
Prescriptions time series at the level of the 9 regions of England,
we performed a Kendall’s tau correlation. Specifically, we found
weak positive correlations for antibiotics (τ =0.19, p-value<0.01),
cough medications (τ =0.30, p-value<0.01), and painkillers (τ =0.09,
p-value<0.05), while no statistically significant correlation for antivirals (τ =0.06, p-value=0.53). Looking at the spatial relationship
between the cumulative drugs rates, instead, we found no statistically significant correlations, ranging from -0.03 for antibiotics to
0.24 for cough medications (all p-values>0.05), as also shown in the
maps in Figure 3. Moreover, in Figure 4 we show the correlations
between the Flusurvey and Prescriptions time series at the level

of the 9 regions of England, sorted by the number of participants
involved in Flusurvey.

5

DISCUSSION AND CONCLUSIONS

In this study, we investigated the performance of a digital participatory surveillance system called Flusurvey in capturing the spatiotemporal patterns of flu-related drugs consumption in the general
population in England. Specifically, we analyzed the monthly consumption of four categories of flu-related drugs, namely antibiotics,
antivirals, cough medications and painkillers. Self-reported drugs
uptake collected by the Flusurvey platform is compared against
the prescription data released by public health officials in England,
here considered our ground truth.
As already shown in previous studies, in participatory surveillance systems only a small fraction of participants refers to seek
health care treatment for their symptoms [25, 31]. Consequently,
self-reported drugs consumption in the Flusurvey cohort refers
mainly to those drugs that do not require a prescription from a
public health official, mainly painkillers which represent about
76% of the total drugs count, on average. In particular, among the
participants who reported having sought medical treatment, the
majority also reported having taken antibiotics (about 90%) and
antivirals (about 78%), while only a smaller portion of participants
reported having sought medical treatment in conjunction with the
consumption of cough medications (about 18%) and painkillers
(about 14%). Interestingly, our results show significant temporal
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Figure 2: Time series of drugs rate as obtained by Prescriptions data (left y-axis) and Flusurvey data (right y-axis). Rows refer
to: a) Antibiotics; b) Antivirals; c) Cough medications; d) Painkillers. The time series for the 2014-2015 flu season have data
points only until March because the Flusurvey data collection ceased earlier that year (see Section 3.1 for more details).
correlations between the self-reported data collected by Flusurvey
and the ground truth at the national level for antibiotics, antivirals
and cough medications, while no significant temporal correlation
instead for painkillers. It is also worth noting that in the prescriptions dataset, painkillers show no seasonality, whereas the consumption of antibiotics, antivirals and cough medications shows
well-defined peaks during the winter months, thus representing
the closest pattern to the purpose of participatory surveillance system like Flusurvey for capturing the influenza-like illness activity
during the winter season.
On the other hand, the spatial distribution of the Flusurvey
self-reported drugs consumption is not statically correlated with
the spatial distribution of prescriptions drugs consumption. This
might be mainly due to the spatial distribution of the Flusurvey
participants, which is not representative of the spatial distribution
of the general population in the United Kingdom and is strongly
biased towards urban areas [8].
Prescriptions data can instead praise a higher spatial resolution
up to the level of LSOAs. However, prescriptions data are released
typically with a lag of 2 months due to the time to collect and
aggregate data reported by the general practitioners. Moreover,
prescriptions data are aggregated monthly, while Flusurvey can

praise a higher temporal resolution since the weekly reports are
generally submitted on a weekly basis.
The main assumption in adopting prescriptions to characterize
drugs consumption in certain areal units is the homogeneity in
their spatial distribution. For example, we assume that if a general
practice prescribes n antibiotics items in a month they are uniformly
spatially distributed amongst registered patients without taking
into account demographic or socio-economic determinants of their
provenance areas. Even if it looks a reasonable assumption for
drugs related to widespread medical conditions like influenza, a
quantitative validation is missing and planned for future work.
A further issue that affects the redistribution methodology is the
inability to derive accurate estimations in the case of drugs with low
consumption rates. In fact, for certain categories, the prescriptions
volume is comparable in magnitude to the number of spatial units,
i.e. about 33,000 in the case of LSOAs, that makes the allocation
procedure not accurate for high-resolution spatial granularities. In
these cases, a solution would be to aggregate the prescriptions data
to coarser geographical regions, as described in several previous
works.
In conclusion, in this pilot study we have shown the feasibility of
using self-reported information collected by Flusurvey to measure
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a)

b)

Figure 4: Correlations between the Prescriptions and the
Flusurvey time series at the resolution of the 9 regions of
England.

c)

health policies, such as the preparedness for particularly severe influenza seasons for which a higher drugs consumption is expected
in the general population. On the other hand, the Flusurvey platform would particularly benefit from specific enrollment campaigns
in order to reach out to additional participants and ensure more
accurate geographical coverage.
Further future applications of this study include the use of predictive models to estimate the expected pattern of drugs consumption
in the general population and help inform and guide the public
health decision making. Moreover, drugs consumption rates can
also be integrated into forecasting models for influenza-like illnesses as an additional layer of information to better capture the
unfolding of seasonal influenza epidemics in a timely manner.
Finally, this work serves as the first validation of the reliability
of the information on drugs consumption as detected by a participatory surveillance platform. In countries where official information
on drugs prescriptions is not timely collected or publicly released,
drug consumption data provided by participatory surveillance platforms could provide relevant public health insight that would not
otherwise be available.

d)

Figure 3: Cumulative drugs rate of Prescriptions data (left)
and Flusurvey data (right) at the resolution of the 9 regions
of England for the 2017-2018 influenza season. Rows refer
to: a) Antibiotics; b) Antivirals; c) Cough medications; d)
Painkillers.
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and in the Prescriptions data, respectively. In particular, the timeliness of the information collected in near real-time by the Flusurvey
platform could well complement the prescription data collected and
released monthly by the NHS system. This highlights the added
value of participatory surveillance data in the application of public
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