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� Citizen Science can help understand
risk factors for allergic rhinitis (AR)

� Largest study of AR symptoms in an
‘extra-clinical’ population.

� Outdoor grass pollen levels are
strongly correlated with increased AR
symptom scores.

� User demographics also influence
symptom scores.
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a b s t r a c t

Allergic Rhinitis (AR) affects over half a billion people worldwide with an estimated prevalence of 1 in 5
individuals in developed countries. Although ambient pollen exposure is a causal factor in AR, the
symptom-exposure relationship is typically not studied in the broader community but in small, well-
characterised cohorts drawn from clinical populations. To identify relationships between AR symptoms
in the community and a range of environmental factors, we used a database containing over 96,000
symptom score reports collected over a 3-year period (2014–2016) through freely available smartphone
apps released in two Australian cities, Melbourne and Canberra. Ambient pollen levels and symptom
scores were strongly related, with grass pollen explaining most of the symptom variation. Other factors
correlated with higher symptom scores included temperature (R > 0.73) and wind speed (R > 0.75). In
general, worse symptom scores were reported by younger participants, women, and those who had taken
medication for AR in the preceding 24 h. The strength of this relationship varied between the two cities.
Smartphone-based symptom surveys offer a cost-effective means of studying real-world risk factors for
AR in a broader ‘extra-clinical’ population.
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1. Introduction

Allergic rhinitis (AR), or hay fever, has classic symptoms of rhi-
norrhoea, nasal congestion and sneezing, and commonly coexisting
non-nasal symptoms such as conjunctival irritation. Globally, AR is
estimated to affect one in five people (Kiotseridis et al., 2013)
including up to 50% of adolescents (Bousquet et al., 2008). A major
trigger of AR is the seasonal release of pollen by various plants, par-
ticularly grasses. AR can significantly impair an individuals’ quality
of life, interfere with daily activities and is associated with other
complications including asthma exacerbations (Erbas et al.,
2012). Indeed, increases in the levels of airborne grass pollen have
been positively correlated with increases in AR symptoms reported
by patients with hay fever (Johnsen et al., 1992; Hanigan and
Johnston, 2007; Erbas et al., 2007; Johnston et al., 2009; Medek
et al., 2012; Walter et al., 2019), as well as increases in hospital
admissions for asthma (Silver et al., 2018). Across a population,
reduced productivity and direct healthcare costs resulting from
AR have a significant overall socio-economic impact (Meltzer and
Bukstein, 2011).

As well as allergen exposure, known AR risk factors, as assessed in
physician-managed cohorts, include environmental conditions and a
range of demographic factors (Wang, 2005; Cazzoletti et al., 2015).
The ever-increasing number of individuals with smartphones has
led to a surge in demand for eHealth-related mobile applications
(apps) that provide pollen information (Alquran et al., 2018; WHO,
2012). As eHealth apps also give researchers the ability to interact
with these ‘‘extra-clinical” subjects - i.e. subjects not identified fol-
lowing a medical examination but self-identified based on symptoms
- the use of app-based symptom surveys is becoming commonplace.
Crowd-sourced symptom data from these large extra-clinical groups
can contribute both to a better understanding of AR risk factors and
have the potential benefit of improving the ability of participants to
self-manage (Johnson et al., 2018).

AR is a major concern in Australia, as an estimated 20% of the pop-
ulation have AR and allergic and immune diseases are among the
fastest growing chronic conditions in Australia (ASCIA, 2013). Fur-
ther, epidemics of thunderstorm asthma related to high grass pollen
levels are well documented in South Eastern Australia (Marks et al.,
2001; Silver et al., 2018). Notably, 20–30% of patients presenting with
acute thunderstorm asthma attacks have histories of allergic rhinitis
but lack a prior formal diagnosis of asthma (Thien et al., 2018).

The aim of this paper was to assess the utility of AR symptoms
reported by the community for identifying factors contributing to
these symptoms. We hypothesised that both demographic and
environmental variables were associated with the severity of AR
symptoms, given previous reports of their contribution in
physician-managed cohorts. Data were gathered over three years
(2014–2016) from Melbourne and Canberra, two major Australian
population centres with significantly different geographies. During
this period, Melbourne experienced a large-scale thunderstorm
asthma event on November 21, 2016 (Thien et al., 2018) but survey
results associated with this event were not specifically analysed as
part of this paper.

2. Methods

2.1. Subject recruitment, demographic data and symptom score
collection

Free apps for Android and iOS devices were developed and
made available in Melbourne and Canberra in 2014–2016. The
apps (called Melbourne Pollen and Canberra Pollen) were identical
in design and active during the grass pollen seasons (October 1st to
December 31st) when daily monitoring of airborne grass pollen

concentrations was taking place. The apps published daily pollen
levels and forecasts and provided a quick and easy survey that
asked users to rate their current hay fever symptoms on a severity
scale with five categories, from no symptoms (1) to severe symp-
toms (5). Based on the Bousquet et al. (1994) ‘‘Quality of Life” scor-
ing system, users were provided with the following guide on how
to rate their symptoms:

1 = No Symptoms
2 = Mild symptoms (my symptoms were slight and a nuisance)
3 = Slight (my symptoms were obvious but tolerable)
4 = Moderate (my symptoms were obvious, inconvenient but

still tolerable)
5 = Severe (my symptoms were obvious and intolerable)

Individuals self-selected themselves for participation by inter-
acting with the survey widget and only the first survey score
recorded by a device in a 24 hr period was used. Data collected
was approved for analysis by the Human Research Ethics Commit-
tees of the University of Melbourne and Melbourne Health
(1647764.1 and QA2015148). Although subjects were not identifi-
able, devices were assigned a universally unique identifier (UDID)
so that submissions from the same device could be linked. Users
could provide a survey response at any time of day, at which point
the time and device UDID were also recorded and users could elect
to provide location (GPS) data as well. Further, after submitting
their symptom scores, users were prompted with the yes/no ques-
tion ‘‘Have you taken any hay fever medication today?”

In 2015 and 2016 the apps provided an additional survey that
asked users for the following demographic information:

� What is your age group?
� What is your biological sex?
� What is your occupation?
� In an average week how many hours do you spend outside?
� Have you been diagnosed with asthma by a doctor?
� Have you been diagnosed with allergic rhinitis (hay fever) by a
doctor?

� Are you taking any regular preventative treatments for your hay
fever?

Outcome variables are described in Supplemental Table 1.
As described in the results section, the dataset was filtered to

include only those survey results recorded between October 1
and December 31 with GPS coordinates that were within 50 km
of the Melbourne trap site or 20 km of the Canberra trap site (the
rationale for these thresholds is outlined below). A summary of
the number of response examined in this study after filtering is
provided in Table 2.

2.2. Study sites and airborne pollen collection

Melbourne Australia has a population of approximately 4.9 mil-
lion and is located on the south east coast of mainland Australia
(Fig. 1). The city has a largely rural landscape to the north and west,
ocean to the south and forested areas to the east. Canberra, Aus-
tralia’s capital city, has around 0.5 million inhabitants and is land-
locked. The surrounding countryside is a matrix of farmland and
natural forest.

Daily grass and total pollen concentrations were measured
using a Burkard volumetric trap (Burkard Manufacturing Co. Ltd.,
Rickmansworth, Hertfordshire, UK) as previously described (Ong
et al., 1995). The Melbourne sampling site was located at the
University of Melbourne 1.7 km north of central Melbourne at
coordinates �37.7971 and 144.9648 (Fig. 1). The Canberra sam-
pling site was located at the Australian National University at coor-
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dinates �35.1632 and 149.7100. Samples were collected at 16:00 h
(local time) with the measured concentration representing the 24-
hour average concentration from 16:00 h the previous day in pol-
len grains/m3 of air. The measured concentration is associated with
the day the measurement was made, as this day covers 67% of the
measurement period. Daily grass pollen concentrations are
described within this manuscript in terms of categorical levels (fol-
lowing Ong et al., 1995): ‘low’ (an average concentration of 0–19
grains/m3), ‘moderate’ (20–49 grains/m3), ‘high’ (50–99 grains/
m3) and ‘extreme’ (�100 grains/m3). Additional attributes of the
study sites, namely population density, mean annual rainfall and
topography are presented in Supplemental Figs. 1 and 2.

2.3. Environmental and weather variables

Daily temperature (Celsius), relative humidity, rainfall and wind
speed records for Melbourne (the Olympic Park automatic weather
station) and Canberra (Canberra airport) were provided by the Aus-
tralian Bureau of Meteorology. Averaged or integrated versions of
these weather variables were used, rather than the instantaneous
values. For temperature and relative humidity, the average daily
value was used, and for rainfall, the sum from 00:00 h to 23:59 h
(local time) was used. For wind speed, the average wind speed
and direction was calculated based on averages of the north–south
and east–west components of the hourly wind vectors.

Air quality data for Canberra was provided by ACT Health
through the Open Data Portal (www.data.act.gov.au) and for Mel-
bourne by the Victorian Environmental Protection Agency under
a data request and is now also available through the Open Data
Portal. To estimate the daily particulate matter (PM) concentration
in each city, concentrations were averaged across three monitoring
sites in Canberra (PM2.5) and 11 sites in Melbourne (PM10). While it
would have been preferable to use PM2.5 data for both locations,

there were more PM10 sites operational across Melbourne during
the study period and the temporal coverage was much better.

2.4. Statistical analysis

The R statistical computing environment was used for all com-
putations (R Core Team, 2015).

3. Results

3.1. Melbourne and Canberra grass pollen seasons 2014–2016

Table 1 shows summary measures of the 2014–2016Melbourne
and Canberra grass pollen seasons (October 1 to December 31 each
year). Average daily grass pollen concentrations varied at the two
locations and over the three seasons, being on average 1.4 times
higher in Canberra, and for a given site the seasonal averages ran-
ged by a factor of 2.1–2.6 (Fig. 2 and Supplemental Fig. 3). There
were five ‘high’ (50–99 pollen grains/m3) and no ‘extreme’ (�100
pollen grains/m3) grass pollen days in Melbourne in the 2014
and 2015 seasons, and 20 ‘high’ grass and 6 ‘extreme’ grass pollen
days in 2016. The 2016 season was also notable for the November
21 thunderstorm asthma event in which grass pollen levels likely
played a critical role (Thien et al., 2018). The 2014 and 2015 Can-
berra seasons were heavier in terms of the total amount of grass
pollen recorded (2–2.9 fold more than for the corresponding Mel-
bourne season) and number of ‘high’ or ‘extreme’ days (17 and 21,
respectively). By contrast, 2016 was proportionally a lighter year
with only 7 high grass pollen count days.

Daily concentrations of non-grass pollen (all pollen other than
grass pollen) were in general much higher than grass pollen con-
centrations, being on average 4.5 times higher in Melbourne and
1.5 times higher in Canberra (Table 1). Consistent with previous

Table 1
Summary of pollen recorded for Melbourne and Canberra (2014–2016) grass pollen seasons (Oct 1 – Dec 31).

Melbourne Canberra

2014 2015 2016 2014 2015 2016

Grass Other Grass Other Grass Other Grass Other Grass Other Grass Other

Mean count 13.02 79.03 11.1 57.1 28.9 101.36 26.66 36.02 32.19 50.41 15.08 24.04
Median count 9 52.5 5 32.5 17 58.5 14 25 26.5 40 9 9
SD count 13.4 66.75 13.69 73.01 33.78 115.39 29.51 31.96 25.81 38.01 15.68 44.89
Number of days reporting 92 92 92 92 92 92 91 91 90 90 92 92
Max count 54 338 58 418 154 714 130 126 115 234 69 313
Total 1,198 7,271 1,021 5,253 2,659 9,325 2,426 3,278 2,897 4,537 1,387 2,212
Number of lows 68 – 72 – 51 – 50 – 32 – 64 –
Number of mediums 22 – 17 – 21 – 24 – 37 – 21 –
Number of highs 2 – 3 – 20 – 14 – 19 – 7 –
Number of extremes 0 – 0 – 6 – 3 – 2 – 0 –

Table 2
Numbers of submissions and unique devices for Melbourne and Canberra for 2014–2016 after filtering.

Filtered Data Melbourne Canberra

2014 2015 2016 Total 2014 2015 2016 Total

Number of responses from Android devices 3525 729 7926 12180 2504 790 2422 5716
Number of responses from iOS devices 5051 2980 21876 29907 3314 2894 6298 12506
Total number of responses 8576 3709 29802 42087 5818 3684 8720 18222
Number of unique Devices 2420 1379 6226 9475 1213 921 1370 3105
Mean number of submission per device 3.5 2.6 4.7 4.4 4.7 4.0 6.3 5.8
Median number of submission per device 2 1 2 2 2 1 3 2
Maximum number of submission per device 59 53 74 122 67 67 69 110
Percentage of devices with a single submission 46.3 61.4 39.0 42.7 39.0 51.4 30.2 37.3
Mean number of submissions per device among multiple submitters. 5.7 5.3 7.2 7.0 7.2 7.1 8.6 8.7

The ‘‘full year” spans Jan 1 to Dec 31, the ‘‘grass season” is defined as Oct 1 to Dec 31, and the ‘‘filtered data” are restricted to the grass season only and to within 50 km of the
trap location for Melbourne and within 20 km for Canberra.
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Fig. 1. Locations of the study regions within Australia. (A) Map of Australia showing the locations of the study regions within Australia. (B-C): Detailed satellite imagery
and (C-E) localities of (B,D) Melbourne and (C,E) Canberra. Circles are shown around the trap site depicting 50 km for Melbourne and 20 km for Canberra. Imagery provided
by Bing or OpenStreetMap.
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studies (Haberle et al., 2014), non-grass pollen levels declined over
the October-December period at both sites (Supplemental Fig. 3).
The ‘non-grass’ pollen fraction is taxonomically very broad and
its composition differs between Canberra and Melbourne. The Mel-
bourne site is characterised by large amounts of Cupressaceae
(cypress) pollen (around 60% of the total) and smaller amounts
of native Myrtaceae (eucalypt) pollen, as well as pollen from intro-
duced northern hemisphere trees like Oleaceae (the ash, Fraxinus)
and Betula (birch) (Haberle et al., 2014). The Canberra non-grass
pollen fraction contains much less Cupressaceae pollen than Mel-
bourne but has proportionally more Pinus (pine) and Rumex (sor-
rel) pollen (Haberle et al., 2014).

3.2. App usage and filtering of survey responses

Free Melbourne and Canberra pollen smartphone apps were
released in time for the 2014 season and were updated annually.
By the end of 2016, the Melbourne Pollen app had been installed
on 49,957 devices and utilised 547,137 times and the Canberra Pol-

len app installed on 15,146 devices and used 134,200 times (Sup-
plemental Table 2). A simple survey on the apps allowed users to
rate their daily AR symptoms on a 5-point scale. Supplemental
Table 2 shows that 15,132 devices reported 67,260 survey
responses using the Melbourne Pollen app (75% with a GPS loca-
tion) and 4,869 devices reported 28,917 responses using the Can-
berra Pollen app (74% with a GPS location). The number of
submissions per device exhibited a power-law decay (Fig. 3A), with
the highest number of reports per device over the three-year per-
iod being 144 for Melbourne and 139 for Canberra (Supplemental
Table 2). Approximately 44% of devices across the two cities
recorded only a single survey response (Supplemental Table 2).

Three filters were applied to the dataset of survey responses.
First, only those survey responses with associated GPS coordinates
were used. Second, as the frequency of daily symptom reporting
was highest when the apps were providing information about
grass pollen (Fig. 3B), the data was filtered to include only those
survey responses received in the busy October 1–December 31 per-
iod. During this time there was on average 315 daily submissions

Fig. 2. Time-series of the grass pollen concentrations across seasons. Grass pollen concentrations in Melbourne (black) and Canberra (red). The upper two rows show the
raw counts (solid line) and seven-day moving averages (dashed line). The bottom panel shows a smoothed version, based on all four years of data. Smoothing was performed
using a generalised additive model with a spline fit for the one predictor variable (the day of the year). (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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over the two sites, with the daily maximum being 1,622 submis-
sions. The number of reports fell to < 10 per day for the rest of
the year. Finally, a small number of submissions were received
from hundreds of kilometres from the pollen monitoring sites,
including some from other countries. To detect meaningful rela-

tionships between local environmental conditions and conditions
to which users were exposed, the analysis was further restricted
to include only those surveys received from a device within
50 km of the Melbourne trap and 20 km of the Canberra trap
(Fig. 3C). This criterion is consistent with Canberra being a smaller
city than Melbourne (Fig. 1A-B) and with the majority of the pop-
ulation being < 100 km from the city centre (see Supplemental
Fig. 1A and B).

3.3. Environmental factors and their influence on AR symptom scores

Much of the statistical analysis was performed using a dichoto-
mised variable (i.e. whether the symptom score was � 3), rather
than the original five-point scale; this was done to simplify the
analysis and allowing readily-interpretable confidence intervals
for this binomial proportion. An initial question was how much
data-loss occurred because of this dichotomisation. Clearly for
individual data points there is considerable data loss (e.g., once
dichotomised, 3 is indistinguishable from 5). However, across a
group of scores much information was retained: examining all data
for a given day, there was a very clear relationship (R � 0.95 across
both cities) between the mean of the symptom scores and the frac-
tion of symptom scores � 3 (called F3; Supplemental Fig. 4B).
Symptom scores of 1 and 2 comprised 51% of all submissions, thus
this threshold was the closest to the median, making F3 the most
informative dichotomisation. Other versions of the fractional vari-
able (e.g. F2, whether symptom scores were � 2, or F5, whether
symptom scores were = 5) returned lower R values than F3 (Sup-
plemental Fig. 4A, C and D). For clarity, F3 is defined as:

F3 = (number of symptom survey submissions with values � 3)/
(total number of submissions)

Fig. 4A-B summarises relationships between user symptom
scores and various temporal factors. AR symptoms were worse
on Sundays and Mondays, an observation that is consistent with
Melbourne’s weekly cycle of asthma-related hospital admissions
(Silver et al., 2018). For example, F3 was 0.123 (0.068) higher on
Sundays than Wednesdays in Melbourne (Canberra) with the null
hypothesis for the v2-test of equality of proportions rejected at
p < 10-10 (p < 10�3). Users in Melbourne also reported symptoms
were worse in the early morning (e.g., 3–4 am) and were better
in the evening (around 7 pm). The F3 at 4amwas 0.25 (0.11) higher
in Melbourne (Canberra) with v2-test result p < 10�10 (p < 10�10).
A range of hypotheses for this 3–4 am increase in symptoms can be
considered, such as house dust mite allergies in co-sensitised indi-
viduals or non-allergic hyperactivity associated with the night-
time temperature drop, but the available data does not allow these
and other plausible hypotheses to be tested. This diurnal pattern
was less obvious in Canberra, presumably because the smaller
number of symptom scores submitted between 12am–6am (Sup-
plemental Fig. 5) made the pattern harder to infer.

The apps utilised in this study provided users with a forecast of
the expected grass pollen levels in the coming 24 h. These forecasts
were issued at 4 pm each day during the study period and could
potentially influence user survey scores. Considering all of the data,
there was a rise in the number of responses submitted at around
4 pm, but notably there was no change in reported AR symptoms
at either site (Fig. 4B, Supplemental Fig. 5B). While this feature of
the survey could potentially influence the relationship between
AR symptom scores and grass pollen levels, it would not affect
the relationship with other environmental and demographic vari-
ables and medication usage.

Fig. 3C shows that the correlation between average daily symp-
tom scores and grass pollen counts decayed with distance from
trap. A Williams’ test (Williams, 1959; Steiger, 1980), which tests
for differences between a pair of correlations where the correla-
tions for both relate to a common variable, was used to analyse

Fig. 3. Number of survey submissions. (A) Number of submissions per device. (B)
Percentage of responses per month of year. (C) Number of responses as a function of
distance from trap location (bars), and the correlation between daily symptom
scores and daily grass pollen at different separation distances (dashed lines).
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correlations between grass pollen levels and survey scores
recorded at different distance bands from the pollen trap. The first
correlation compared grass pollen levels with symptom scores
within the 0 to 10 km band, and the second correlation compared
the grass pollen levels with symptom scores in the � to (x + 10)km
band (for � in 10, 20, . . ., 90); the common variable here was the
grass pollen level recorded at the trap site. The test accounts for
the sample sizes underlying the correlations and the correlation
between symptom scores in the two bands. Differences between
the 0–10 km correlation and correlations at greater distances
became statistically significant (using Williams’ test and p = 0.05
significance threshold) beyond 50 km (20 km) away from the Mel-
bourne (Canberra) spore trap. This analysis also informed the dis-
tance thresholds used in the third data filtering step (see Methods).

The relationship between grass pollen and wind direction and
strength was examined to determine if the user’s position relative
to the spore trap influenced the score (Fig. 4C–H). In Melbourne,
winds during the October-December period were predominantly
from the North, South and West; the Canberra site experienced
winds mostly from the North-West, North, East and South-East.
In Melbourne, the highest grass pollen levels and highest average
symptom survey scores coincided with winds from the North
(northerly winds were experienced on 52% of days when the F3
exceeded 0.5); conversely, South and South-West winds were asso-
ciated with lower grass pollen levels and lower symptom scores
(winds from the southerly quadrant were experienced on 62% of
days when the F3 was below 0.5). In Canberra, high symptom
scores and grass pollen levels were less concentrated within speci-

Fig. 4. User symptom scores and various spatial and temporal factors. (A-B) F raction of symptom scores � 3 (F3) as a function of day-of-week and time-of-day. Vertical
bars show a 95% confidence interval for the corresponding fractions. (C,F) Distribution of wind speeds per wind sector. (D,G) Distribution of grass counts per wind sector. (E,
H) Distribution of the fraction of survey scores � 3 per wind sector. The wind-sector plots for Melbourne appear in C to E, and for Canberra F to H.

J.D. Silver et al. / Science of the Total Environment 705 (2020) 135147 7



fic wind sectors; this likely reflects the fact that agricultural land
can be found within 30 km of the city in most directions. The num-
ber of responses obtained was also influenced by the bearing rela-
tive to the spore trap (Supplemental Fig. 5C-D). At both sites, there
was a weak relationship between the number of responses per day
and mean symptom score (R = 0.25 for Melbourne, R = 0.37 for
Canberra; Supplemental Fig. 5E).

Fig. 5 shows the relationships between several variables (wind,
temperature, particulate matter, pollen, humidity) and symptom
scores in Canberra and Melbourne. A strong correlation exists
between the user symptom score and the level of grass pollen in
the air (Pearson correlation coefficient of R = 0.94 and 0.91 for Mel-
bourne and Canberra, respectively). This relationship appears close
to linear over the range 0–100 grains/m3, and given that the F3
cannot exceed 1.0, this relationship must be non-linear over a
wider range; we have not explored such non-linearity, but within
this range the slope and intercept of the linear regression are not

significantly different for the two sites. Although in Melbourne,
F3 and levels of non-grass pollen were also highly positively corre-
lated (R = 0.91), the two variables were negatively correlated in
Canberra (-0.22). Higher symptom scores showed an increasing
relationship with temperature (R > 0.73) and wind speed
(R > 0.75) and were negatively correlated with relative humidity
(R < �0.66). The relationship between the number of responses
and associated environmental conditions was mainly explained
by the frequency of the environmental conditions; for example,
the percentage of responses on days above 35 degrees Celsius
was very small, largely because there were very few such days
(Supplemental Fig. 6). However, given the association between
number of responses and the magnitude of the symptoms
reported, fewer submissions were made on days with low grass
pollen than would be expected based on the frequency of these
days alone, and conversely for high grass pollen days (Supplemen-
tal Fig. 6).

Fig. 5. Marginal relationships between user symptom scores and various environmental factors. Vertical axes show the fraction of symptom scores � 3 (F3) plotted
against the indicated environmental factor, with Canberra data shown in red and Melbourne data shown in black. R values for the Pearson correlation coefficients are shown.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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3.4. User demographic factors and their influence on AR symptom
scores

In 2015 and 2016 app users could elect to provide additional
information about themselves and how they managed their AR
through an extended in-app survey. Demographic data was pro-

vided by 52% of unique devices (56% of submissions) in Melbourne,
and 55% of unique devices (59% of submissions) in Canberra. There
was an approximately equal proportion of men and women, with
women accounting for 47% of users in Melbourne and 52% of users
in Canberra. People 31–40 years of age provided the largest pro-
portion of submissions and users (30–35% for both sites), with peo-

Fig. 6. Relationships between user symptom scores and various demographic factors. Vertical axes show the fraction of symptom scores � 3 (F3) plotted against the
indicated demographic factor, with Canberra data shown in red and Melbourne data shown in black. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

J.D. Silver et al. / Science of the Total Environment 705 (2020) 135147 9



ple aged 41–50 being the next largest (about 20% of users and sub-
missions at both sites). This is consistent with smartphone owner-
ship statistics for Australia, which indicate that younger people are
generally more likely to own a device than those in older age
brackets (Deloitte 2017). Considering the relationships between
user symptom scores and these variables, worse symptom scores
were reported by younger participants, women, and those who
had taken medication for AR in the preceding 24 h (Fig. 6). The
self-reported occupation data segregated users into many cate-
gories, most with very few submissions (Supplemental Figure 7).
Given the high degree of stratification of the sample there were
few obvious relationships between professions and higher or lower
survey symptom scores.

4. Discussion

This paper analyses a large number of app-based AR symptom
scores collected from 2014 to 2016 around Canberra and Mel-
bourne, two major cities in south-eastern Australia. Key to the high
level of participation in this study was the rapid public uptake and
sustained engagement with the two apps. This uptake occurred
organically and without the need to advertise for participants.
Although not the first app-based survey of AR, with nearly
50,000 participants this was by far the largest study of AR symp-
toms in Australia. Johnston et al. (2018) reported results of a sim-
ilar survey in Tasmania but with fewer downloads (<3,500) and a
smaller number of symptom reports. The number of participants
in this study is also far larger than those reported in similar studies
in Europe. For instance, Karatzas et al. (2014) and de Weger et al
(2014) utilised an online patient hay-fever diary which users could
access through a web interface and had 1,600 and approximately
500 participants, respectively. While the publicity associated with
the 2016 thunderstorm asthma event played some role in recruit-
ment, Table 2 shows that this event was not the only driver of
engagement, as large numbers of symptom scores were reported
in the preceding years and in Canberra as well as Melbourne.

Rather than a consequence of specific events, a key factor con-
tributing to the high level of participation in the survey was its
simplicity. The symptom surveys described in Johnston et al.
(2018) and other similar studies (e.g., Bastl et al., 2014; Karatzas
et al., 2014; deWeger et al., 2014; Werchan et al., 2018) are length-
ier and more detailed than the one presented here. Because the fre-
quency of user interactions with mobile health apps is directly
affected by the ease of interaction, the Melbourne and Canberra
pollen apps used a ‘single breath’ survey design able to be com-
pleted in a couple of screen touches. Lower levels of app engage-
ment are seen when users are required to provide detailed
information or where data entry requires more effort (Choi and
Tulu, 2017). Despite its simplicity, however, repeat engagement
with the apps was low and the number of submissions per device
exhibited a power-law decay (Fig. 3A). This low level of repeated
engagement with the app and low number of submissions per
device is consistent with observations reported in other similar
studies (Karatzas et al., 2014; de Weger et al., 2014; Werchan
et al., 2018).

A second factor contributing to the success of this study is the
well-defined and relatively short AR seasons of Melbourne and
Canberra. These seasons have previously been attributed to air-
borne grass pollen, which is generally considered Australia’s worst
outdoor allergen source (Schäppi et al., 1998). While earlier studies
have shown correlations between levels of ambient grass pollen
and measures of AR symptoms in Canberra and Melbourne
(Schäppi et al., 1998; Medek et al., 2012), these studies were small
in scale, involving dozens of participants, and restricted to partici-
pants with a confirmed grass pollen allergy. Although users of the

Melbourne and Canberra pollen apps were not known to have a
diagnosed pollen allergy, the present study was still able to con-
firm the overwhelming importance of grass pollen as the likely
cause of allergies during the late austral spring and early summer.
A similar strong association between grass pollen levels and
asthma admissions to hospitals has previously been found in Mel-
bourne and has helped to define a high risk spring asthma season
(Erbas et al., 2012; Silver et al., 2018). The strong linear relation-
ship between ambient grass pollen levels and levels of AR up to
an average daily concentration of 100 grass pollen grains m�3

(Fig. 5) was similar across the two study sites. Overall, this rela-
tionship was stronger and less complex than that between symp-
tom scores and birch, grass and ragweed pollen levels in Austria
and Germany (Bastl et al., 2014). The correlation with symptom
scores decreased with distance from the monitoring site, suggest-
ing either a radius around which the central site is representative
or spatial clustering of the population around this site, with the
smaller number of reports at greater distances being less
representative.

While grass pollen was the major factor of seasonal AR in Mel-
bourne and Canberra, it is likely that other factors also contribute.
For instance, symptom scores were also associated with the non-
grass pollen fraction, although the shape of this response varied
between the two cities in keeping with differences in the composi-
tion of the ‘non-grass’ pollen fractions of Canberra and Melbourne
(Haberle et al., 2014). An extended pollen monitoring season and a
finer resolution taxonomic breakdown of the non-grass pollen frac-
tion can potentially highlight further associations with AR symp-
toms. However, a limitation of this approach is that, unlike
grasses, which are grown over large agricultural areas, most intro-
duced species in Australia are less widespread in their distribution
and their pollen more likely to show spatial variation in concentra-
tion. Additionally, concentrations of some common and typically
indoor allergen sources, such as fungal spores and dust mites, are
hard to determine on a spatial scale representative of a city and
other AR triggers are not environmental in origin (Bousquet
et al., 2001). Thus, although the contribution of grass pollen was
evident in the survey data, other factors, such as strong spatial
heterogeneity in the distribution of allergenic species, may limit
the utility of the methods described here to other situations.

Smartphone-based symptom surveys offer a cost-effective
means of obtaining large sample sizes and thus improved statisti-
cal power. Furthermore, by allowing access to a wider range of par-
ticipants and potentially a broader range of disease severities, such
datasets may better reflect disease burden in the community (Tan
et al., 2018). Two limitations of this study, however, were the self-
selecting nature of the population sample and the potential for
bidirectional causality, in that access to grass pollen forecasts
may have influenced reported AR symptoms; our findings should
thus be cross-checked through further research using prospective
cohorts or sampling studies. However, many of the features of
the study group are consistent with previous findings, such as
men and older adults reporting less severe AR symptoms (Olsson
et al., 2003; Nathan et al., 1997). Further, the worst average hay-
fever symptoms across the week were reported on Sundays and
Mondays, echoing results from a recent study of asthma-related
hospital admissions in Melbourne (Silver et al., 2018). The increase
in hay-fever symptoms on Sundays and Mondays may simply be
because of behavioural changes on weekends affecting time spent
outside and thus exposure to outdoor aeroallergens. The strong
association between daily grass pollen concentrations and hay
fever symptoms apparent in both cities has been reported else-
where, as have associations between grass pollen and asthma
(e.g. Erbas et al., 2012; Huynh, 2010; Annesi-Maesano et al., 2012).

Future studies using this dataset will examine the utility of the
relationships described here to improve the accuracy of daily grass
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pollen forecasts in Canberra and Melbourne and their ability to
provide personalised predictions of next-day AR symptoms.
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