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• Random Forest model is developed to
predict pollen concentrations from
environmental data.

• The forecast is skillful for 1–14 days for
four pollen types in diverse eco-climate
zones.

• The model produces skillful forecast in
regions between stations with pollen
observations used for training.

• Data augmentation greatly improves
forecast skill.

• Skill of the forecast is limited by
the spatiotemporal resolution of pollen
observations.
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Pollen allergies have negative impacts on health. Information about airborne pollen concentration can improve
symptommanagement by guiding choices affecting timing of medicines and pollen exposure. Observations pro-
vide accurate pollen concentrations at point locations. However, in the contiguous United States and southern
Canada (CUSSC), observations are sparse, and sampling is often seasonal, intermittent or both. Modeling pollen
concentration can fill in the gaps with estimates where direct observations are unavailable and also provide
much-needed forecasts. The goal of this study is to develop and evaluate statistical models that predict daily pol-
len concentrations using amachine learning Random Forest algorithm. To evaluate ourmethods, wemade retro-
spective forecasts of four pollen types (Quercus, Cupressaceae, Ambrosia and Poaceae), each in one of four CUSSC
locations. Meteorological and vegetation conditions were input to the models at city and regional scales. A data
augmentation techniquewas investigated and found to improvemodel skill.Modelswere also developed to fore-
cast pollen in locations where there are no observations. Forecast skill in these models were found to be greater
than in previous models. Nevertheless, the skill is limited by the spatiotemporal resolution of the pollen
observations.

© 2021 Elsevier B.V. All rights reserved.
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1. Introduction

Pollen is a common cause of seasonal allergic reactions, and allergic
diseases impose a large and growing burden of disease. An estimate of
up to 30% of the population in the United States (U.S.) suffer from
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allergic rhinitis (Wheatley and Togias, 2015) and the prevalence is
thought to be increasing with increasing airborne allergens and climate
change (D'Amato et al., 2016). Allergic diseases impose a significant fi-
nancial burden with direct costs of treatments andmedications, and in-
direct costs from lower workplace productivity, adverse school
performance, and reduced quality of life (Meltzer and Bukstein, 2011,
Lamb et al., 2006, Marcotte, 2015, Nathan, 2007).

Accurate local pollen information, including forecasts, are useful for
diagnosis and reduction of allergic symptoms. This information allows
patients to self-manage symptoms and reduce the burden of disease
(Medek et al., 2019). Because airborne pollen concentrations vary
greatly in space and time, it is necessary to have many pollen observing
sites. However, sampling pollen data on a large spatiotemporal scale is
resource-intensive: identification of pollen requires expertise and
counting pollen is time-consuming. In the U.S., the burden and cost of
sampling pollen is borne largely by allergy clinics, but the service is
not available at every clinic. In addition, the data is owned by individual
clinics and not publicly available, making it difficult to obtain pollen
data on an extensive spatial scale.

Models can bridge the gap of missing pollen data by simulating pol-
len concentrations and can also forecast pollen concentrations. There
are two general approaches to pollenmodeling: observation-based pol-
len models which use statistics to describe the relationships between
pollen metrics and environmental variables, and process-based pheno-
logical models which use equations to represent known plant physio-
logical responses to environmental variables. In addition to standard
regression techniques, several different observation-based approaches
have been used to model pollen concentrations, including neural net-
works, support vector machine models and machine learning Random
Forest models (Valencia et al., 2019, Astray et al., 2016, Nowosad,
2016, Zewdie et al., 2019). We chose the Random Forest approach be-
cause it has been shown to be able to skillfully predict pollen
(Nowosad et al., 2018; Liu et al., 2017; Zewdie et al., 2019), is complex
enough to fit the data yet robust enough to perform well with new
data, is computationally efficient and easy to interpret compared with
other approaches. There are several additional reasons that machine
learning, in particular Random Forest models, have an advantage over
conventional regression methods. First, conventional models are de-
signed by humans and are limited by our ability to fully comprehend
the processes that influence pollen. Machine learning models are opti-
mized to fit data without making assumptions and well-suited for
predicting a complex nonlinear system such as pollen. Second, Random
Forest models are able to handle many collinear predictors without
overfitting (Breiman, 2001). Model developers often struggle to deter-
mine which variables are important and need to be included into a
model. The Random Forest allows the numerous environmental vari-
ables that influence airborne pollen to be included in the model.

Pollen research has found many processes and correlations that link
environmental variables to airborne pollen that should be included into
a pollen model. The time scales of these relationships are important:
meteorological parameters have been correlated with pollen on time
scales ranging from days to years (Khwarahm et al., 2014; Ritenberga
et al., 2018; Tseng et al., 2018). In general, time scales of a few weeks
and longer affect the development of the plant and its readiness to
flower, while shorter time scales of up to a fewweeks affect the release
and suspension of pollen in the atmosphere. Variables that are posi-
tively correlated with pollen concentration on a short time scale are
temperature, solar radiation, sunshine duration, and wind speed,
while variables that are negatively correlated are number of rain days
and snow depth (i.e., Bruffaerts et al., 2018; Khwarahm et al., 2014;
Ritenberga et al., 2018). Interestingly, humidity and rain have been
found to have both positive and negative correlations with pollen con-
centration. These divergent results are possible because wet deposition
can decrease the airborne pollen concentration (Vázquez et al., 2003);
whereas, absorption of water on humid days can cause pollen to swell
and fragment, leading to an increase in the concentration (Miguel
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et al., 2006; Rathnayake et al., 2017). On a longer timescale,
temperature-based metrics, such as growing degree days and chilling-
day requirements are routinely used in process-based models to deter-
mine the phenological development of a plant and estimate the time of
pollen release (e.g., Chuine and Belmonte, 2004; Caffarra et al., 2011;
García-Mozo et al., 2008).

Pollen concentrations themselves can be a predictor of future pollen
concentrations and useful to include in models. Pollen has a temporal
autocorrelation on theorder of days, so yesterday's pollen concentration
is a good estimate for today's (Nowosad et al., 2015). Annual pollen pro-
duction can also depend on the previous year's pollen production: some
plants produce large quantities of pollen only once every two years
(Ritenberga et al., 2018). Although including pollen as a predictor can
improve a model's performance, pollen data is not always available.
Therefore, developing a model that does not require pollen as a predic-
tor is important for forecasting in locationswithout pollen observations.

Random Forest models have successfully predicted pollen concen-
trations using either, or both, pollen concentrations and meteorology
as predictors. High levels of pollen in Poland have been forecasted
using only pollen concentrations from other locations in Poland
(Nowosad, 2016). Estimates of Ambrosia pollen in Tulsa, OK in the U.S.
have been predicted using reanalysis meteorological and weather
radar data from the same day (Zewdie et al., 2019; Liu et al., 2017).

The goal of this study is to build on previous work and develop Ran-
domForestmodels to predict daily pollen concentrations for forecasts in
the contiguous U.S. and southern Canada (CUSSC). We develop and
evaluate different versions of Random Forest models to predict daily
pollen concentrations for four pollen types: Quercus (oak), Cupressaceae
(cypress, cedar, juniper), Ambrosia (ragweed) and Poaceae (grass) over
four locations in CUSSC. The model uses satellite-based meteorological
and vegetation variables, as well as pollen observations, as predictors
to forecast pollen concentrations 1–14 days in advance. Multiple ver-
sions of the model, with and without pollen concentration as a predic-
tor, and inclusion of regional information are evaluated to find the
best performing model.

2. Materials and methods

2.1. Random Forest model

Random Forest is a supervised machine learning algorithm that uti-
lizes an ensemble of decision trees to build a predictive model. We used
theMATLAB (version 2019a) treebagger function in regressionmode to
develop our Random Forest model.

We used the Random Forest model to forecast daily mean pollen
concentrations for each pollen type.We refer to the day inwhich a fore-
cast is “issued” as day 0, forecasts in the future are positive days and
days prior to the day of forecast issue are negative days. We evaluated
forecasts with lead times between 1 and 14 days. The forecasts in this
study are hindcasts, also known as retrospective forecasts, so they can
be evaluated against observations. Nonetheless, the hindcasts are true
forecasts in that data beyond day 0 is not used to make the forecast.

Following machine learning vocabulary, we will refer to predictor
inputs into the Random Forest model as features and the output to be
predicted as labels. The feature and label data were portioned into sep-
arate sets to train and test themodel. To ensure that temporal character-
istics of the seasonal cycle of pollen concentration are captured in the
model, the data were partitioned by station-years. We used 5-fold
cross-validation technique: the station-yearswere split into five groups,
within each group 3–4 station-years werewithheld as test data, and the
model was trained on data from 12 to 13 station-years. The training and
test data sets were randomly generated by MATLAB's cvpartition func-
tion. We developed a unique Random Forest model for each forecast
lead time.

We used the Mean Absolute Error (MAE)(Eq. (1)) to evaluate the
models' performance because it is a simple and easy to understand
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metric and errors contribute equally whether they are large or small.
MAE is also used to guide decisions on hyperparameters for the Random
Forest model. The mean MAE of the 5-fold cross-validations were used
for error analyses.

MAE ¼ 1
n
∑n

i predictedi−observedij j ð1Þ

Hyperparameters are parameters of the Random Forest model that
can be tuned to optimize performance. We evaluated two
hyperparameters: the number of decision trees and the number of var-
iables randomly selected at each decision split. We tuned the number-
of-trees hyperparameter by evaluating the performance of the model
across a wide range and found that performance improvements were
marginal for more than 100 trees (not shown). With computation effi-
ciency inmind,we set the number of trees to 100. Similarly, the increas-
ing number of variables to select at each decision split improved the
model, but leveled off at 150, so we set this hyperparameter at 150.

2.2. Pollen data

Daily pollen concentrations (grains/m3) were obtained from Na-
tional Allergy Bureau (NAB) American Academy of Allergy Asthma
and Immunology's Aeroallergen Network. NAB stations are required to
collect pollen samples at a minimum of 3 days per week and pollen
counts are collected with a Burkard volumetric air sampler or a Rotorod
rotation impaction sampler. For this study, we assume that pollen
counting and reporting occurs daily and is immediately available for
input into amodel. However, in reality, many NAB stations use the stan-
dard 7-day Burkhard sampler inwhich the pollen is counted only once a
week. We note that daily counting is achievable as some NAB stations
publish up-to-date daily pollen counts on their websites (e.g., Atlanta
Allergy & Asthma website). Pollen concentrations are categorized into
43 pollen types. Based on their abundance and allergic potential (Lo
et al., 2019), we analyzed the grass family (Poaceae), the ragweed
genus (Ambrosia) and two tree pollen types: the oak genus (Quercus)
and the cedar, cypress and juniper family (Cupressaceae). Sixty-two sta-
tions are located in the contiguous United States and one station
Fig. 1. Locations of NAB pollen stations: forecasted pollen locations are red dots; others are
Mountain (MT, red), Northeast (NE, blue) and Southeast (SE, green). Domains used in the re
(blue outlined grids) for Atlanta.
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(London, ON) in Canada. For this study, we selected four locations
based on measurement quality (i.e., least missing values), abundance
of the pollen type at that location and diversity across the ecoclimatic
zones in CUSSC.Quercus pollenwas studied in Atlanta, GA; Cupressaceae
pollen at FlowerMound, TX; Poaceae pollen at Eugene, OR and Ambrosia
pollen at Kansas City, MO (Fig. 1).

Pollen concentration, prior to day 0, was included as a feature when
available because the recent state of pollen is a good indicator of thenear
future state of pollen (Nowosad et al., 2015). Unfortunately, many sta-
tions do not sample pollen on weekends or over the winter, so there
are many missing days of data. Random Forest models do not handle
missing data, so if pollen is not collected for a given day, that day was
not included into training themodel. Pollen features that were included
in the model were either (1) the previous day's pollen concentration or
(2) the previous 7-day mean of available pollen concentrations.

Daily pollen concentrations can range from very small numbers
(zero outside the pollen season) to very high numbers during the
peak of the pollen season (~104 grains/m3). One of the most important
times to forecast is the beginning of the pollen season because a small
pollen concentration can trigger allergy symptoms and allergy sufferers
need to knowwhen to start taking medications (deWeger et al., 2013).
The beginning of the pollen season can vary by ~1–2 weeks (Lo et al.,
2019), so the variability of pollen concentration around that time is
very high. Because Random Forest uses the mean of decision trees to
predict a daily pollen concentration, using absolute pollen concentra-
tion values can lead to large values dominating the prediction. To over-
come this problem, we transformed the data using the 4th root of the
pollen concentration, so the importance of large values is minimized,
and small values are given more weight. The 4th root of the pollen con-
centrations was used in the models as a feature, and it was also pre-
dicted as a label. Daily pollen concentrations were then computed by
taking the 4th exponent of the model outputs. Verifications were
made by comparing predicted pollen concentrations with observed.

2.3. Meteorological data

We obtained temperature, precipitation, winds and humidity data
from NASA's Modern-Era Retrospective analysis for Research and
black dots. Geographic regions: Pacific Northwest (PNW, gray), California (CA, yellow),
gional models: nine neighboring grid cells (teal shaded grids) and twenty-five grid cells

Image of Fig. 1
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Applications version 2 (MERRA-2). We obtained daily mean tempera-
ture and maximum precipitation rate data from the MERRA-2
M2SDNXSLV dataset (GMAO, 2015a); and daily mean 2 m northward
and eastward winds and 2 m specific humidity are from the MERRA-2
M2T1NXSLV dataset (GMAO, 2015b). We linearly interpolated the
data's spatial resolution from 0.5° × 0.625° to a 1° × 1° grid.

Growing degree days (GDD) and chilling-day requirements are
quantitative estimates of the energy acquired by a plant in order to
overcome winter dormancy. Commonly used equations for GDD and
chilling-day requirements (Eq. (2)) are calculated by accumulating
temperatures from a set date over or under a base temperature. Unfor-
tunately, base temperatures and dates can only be determined empiri-
cally and are specific to plant species and locations, so many of these
values are not known. To overcome this problem and to take advantage
of the fact that RandomForestmodel can includemany featureswithout
overfitting, we calculated multiple GDD and chilling-day requirements
and included themall as features. Theywere calculated by accumulating
daily temperatures, ti, over or under a base temperature for 30 and
90 days prior to the forecast day at lags on the monthly and seasonal
time scale to cover periods that are potentially important to the pollen
type being modeled (details in Section 2.6). We calculated GDD and
chilling-day requirements with three different base temperatures,
tbase, of 0, 5 and 10 deg. °C.

GDD ¼ ∑30,90days
i ti−tbase, if ti>tbase

chilling ¼ ∑30,90days
i ti−tbase, if t<tbase

ð2Þ

We obtained daily mean downward solar radiation at the surface
from NASA's Clouds and the Earth's Radiant Energy System (CERES):
we used the adjusted shortwave downward flux at the surface for all-
sky conditions from the SYN1deg-Day dataset (Rutan et al., 2015).

2.4. Vegetation data

We obtained vegetation data from NASA's Moderate Resolution Im-
aging Spectroradiometer (MODIS/Terra+Aqua) satellite data. The vege-
tation data were downloaded in various indicated spatial resolutions
and interpolated to a 1° × 1° grid.

We obtained data on the Leaf Area Index (LAI), the area of green leaf
per unit ground surface area, and the Fraction of Photosynthetically Ac-
tive Radiation (FPAR), the fraction of incoming solar radiation in the
400-700 nm range that is used by plants, from the MCD15A3H v006
dataset (Myneni et al., 2015). Due to the cloud cover and noise, this
dataset is a 4-day composite data set that uses the best value in a
500 m pixel over the 4 days.

We obtained Daily Normalized Difference Vegetation Index (NDVI)
and Enhanced Vegetation Index (EVI) data from the MOD13C1 v006
dataset (Didan, 2015). NDVI and EVI are both dimensionless indices
that estimate the density of greenness on land. But EVI corrects for dis-
tortions from aerosols and ground cover. This dataset uses the best
cloud free value in a 5600 m pixel over a 16-day period and was
downloaded in the 0.05 × 0.05° Climate Model Grid.

We included LAI, FPAR, NDVI and EVI as predictors because the in-
creasing or greening of vegetation indicates the advent of spring. Be-
cause we are interested in the seasonal change in vegetation, and to
reduce the noise in the data, we used a 60-day running mean of LAI,
NDVI, EVI and FPAR.

Greenup is the date at which the onset of greenness occurs, identi-
fied by EVI. We obtained greenup data from the Cover Dynamics
MCD12Q2 v006 data product at a 500 m pixel spatial resolution.
When more than one growing cycle were identified per year, we use
the first greenup date in the calendar year. Data were available only
up until 2017. Mean greenup date over 2003–2017 was used as the
greenup date for 2018.
4

2.5. Geographic data

To account for location and time, we incorporated latitude,
longitude, day of year and year as features.

We calculated the number of daylight hours in a day (DL) at specific
latitudes following equations in Caffarra et al. (2011) (Eq. (3)).

a ¼ − tan
φπ
180

� �
tan −

23:45π
180

� �
cos

2π t þ 10ð Þ
365

� �� �
ð3Þ

where t is the day of year, and φ is the latitude of the site in decimal
degrees.

if a > 1, then DL(t) = 0.
if a − 1, then DL(t) = 24
if −1 ≤ a ≤ 1, then DL(t) = (24/π) arccos (a),

2.6. Time scale of features

The timescale of a variable can have differing effects on the pollen
concentration. For example, temperatures are positively correlated
with pollen concentration on a given day, and a warm winter can lead
to an earlier onset of the pollen season. To encompass the information
from many timescales into the models, we input meteorological and
vegetative quantities as daily, weekly, monthly, seasonal and yearly
means. In addition, means at various time lag times were also included
as inputs (Table 1).We input all variables as dailymeanswith lags of−6
to 0 days (i.e., 7 daily means for each variable); weekly inputs as the
mean of days −6 to 0; and monthly inputs as the mean of days −29
to 0. We also included monthly means with lags of −30, −60, −90,
−120 and 150 days as features in the models (e.g., a monthly mean
with 60-day lag is the mean of days −89 to−60). Seasonal means are
computed from days −89 to 0. Seasonal means with lags of −90
and − 180 days were also included. Yearly means are computed from
days −364 to day 0. The total number of features we input is 252 or
253 depending if pollen concentration was included as a feature (see
Section 3.1). Table 1 lists features that were considered as candidates,
although not every model included every variable in the list.

Many features are collinear, and the model was checked for
overfitting by evaluating test error when increasing complexity of the
model.We variedmodel complexity bymodifying the number of obser-
vations in the terminal tree leaf, a hyperparameter in the RandomForest
model. A smaller number of observations implies a deeper tree and a
more complex model. We found that with increasing complexity, test
error stays the same, implying that themodel is not overfit (not shown).

3. Results and discussion

3.1. City models

Three versions of the Random Forest forecast models with different
pollen features were evaluated. The first version, P1, uses the previous
day pollen concentration (day 0) as a feature; the second version, P7,
uses the previous 7-day mean pollen concentration (mean of day −6
to 0) as a feature; and, the third version, P0, does not include any pollen
concentration as a feature. All other featureswere identical among these
model versions (Table 1). The models use the meteorological and
vegetation data from the 1° × 1° grid cell in which the pollen station is
located. These models are the city models. Because the Random Forest
model has inherent randomness in the model, 20 iterations were run
for each model to determine the variability of MAE.

Past pollen is a good indication of near-future pollen concentration
as demonstrated by high 1-day lag autocorrelations of the four pollen
types (Fig. 2). The autocorrelations generally decrease with increasing
lags, thus, we hypothesized that the P1 models would outperform the
P7 models and the models that included pollen as a feature (P1 and
P7) would outperform the models that didn't include pollen (P0).



Table 1
Features of the Random Forestmodels are labeled ‘y’ (in green). Quantities not used are labeled ‘n’ (in red), and those unavailable or irrelevant are labeled ‘u’ (in red). All features indicated
with ‘y’ except for pollen are input in every version of the model.

Input variable

Daily 

mean, 

Day 0

Daily 

mean, 

lags of 1 

to 6 days

7-day 

mean

(day -6 to 

day 0)

30-day 

mean (day 

-29 to day 

0)

30-day 

mean, 

lags of 

30,60,90,

120,150 

days

90-day 

mean (day 

-89 to day 

0)

90-day 

mean, 

lags of 90, 

180 days

365-day 

mean or 

once a 

year

Time 

invar-

iant

Day of year y u u u u u u u u

Year u u u u u u u y u

Latitude u u u u u u u u y

Longitude u u u u u u u u y

Length of 

daylight y u u u u u u u u

Pollen y n y n n n n n u

Temperature y y y y y y y y u

Precipitation y y y y y y y y u

U wind y y y y y y y y u

V wind y y y y y y y y u

Humidity y y y y y y y y u

Shortwave y y y y y y y y u

FPAR y y y y y y y y u

LAI y y y y n n n n u

NDVI y y y y n n n n u

EVI y y y y n n n n u

Green-up date u u u u u u u y u

GDD (tbase=0, 5, 

10oC) n n n y y y y y u

Chill (tbase=0, 5, 

10oC) n n n y y y y y u
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However, we found there is no significant difference in MAE between
the three versions (Fig. 3). This result may be explained by the chal-
lenges that arise from days of missing pollen data at these stations.

For some station-years, pollen observations were only sampled on
weekdays, e.g., Atlanta in 2008 and Kansas City in 2014 (Fig. 4a, d).
The 1-day P1 forecast relies heavily on the previous day's pollen concen-
tration (e.g., Apr 1–5 for Atlanta, Fig. 4a). When pollen concentrations
were unavailable on the previous day, the P1 models performed poorly
and predicted very low pollen concentrations (i.e., Aug 30-Sep 1 for
0 5 10 15 20 25 30

lag (day)

-0.2

0

0.2

0.4

0.6

0.8

1
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n

Atlanta, Quercus
Flower Mound, Cupressaceae
Eugene, Poaceae
Kansas City, Ambrosia

Fig. 2. Lag autocorrelations for observed pollen concentrations for Quercus at Atlanta, GA
(blue), Cupressaceae at Flower Mound, TX (green), Poaceae at Eugene, OR (red) and
Ambrosia at Kansas City (black).
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Kansas City, Fig. 4d). The P7 models used the mean of the available pre-
vious 7 days of pollen concentrations as a feature, and seldom were all
7 days missing during the pollen season. Nonetheless, the mean of the
previous 7 days was a poorer predictor than the previous day alone, as
the P7 forecast was less accurate than the P1 forecast for days in which
pollen concentrationswere available on theprevious day (Fig. 4). Gener-
ally, the P7 pollen concentration forecast was lower than the P1 forecast
and both were often lower than the observed pollen concentration.

We developed separate models for each forecast lead time (1 to
14 days) and found that theMAE did not increase significantly at longer
lead times (Fig. 3). Eachmodelwas optimized specifically for its forecast
lead time and so feature importance differs depending on the lead time.
The importance of pollen as a feature decreases with lead time (Fig. 2).
For example, pollen concentration at day 0was themost important fea-
ture for the Quercus P1 1-day forecast but was only the 3rdmost impor-
tant feature for the 8-day forecast (not shown). The P1 8-day forecast
model relied less on pollen as a feature and, as a result, handled missing
weekend data better than the 1-day forecast (e.g., Apr 4–7 in Fig. 5).

A skillful forecast must, at a minimum, beat standard benchmarks of
persistence (also known as a naïve forecast) and the daily climate mean
(also known as climatology). A persistence forecast assumes that future
conditions are identical to present conditions; therefore, a persistence
forecast at any lead time is the observedvalue at day0.Howdo themodels
compare to a forecast of persistence? The city models at Atlanta, Flower
Mound and Eugene outperformed persistence for all forecast lead times
(Fig. 3a, b, c). At Kansas City, persistence at 1- and 2-day lead times beat
the city models, but beyond 2 days, the city models have a better forecast
(Fig. 3d). The periodic dip inMAE for persistence at 7- and 14-day forecast
lead times at Atlanta and Eugene are an artifact of the timing of the pollen
observations: these stations collect data onweekdays and only sometimes
onweekends during the pollen season,which leads to aminimum inMAE
at forecast lead times that are integer multiples of 7 days (Fig. 3a, b).

How do the city models compare to a forecast of the daily climate
mean? The daily climate mean at each station was calculated as the

Unlabelled image
Image of Fig. 2


40

60

80

100

120

140

M
A

E
 (

gr
ai

ns
/m

3
)

Atlanta, Quercus

forecast days

1 2 3 4 5 6 7 8 9 10 11 12 13 14

P0
P1
P7
persistence
daily climate mean

20

30

40

50

60

70

80

90

100

110

120

130

M
A

E
 (

gr
ai

ns
/m

3
)

Flower Mound, Cupressaceae

forecast days

1 2 3 4 5 6 7 8 9 10 11 12 13 14

P0
P1
P7
persistence
daily climate mean

20

30

40

50

60

70

80

M
A

E
 (

gr
ai

ns
/m

3
)

Eugene, Poaceae

forecast days

1 2 3 4 5 6 7 8 9 10 11 12 13 14
P0
P1
P7
persistence
daily climate mean

15

20

25

30

35

40

45

50

55

60

M
A

E
 (

gr
ai

ns
/m

3
)

Kansas City, Ambrosia

forecast days

1 2 3 4 5 6 7 8 9 10 11 12 13 14

P0
P1
P7
persistence
daily climate mean

a b

c d

Fig. 3.MeanAbsolute Error (MAE) in grains/m3 for 1-14 day lead forecast withmodels P0 (orange), P1 (purple) and P7 (green) comparedwith benchmark forecasts of daily climatemean
(brown line) and persistence (black line). Box and whisker for (a) Quercus pollen at Atlanta, GA (b) Cupressaceae pollen at Flower Mound, TX (c) Poaceae pollen at Eugene, OR and
(d) Ambrosia pollen at Kansas City, MO show median (black dot); 25th and 75th percentile (bottom and top of box); and range of all MAE (whiskers).
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mean of the pollen concentration over all available years of data at each
calendar day, and then smoothed with a 30-day running mean. Fore-
casts of the tree pollen types, Cupressaceae and Quercus, performed sig-
nificantly better than the daily climate normal at all forecast lead times
(Fig. 3a, c). We speculate that the models beat the daily climate mean
because the models can reproduce interannual variability of the pollen
season by the inclusion of monthly and seasonal time scales associated
with timing of flowering and pollen release (i.e., growing degree days
and chilling days). The forecast models for Poaceae and Ambrosia
outperformed the daily climate normal, but not significantly. Growing
degree and chilling days were developed for describing the phenology
of trees and are not appropriate to apply to Poaceae and Ambrosia. The
physical processes that affect the phenology of Poaceae and Ambrosia
were not included into the model.

3.2. Regional models

Do models perform better if environmental information is included
from the surrounding region? We hypothesized that using upstream
meteorological conditions might improve the models due to advection
6

of weather. To test this hypothesis, the models were adapted to include
features on a regional domain to forecast a given station at the domain
center. This regional modeling approach was evaluated on two do-
mains: one with nine (P0grid9) and another with twenty-five
(P0grid25) 1°× 1° grid cells (Fig. 1). Pollen data were unavailable on
the neighboring grid cells and so were excluded as features. The total
number of model features is a multiple of the grid cells (i.e., P0 has
252 features; P0grid9 has 252 × 9 features; P0grid25 has 252 × 25
features).

Fig. 6 shows that theMAE for P0grid9 and P0grid25 were almost the
same for all pollen types at all forecast lead times, so adding additional
grid cells beyond the closest 9 cells did not increase the performance
of the models. Comparing P0 with P0grid9 and P0grid25, we found
that the regional models were no better at forecasting pollen than the
city models (Fig. 6).

3.3. Data-augmented models

We investigated data augmentation as a strategy to increase the per-
formance of the models. Data augmentation is a method used in

Image of Fig. 3
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Fig. 6. Mean Absolute Error for 1–14 day lead forecast with models P0 (orange), P0grid9 (light blue), P0grid25 (dark blue), P0grid9+ (pink), P0grid25+ (red), P0regionLOO (green),
daily climate mean (brown) and persistence (black). (a) Quercus at Atlanta, GA (b) Cupressaceae at Flower Mound, TX (c) Poaceae at Eugene, OR and (d) Ambrosia at Kansas City, MO.
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machine learning to increase the amount of data available for training
models without collecting new data. As in the previous section, the
models included feature data from domains with 9 and 25 grid cells,
called P0grid9+ and P0grid25+, respectively. But these models were
developed by assuming that each grid cell contributes equally to influ-
ence pollen concentration at the domain center. The models are con-
structed by imagining a station sits at each grid, with the
meteorological and vegetation feature data unique to the grid cell but
with the pollen observations label data from the actual station at the
center of the domain. In practice, data at each grid cell was strung to-
gether with an offset in the time dimension, and the total number of
time steps in the model is increased by a multiple of the number of
grid cells. For example, the P0grid9+ model that is trained on
12 years of data (with 365 days in a year) will use 12 × 365 × 9 times
steps in the model. The same number of features as the P0 models,
252, were used in these models.

P0grid25+ outperformed or was as good as P0grid9+ at 1–14 day
forecast lead times at all locations (Fig. 6). Both data-augmentedmodels
(P0grid9+, P0grid25+) significantly outperformed the city and re-
gional models at all forecast lead times. Because the models benefit
from data augmentation, we conclude that increasing the number of
days of observed pollen data at a given station or increasing the number
of stations would improve model accuracy.

The data augmented models outperformed the city and regional
models in this study. As our best performing model, we also computed
the coefficient of determination R2 so that we could compare results
with other studies. For a 1-day forecast, P0grid9+ had R2 values be-
tween 0.64 and 0.88 (0.77 for oak pollen at Atlanta oak; 0.76 for grass
pollen at Eugene; 0.64 cedar pollen at Flower Mound and 0.88 for rag-
weed pollen at Kansas City). Two other recent studies used RandomFor-
est models to predict pollen: they used meteorology to predict pollen
for the same day, a 0-day forecast. They reported R2 values of between
0.12 and 0.51 (Nowosad et al., 2018) and a value of 0.37 (Zewdie
et al., 2019). Although the P0grid9+ model is forecasting for 1-day, a
more difficult prediction than 0-day forecast, the P0grid9+ performs
better than other Random Forest pollen models.

3.4. Forecasting in locations without pollen observations

Wewere interested in using the model to forecast pollen in locations
where no pollen observations were collected. To test this potential, a ver-
sion of themodel (P0regionLOO)was developed using data-denial Leave-
One-Out cross-validation technique,with the test station as the forecast lo-
cation.We assessed the ability of themodel to forecast target pollen types
at test stationswithin four of thefive geographic regions in CUSSC: Poaceae
in the Pacific Northwest, Cupressaceae in theMountain region, Ambrosia in
the Northeast and Quercus in the Southeast (Fig. 1). A model for each re-
gion was trained on the NAB stations within a region with the exception
of the test station. The model was then applied to the features at the test
station to predict the pollen concentration at the test station.

At Atlanta and Eugene, the P0regionLOO models performed better
than persistence and the daily climate mean for forecast lead times lon-
ger than two days but did not performwell compared with the city and
regional models (Fig. 6a, c). At Kansas City, the P0regionLOOmodels did
not give skillful forecasts at shorter forecast lead times; themodels per-
formed better than persistence only for forecasts longer than 7 days and
performed better than the daily climate mean for forecasts longer than
10 days (Fig. 6d). Kansas City is located on the edge of the Northeast re-
gion (Fig. 1) and the models are trained on other stations in the North-
east, whichmay not be representative of Kansas City. At FlowerMound,
the P0regionLOOmodels performed aswell as the P0 citymodels, better
than the regional models (P0grid9, P0grid25), but not as well as the
data-augmented models (P0grid9+, P0grid25+) (Fig. 6b). There is a
relatively dense network of NAB stations near Flower Mound in Texas
and Oklahoma (Fig. 1), and these stations have very few missing days
and relatively long records. The high spatial and temporal resolution
9

of these stations are able to represent pollen concentration at the Flower
Mound station well, and results in the P0regionLOOmodels performing
as well as the P0 city models.

We recognize that the geographic regions are large and within each
region the target pollen type maybe comprised of multiple species. This
diversity of species may contribute to the decrease in forecast skill.

4. Conclusion

We developed Random Forest models to forecast daily pollen con-
centrations using meteorology, vegetation and pollen concentration as
features. Using this framework, we generated skillful city, regional and
data-augmented models for four pollen types and locations in CUSSC
for 1–14 day forecast lead times. For forecasts longer than 1-day, the
models performed better than persistence and daily climate means.
The data-augmented models were the best performing models.

We found that including pollen observations as features (P1, P7 city
models) did not significantly improve the performance of the forecast
over excluding pollen as a feature (P0 city models). P1 city models
have the potential to be more skillful than P7 and P0 city models be-
cause there is a high 1-day lag autocorrelation for observed pollen con-
centrations, but the potential is not realized due to a lack of consistent
daily pollen sampling. The P7 citymodels were designed to compensate
for the missing data by using a 7-day mean of available pollen data, but
because autocorrelation of pollen concentration drops rapidly after
1 day, the inclusion of 7-day mean as a feature was not able to signifi-
cantly improve in model performance.

Limits in the forecast skill of the models can be partly attributed to
the incomplete spatial and temporal resolution of the pollen observa-
tions. Data augmentation can compensate for this lack of data as evi-
denced by significant increases in performance of the data-augmented
models (P0grid9+ and P0grid25+) over the other approaches.
P0grid25+ performed better than P0grid9+, implying there may be a
quantifiable relationship between the amount of pollen data used to
train the model and the performance of the model. However, the
data-augmented models take more time to run than the other models,
so for practical purposes, computation time should also be considered.
Futurework is needed tofind the optimal amount of data augmentation
for a given NAB pollen data set, while considering the tradeoffs between
performance and efficiency.

Because the spatial resolution of the NAB pollen data is limited, we
developed a model to forecast in locations with no pollen observations
(P0regionLOO). We demonstrated that using available pollen stations
in a geographic region can yield forecasts as good as a P0 model
(i.e., at Flower Mound, Fig. 6b). However, the skill of the P0regionLOO
is dependent on the temporal resolution of the observed pollen data
and spatial distance between forecast location and training stations
within the region. Grouping stations by ecoclimatic zones might im-
prove the model and should be investigated in future research.

There are some limitations to the Random Forest model framework.
Themodel is based on randomness, so only a random subset of the data
is used to train the model and produce a forecast. One forecast may not
be representative. Generating an ensemble of forecasts and using the
most probable forecast from the ensemble may be a more accurate
method to forecast. Another constraint of this framework is that Ran-
dom Forest models are only capable of predicting within the limits of
the trained data. If future climate changemoves themeteorology or pol-
len concentration into a new regime that has not been observed, this
model will not be able to predict it.

There are many benefits of this Random Forest model framework:
(1) new data can be easily incorporated into themodel so that informa-
tion from updated daily pollen concentrations and meteorological ob-
servations can be immediately used to generate a better forecast;
(2) themodel is flexible and can bemodified easily to forecast at differ-
ent locations or different pollen types; and, (3) this model can also be
used to forecast in locations that have no pollen observations.
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