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Abstract Accurate assessments of pollen counts are valu-
able to allergy sufferers, the medical industry, and health
researchers; however, monitoring stations do not exist in
most areas. In addition, the degree of spatial reliability
provided by the limited number of monitoring stations is
poorly understood. We developed and compared spatial
models to estimate pollen concentrations in locations
without monitoring stations. Daily Acer, Quercus, and
overall tree, grass, and weed pollen counts, in grains/m3,
were obtained from 14 aeroallergen monitoring stations
located in the northeastern and mid-Atlantic region of the
United States from 2003 to 2006. Pollen counts were
spatially interpolated using ordinary kriging. Mixed effects
and generalized estimating equations incorporating daily
and seasonal weather characteristics, pollen season charac-
teristics and land-cover information were also developed to
estimate daily pollen concentrations. We then compared
observed values from a monitoring station to model
estimates for that location. Observed counts and kriging
estimates for tree pollen differed (p=0.04), but not when
peak periods were removed (p=0.29). No differences
between observed and kriging estimates of Acer (p=0.46),
Quercus (p=0.24), grass (p=0.31) or weed pollen (p=0.29)
were found. Estimates from longitudinal models also
demonstrated good agreement with observed counts, except

for the extremes of pollen distributions. Our results
demonstrate that spatial interpolation techniques as well as
regression methods incorporating both weather and land-
cover characteristics can provide reliable estimates of daily
pollen concentrations in areas where monitors do not exist
for all but periods of extremely high pollen.
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Introduction

Accurate reporting of aeroallergens is valuable to the public,
especially sensitive individuals, because it allows them to
limit exposure, reduce physical activity and/or prompt use of
prophylactic medication (Levetin and Van de Water 2003).
Research on aeroallergens and health, such as epidemiologic
studies, depend on the quality and availability of exposure
data. Unfortunately, very few aeroallergen monitoring
stations exist, with 86 monitoring stations certified by the
American Academy of Allergy, Asthma and Immunology
(AAAAI) within 36 states of the continental U.S., providing
daily allergen counts to the public (AAAAI 2010). In
addition, the frequency of measurement can be highly
variable across monitors. The scarcity of aeroallergen
monitoring stations and infrequency of measurement limits
the accuracy of reported allergen levels, especially in areas
far from a monitoring station.

Previous work noted large variations in regional con-
centrations of pollen, potentially due to effects of vegetative
land-cover patterns on the composition of regional pollen
(Emberlin et al. 1999). Atmospheric flow also affects the
dispersal of particles, which includes pollen (Nathan et al.
2005). Both the characteristics of particles (e.g., size, shape,
density) and weather conditions, which can vary regionally,
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can affect atmospheric transport and dispersal of particles
(Kuparinen et al. 2007). The spatial heterogeneity of pollen
levels suggests that measurements from a sparse monitoring
station network may not be adequate to estimate pollen
concentrations over large spatial scales.

Several methods have been used to estimate aeroallergen
concentrations for locations and time periods without
monitors, such as spatial interpolation and pollen forecast-
ing. However, these methods can be limited in their
temporal and spatial scope. Alba et al. (2006) utilized the
spatial interpolation method of kriging to estimate Olea
pollen concentrations in the Andalusia region of Spain. No
significant differences were found between observed and
model estimates of weekly average pollen concentrations,
but only when variability between monitoring stations was
low.

Errors in pollen count estimates are potentially greater as
distance between monitoring stations increases, due to
spatial variation in concentrations. This may limit the
ability of spatial interpolation models to accurately estimate
pollen counts in areas with few monitoring stations. Due to
the potential limitations of spatial interpolation in areas
where monitors are far apart or demonstrate a high
variability, other modeling methodologies that incorporate
weather and land-use variables may be warranted.

Forecasting models have focused on predicting pollen
concentrations over several days to weeks as well as
characteristics of the pollen season such as overall severity
or start date at specific locations (Levetin and Van de Water
2003; Weber 2003). Weather characteristics have been the
primary input variables in forecasting models. Most
notably, metrics of temperature and atmospheric water have
demonstrated the ability to accurately predict pollen
concentrations and characteristics of the pollen season
(Smith and Emberlin 2005, 2006; Emberlin et al. 2007;
Garcia-Mozo et al. 2006a; Stach et al. 2008a, b; Antepara et
al. 1995). The purpose of forecasting models has been to
describe temporal, and not spatial, variation in pollen
levels. Variations in pollen counts have demonstrated
relationships with changes in land-cover patterns (Emberlin
et al. 1993, 1999). Understanding land-cover, which is an
assessment of vegetative cover, would be valuable in
describing regional variations in pollen.

This study presents a novel approach to estimate
aeroallergen concentrations by incorporating land-cover
and regional characteristics of the pollen season into
forecasting models to improve assessment of spatial
variability in estimation of daily pollen concentrations.
The methods are designed to address regional variability in
pollen levels that hinders accuracy of estimates using
traditional approaches for areas without monitors. We
compare model estimates to measurements from current
aeroallergen monitors for daily pollen concentrations across

a large geographic region, New England and the Mid-
Atlantic states. Our models, while not designed to describe
pollen dispersion, are useful for estimating pollen concen-
trations in areas or time periods without aeroallergen
monitors with the primary purpose of estimating exposures
for health studies.

Materials and methods

Pollen, weather and land-cover data

Daily ambient pollen concentrations were obtained from the
National Allergy Bureau (NAB), a section of the AAAAI
Aeroallergen Network, from 14 aeroallergen monitoring
stations in eastern U.S. cities listed in Table 1. Tree, grass,
and weed pollen counts were collected from the period
2003–2006. We also performed separate analysis of the two
most abundant individual pollen genera, Acer and Quercus.
At some sites, fewer years of records were available
(Table 1). Grass pollen was not recorded at Olean, NY,
and genera specific counts were unavailable at the Olean,
NY, and Brooklyn, NY, sites. Pollen was measured on
unobstructed rooftops at least one story above ground using
one of the following monitor types: Burkard volumetric
spore trap or Rotorod sampler (Table 1), which have
demonstrated comparable measurements of pollen particles
(Frenz 1999).

Pollen groupings of tree, grass and weed have been used
in epidemiologic studies investigating the effects of pollen
on respiratory outcomes (Cakmak et al. 2005; Dales et al.
2004). Since a major goal of our research was to develop
exposure estimates for health based studies, we considered
general pollen groupings of tree, grass and weeds in
addition to specific genera.

Daily minimum, maximum and mean temperature, dew
point temperature, precipitation and wind speed data were
collected from the National Climatic Data Center. Weather
data were collected from the weather station in closest
proximity to each aeroallergen monitoring station (mean
9.91 km; range 1.61–24.54 km).

Land-cover data for the region that contains Massachu-
setts, Connecticut, New York, New Jersey, Maryland,
Delaware and Eastern Pennsylvania were obtained from
the United States Geological Survey Land Cover Institute,
National Land-cover Database 2001 (NLCD 2001; http://
www.mrlc.gov/nlcd_multizone_map.php). NLCD 2001 is a
30-m resolution land cover database created from Landsat 5
and Landsat 7 satellite imagery. NLCD 2001 identifies 16
classes of land cover: open water, perennial ice/snow,
developed (open space, low intensity, medium intensity,
high intensity), barren land, deciduous forest, evergreen
forest, mixed forest, shrub, grassland/herbaceous, hay/
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pasture, cultivated crops, woody wetland, and emergent
herbaceous wetland. Land-cover was used to approximate
densities of vegetative types, which are known to be
important in pollen count estimation (Branzi and Zanotti
1992). This study assumes that 2001 land-cover is
representative of the study period, 2003–2006.

Statistical analysis

We examined three methods for estimating ambient pollen
concentrations in areas without monitors. These methods
are (1) measurements from the nearest monitoring station,
(2) spatial interpolation using ordinary kriging, and (3)
longitudinal regression analysis.

Nearest monitor method

The nearest monitor method is the simplest approach and
estimates pollen levels at a given point using measurements at
the nearest monitor. We evaluated the appropriateness of this
method by comparing how daily Acer, Quercus, tree, grass
and weed pollen concentrations vary by distance. Pearson
correlation coefficients for pollen counts on a given day were
calculated for each monitor pair. Correlations were then
analyzed as a function of distance between the sites.

Kriging

Daily Acer and Quercus pollen concentrations and tree,
grass, and weed concentrations overall were estimated

through interpolation using an ordinary kriging technique.
Autocorrelation due to the spatial structure of the data can
be accounted for by an interpolation technique such as
kriging (Robertson 1987; Liebhold et al. 1993; Legendre
and Fortin 1989). Kriging allows for a weighting of values
by distance based on a semivariogram and the spatial
correlation of the data (Waller and Gotway 2004).
Covariance structure of the model was determined by
fitting a variogram using a weighted least squares approach.
Several approaches to estimating the covariance structure
for the kriging model were explored including spherical,
Gaussian, exponential and Matern. Compared to other
covariance structures, the Matern model produced a slightly
better fit to the data as assessed by the variogram. Kriging
surfaces were calculated using ArcGIS 9.3.1 (ESRI,
Redwood, CA, USA).

Longitudinal models

Two model types, mixed effects and generalized estimating
equations (GEE), were used to estimate daily ambient
pollen concentrations. Separate mixed effects and GEE
models were constructed for each dependent variable (daily
Acer, Quercus, tree, grass and weed pollen). Each pollen
type was regressed against daily and seasonal weather
variables, characteristics of the pollen season (day of season
and indictor variables for the peak and pre-peak pollen
period), land-cover and variables describing the interaction
between day of season and daily weather characteristics.
Optimal covariance structure was determined by selecting

Table 1 Allergen monitor locations, climate and average season dates

Average dates of pollen season

Monitor site Years Sampler
type

Average
temperature
(°C)

Average
precipitation
(mm)

Grass pollen Weed pollen Tree pollen Acer pollen Quercus pollen

Rochester, NY 2003–2006 Burkard 9.6 71.5 5/10–9/19 5/23–10/23 3/11–7/25 3/12–5/3 4/22–6/1

Albany, NY 2003–2006 Burkard 9.4 81.5 5/20–9/18 8/7–9/19 4/2–6/17 4/2–5/11 5/5–6/3

Chelmsford, MA 2003–2005 Burkard 9.7 91.4 5/8–9/21 5/15–10/8 3/31–7/21 3/29–5/19 4/25–5/30

Olean, NY 2003–2006 Burkard 7.7 86.4 Not reported 6/8–10/10 4/7–7/5 Not reported Not reported

Waterbury, CT 2003–2006 Burkard 9.4 109.0 5/29–9/21 8/4–9/26 4/3–7/3 4/11–5/29 4/16–6/12

Armonk, NY 2003–2006 Burkard 9.8 106.7 5/3–9/22 5/9–10/10 3/22–7/18 3/25–5/15 4/20–5/28

Newark, NJ 2005–2006 Burkard 12.8 98.7 5/26–10/16 4/26–10/28 3/27–6/3 4/17–5/4 4/22–5/21

Brooklyn, NY 2005–2006 Burkard 12.6 98.9 4/28–8/26 8/8–10/6 3/28–6/26 Not reported Not reported

Philadelphia, PA 2004–2006 Burkard 13.3 88.9 4/11–9/26 5/5–10/26 3/12–6/22 3/12–4/29 4/14–5/29

York, PA 2004–2006 Rotorod 12.1 90.9 5/14–9/15 6/17–9/28 3/7–6/23 3/8–5/17 4/1–6/1

Cherry Hill, NJ 2003–2006 Burkard 13.3 97.3 4/18–10/7 5/15–10/23 3/30–7/14 3/13–4/28 4/14–5/27

New Castle, DE 2006 Burkard 14.7 90.6 5/5–9/25 4/26–10/11 3/6–9/13 3/3–5/10 4/12–5/30

Baltimore, MD 2003–2006 Rotorod 13.2 91.3 4/18–9/29 5/11–10/11 3/11–6/9 3/12–5/10 4/16–5/13

Washington, DC 2003–2006 Burkard 14.3 83.7 4/13–10/7 4/25–10/21 2/25–6/14 2/16–4/30 4/11–5/21
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models that minimized the Akaike Information Criteria
(AIC), when considering full models. Mixed effects models
for Quercus, tree and weed pollen obtained a minimum
AIC value when random effects of intercept and day of
season were included. Random effects in mixed effects
models for Acer and grass pollen that minimized the AIC
value were random intercept and sine day of season. Final
models were fit using backward, stepwise progression with
inclusion criteria of α=0.05. Longitudinal models were fit
using SAS 9.1 (SAS Institute, Cary, NC, USA).

The following describes the independent variables
considered in the mixed effects and GEE models.

Daily weather

Daily minimum, maximum and average temperature; dew
point temperature; precipitation; and wind speed were
considered in longitudinal models. Principal components
analysis (PCA) was used to address high correlation
between temperature and dew point temperature. PCA
reduces the dimensionality of data by identifying directions
of maximum variability. The resultant principal component
(s) are uncorrelated linear combinations of original varia-
bles and represent the rotation that explains the maximum
variation in 1-dimension. For all regression models, only
the resultant first principal component was included, as it
accounted for 92% of total variability between temperature
variables.

Precipitation was considered in longitudinal models, but
was not included in PCA analysis of weather variables for
two reasons: (1) precipitation was not significantly corre-
lated with temperature, Pearson correlation coefficient 0.07,
and (2) previous research indicated that precipitation and
temperature have different effects on pollen counts (Weber
2003; Laaidi 2001). Wind speed was not included in the
PCA but was considered separately in longitudinal models.

Principal component variables representing temperature
and dew point temperature, precipitation and wind speed
were considered for the current day (lag 0),previous day
(lag 1), and, moving averages over multiple days (lag 1–2,
1–3, 1–5 or 1–7).

Seasonal variables

Weather patterns over time frames longer than days or
weeks have demonstrated significant effects on pollen
counts (Stach et al. 2008a, b; Emberlin et al. 2002, 2007;
Laaidi 2001; Valencia-Barrera et al. 2002). Average
temperature and precipitation 1 and 2 months prior to the
average start of the pollen season of interest, during the
previous growing season (March 15 to August 31), and
winter (November 1 to February 28/29) prior to the pollen
season of interest were considered.

Pollen seasons were defined (Emberlin et al. 1993;
Goldberg et al. 1988) separately for each pollen type (Acer,
Quercus, tree, grass, and weed) and year as the period
during which 98% of cumulative pollen, of a certain type,
for a given year was measured. Start dates were defined for
each pollen type and year as the day on which 1% of the
cumulative pollen, of a certain type, for a year had been
measured. End dates for each pollen type and year were the
days on which 99% of cumulative pollen for a year had
been measured.

Other seasonal variables were day of the pollen season
and sine day of the pollen season, as the time-series of
pollen measurements in this region followed a sinusoidal
pattern. Indicators of the peak and pre-peak periods of the
pollen season, for each pollen type, were included. Previous
studies observed that associations between weather and
pollen counts during peak and non-peak periods can differ
(Smith and Emberlin 2005). Pre-peak period was defined as
the start date to the first inflection point on the cumulative
distribution curve. Peak period ranged from the first
inflection point on the distribution curve to the second
inflection point or 85% of the cumulative pollen for a
season, whichever comes earlier in the year. These
definitions are based on earlier methods (Smith and
Emberlin 2005).

Land-cover surrounding each monitoring station was
calculated with buffer distances of 1, 5, 10, 20, 35, 50, 75
and 100 km. The proportion of each of the 16 classes of
land-cover in the NLCD 2001 dataset was calculated for
each radius size and monitor. Hierarchical cluster analysis
was conducted to group sites with similar land-cover based
on variations in the proportions of land-cover types around
each monitoring station. Euclidean distances were calculated
between all pairs of objects, i.e. land-cover classes at each
monitor location. Monitor sites were then grouped into
clusters according to Ward’s method, a space conserving
approach that minimizes internal sums of squares.

Model assessment

Cross-validation analysis was performed to evaluate model
performance based on the Waterbury site for each model:
kriging, mixed effects and GEE. This involved estimating
pollen levels at the Waterbury location based on a dataset
omitting Waterbury monitor values, and comparing to
measurements. Cross-validation was completed only for days
with measurements at Waterbury. This site was chosen
because modeling techniques from this study will be applied
to future research in the Connecticut region using existing
health datasets. The Waterbury site is also situated in a
representative area of this study region, with respect to the
abundance of pollen. Wilcoxon tests were performed to
compare differences between estimated and observed values.
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Observed and estimated pollen counts were categorized
by percentile as: absent=zero count; very low=any
count >0 up to 50th percentile; low=50th–75th percentile;
moderate=75th–90th percentile; high=90th–95th percentile
and very high=95th percentile and higher. We calculated
the percent of days with agreement (i.e., same category) for
observed measurements and pollen counts estimated by
kriging or longitudinal regression analysis.

Results

Nearest monitor approach

Correlation coefficients (Pearson r) of monitor pairs were
calculated for each pollen type (Acer, Quercus, tree, grass,
and weed pollen) and compared to distance between
monitors to evaluate the appropriateness of exposure
methods based the nearest monitor. Correlation coefficients
between daily pollen counts of Quercus, tree, grass and
weed at different monitors were inversely related to
distance between monitoring sites (Fig. 1). Correlation of
daily Acer pollen counts between monitor pairs was not a
function of distance between monitors (Fig. 1). The average
correlation of daily tree pollen counts between monitor
pairs in this region (maximum distance 627 km) was 0.33

with range 0.002–0.79, with statistically significant
(α=0.05) correlations for 65% of monitor pairs. Even for
stations within 50 km, correlations varied substantially
(0.52–0.79), 100% of pairs with statistically significant
correlations. Correlation of daily tree pollen counts between
sites decreases more rapidly over the first 160 km (corre-
lation decreased 1.7%/km) compared to stations >160 km
apart (0.3%/km). Average declines in the correlation for
weed and grass measurement between monitor pairs were
0.2 and 0.4%/km, respectively. The average correlation
coefficient between monitoring stations in this region was
0.36 for weed measurements (73% of pairs significant) and
0.28 for grass (57% of pairs significant). The range of
correlations between stations within 50 km for weed (0.24–
0.75, 86% significant) and grass pollen (0.18–0.52, 86%
significant) were relatively large.

Correlations of daily pollen counts between monitoring
pairs were no stronger when examining individual genera of
Acer and Quercus. Of pollen types considered in this study,
measurements of Acer and Quercus pollen counts between
monitoring pairs over the study area had the lowest average
correlations, 0.18 (range <0.01–0.63, 21% significant) and
0.22 (range <0.01–0.70, 28% significant), respectively.
These pollen types demonstrated little dependence on
distance between monitors, with correlations declining an
average 0.02%/km for Acer and 0.2%/km for Quercus.

Fig. 1 Correlation of daily pollen counts by distance. Each point represents a monitor pair

Int J Biometeorol (2012) 56:183–194 187



Spatial interpolation (Kriging)

Figure 2 shows observed tree pollen counts with estimated
values from kriging for Waterbury. For tree pollen, Wilcoxon
tests indicated significant differences between observed and
estimated counts from kriging (p=0.04). When tree pollen
values classified as very high (≥95th percentile) were
removed, no significant difference remained between
observed and estimated counts (p=0.29). Correlations
between observed tree pollen counts at Waterbury and
kriging estimates were 0.57 (p<0.01), which was lower than
correlation between observed counts at Waterbury and
measurements from the nearest monitor, Armonk, NY
(67 km from Waterbury) (r=0.72, p<0.01).

Wilcoxon tests revealed no significant differences between
observed pollen measurements and kriging estimates for Acer
(p=0.46) or Quercus (p=0.24). Although no significant
difference was detected in the underlying distributions, the
low correlation between daily observed measurements and
kriging estimates for Acer (r=0.16, p=0.34) reflects rela-
tively poor agreement in daily measurements from neigh-
boring monitoring stations. Correlation between observed
Acer measurements from Armonk, the nearest monitor
station, and Waterbury was 0.02 (p=0.88). Kriging estimates
of Quercus pollen had a higher correlation (r=0.35, p=0.07)
with observed measurements at Waterbury than the nearest
monitor station, Armonk (r=0.24, p=0.02).

Peak concentrations for grass and weed pollen are not as
extreme as tree pollen, which may add to the predictive ability
of spatial interpolation models (Fig. 2). Test of differences
between observed and estimated counts by kriging for grass
(p=0.31) and weed pollen (p=0.47) confirm this observation.

Weed pollen counts at Waterbury were more highly
correlated with observations at the nearest monitor station
(r=0.48, p<0.01), Armonk, than with kriging estimates
(r=0.19, p=0.21) for the Waterbury location. Grass pollen
counts at Waterbury had a similar degree of correlation with
counts at Armonk (r=0.34, p=0.05) and kriging estimates
for the Waterbury location (r=0.32, p<0.01).

Low levels of agreement between pollen measurements
at Waterbury and neighboring monitor stations may account
for kriging estimates having a lower correlation with
measurements at Waterbury than measurements from the
nearest monitoring station (Armonk). Tree and grass pollen
measurements at Albany (distance: 132 km) had correla-
tions of 0.05 and 0.03 (p=0.56 and 0.51) with measure-
ments at Waterbury, respectively. Weed pollen counts at
Brooklyn (128 km) also demonstrated a relatively low
correlation (r=0.12, p=0.34) with counts at Waterbury. The
monitor at Waterbury recorded pollen measurements on
69.2% of days in the pollen season and Armonk 59.4%.
Therefore there are days on which pollen estimates, using
the nearest monitor method, would either be missing or
obtained from one of these other neighboring stations.

Fig. 2 Observed pollen counts compared to kriging estimates at Waterbury, CT
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Agreement for categorized groupings (absent, very low,
low, moderate, high, very high) of Acer, Quercus, tree,
grass and weed pollen levels between observed measure-
ments at Waterbury and kriging estimates are shown in
Table 2, which provides the percent of estimates within the
same concentration category (e.g., low) between measure-
ments and an estimation method (nearest monitor, kriging,
mixed effects model or GEE model). Results are provided
for measurements at the Waterbury station and cumulatively
for all 14 monitoring sites over the entire region.

Of days withmeasured tree pollen concentrations classified
as very high at Waterbury, 81.5% also had very high
concentrations estimated by the nearest monitor method
(i.e., observations at Armonk) (Table 2). In contrast, only

20% of days with very high measured tree pollen concen-
trations at Waterbury were also estimated as very high by
kriging. Agreement between observed tree pollen levels at
Waterbury and either observed levels at Armonk (i.e. nearest
monitor method) or estimated levels from kriging for other
tree pollen level classifications (absent, very low, low,
moderate and high) were comparable.

On 36.8% of days with no measureable (absent) Acer
pollen at Waterbury there was also no measureable count at
the nearest monitor station (Armonk). A similar proportion
of days of absent count were found for Quercus, 38.9%.
There were no days of absent Acer or Quercus pollen at the
Waterbury station that were also estimated to be absent by
kriging. Agreement between Acer measurements at Water-

Table 2 Agreement for closest monitor, kriging and longitudinal model methods

Pollen category

Pollen type Absent Very low Low Moderate High Very high

Waterbury/Armonka Grass 51.5% 35.1% 17.7% 33.3% 0.0% 0.0%b

Weed 16.7% 30.0% 28.1% 37.5% 25.0% 20.0%

Tree 0.0% 72.2% 62.5% 32.5% 40.0% 81.5%

Acer 36.8% 0.0% 22.7% 34.8% 0.0% 11.1%

Quercus 38.9% 37.5% 51.1% 45.0% 0.0% 77.8%

Waterbury: kriging Grass 0.0% 60.0% 22.2% 0.0% 0.0% 0.0%b

Weed 0.0% 14.3% 0.0% 40.0% 33.3% 0.0%

Tree 0.0% 84.2% 36.4% 38.9% 33.3% 20.0%

Acer 0.0% 0.0% 27.3% 20.0% 0.0% 0.0%

Quercus 0.0% 0.0% 40.0% 42.9% 0.0% 16.7%

Waterbury: mixed effects Grass 74.4% 42.6% 12.5% 0.0% 0.0% 0.0%b

Weed 8.3% 69.0% 23.7% 51.5% 0.0% 0.0%

Tree 0.0% 74.2% 30.6% 72.2% 11.8% 12.0%

Acer 0.0% 0.0% 76.2% 45.5% 40.0% 0.0%

Quercus 4.0% 53.8% 86.7% 21.4% 0.0% 0.0%

Waterbury: GEE Grass 58.6% 53.0% 7.7% 0.0% 0.0% 0.0%b

Weed 8.3% 86.2% 62.5% 0.0% 0.0% 0.0%

Tree 0.0% 74.2% 49.0% 25.0% 11.8% 8.0%

Acer 0.0% 0.0% 75.0% 28.6% 16.7% 42.9%

Quercus 0.0% 21.1% 71.9% 5.0% 0.0% 0.0%

Entire region: mixed effects Grass 30.5% 57.7% 53.0% 40.0% 20.5% 8.1%

Weed 43.9% 26.8% 53.6% 47.7% 16.5% 0.0%

Tree 18.8% 77.9% 48.9% 34.1% 8.4% 6.9%

Acer 6.2% 31.2% 68.9% 41.8% 15.1% 7.1%

Quercus 1.0% 33.0% 79.7% 53.1% 18.9% 16.1%

Entire region: GEE Grass 19.9% 67.9% 38.9% 31.9% 23.4% 14.0%

Weed 3.8% 69.3% 36.3% 37.7% 0.0% 0.0%

Tree 0.0% 82.6% 49.7% 24.0% 12.6% 4.8%

Acer 0.0% 34.4% 73.6% 31.0% 10.0% 20.0%

Quercus 0.0% 8.5% 82.6% 41.5% 13.3% 23.9%

a Nearest monitor station: 67 km
b No grass pollen reported in very high category at Waterbury
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bury and kriging estimates was only observed for counts
within the low (27.3%) and moderate (20.0%) classifica-
tions. Kriging estimates of Quercus within the very high
classification demonstrated some agreement with days
measured as very high at Waterbury (16.7%).

Overall, agreement between categorized grass pollen
levels observed at Waterbury and either measured levels
from the nearest monitor (Armonk) or kriging estimates
were quite low (Table 2). Only for days on which grass
levels were observed at the very low or low levels was there
any agreement with kriging estimates, at 60 and 22%,
respectively. However, 100% of days with absent counts at
Waterbury were estimated by kriging as very low. Grass
pollen counts in the very high category were not observed
at the Waterbury location.

Agreement between observed weed pollen levels at
Waterbury and either levels estimated by kriging or
observed at the closest monitors was very poor (Table 2).
No category of weed pollen had agreement higher than
43.8% with observed values.

Longitudinal models

We estimated daily Acer, Quercus, tree, grass and weed
pollen using two forms of regression models, mixed effects
models and GEE. Several weather variables, day of season,
peak season indicators and land-cover were significant
predictors (α=0.05) of daily Acer, Quercus, tree, grass and
weed pollen counts in mixed effects and GEE models.
Principal component variables representing temperature
characteristics on the present and/or previous day demon-
strated positive associations with tree and grass pollen
counts. However, the principal component variable repre-
senting same day temperature variables was negatively
associated with weed pollen counts. Same and previous day
precipitation were negatively associated with counts of all
pollen types. Interaction of weather variables and time
(either day of season or sine day of season) demonstrated
the opposite direction of association as the main effect of
weather for all pollen types. Land cover was also a
significant predictor of pollen counts in all models, except
for GEE models predicting weed pollen counts.

Estimated tree pollen counts from a mixed effects model
had a correlation of 0.57 (p<0.01) with observed measure-
ments over the entire study region and a correlation of 0.66
(p<0.01) with observed measurements at Waterbury. A
correlation of 0.57 would be expected between monitoring
stations that are only 2.8 km apart, based on extrapolation
from correlations observed between all pairs of monitor
stations in the study area. The correlation between Water-
bury measurements and GEE model estimates was even
higher (r=0.71, p<0.01). GEE model performance over the
entire study region, r=0.72 (p<0.01), was comparable to

the correlation between GEE estimates and observations at
Waterbury alone.

Correlations between observed measurements of Acer
and Quercus and estimates from either mixed effects or
GEE models were strong compared to the nearest monitor
approach. Estimates of Acer from a mixed effects model
demonstrated strong correlation with observed Acer counts
over the entire study region (r=0.56, p<0.01) and at
Waterbury (r=0.64, p<0.01). GEE model estimates had
similar correlations with observed Acer counts over the
entire study region (r=0.60, p<0.01) and at Waterbury
(r=0.57, p<0.01). Correlations for mixed effect model
estimates of Quercus pollen and observations were 0.66
(p<0.01) for measurements at Waterbury and 0.77
(p<0.01) for the entire study region. Results from GEE
models were similar.

Table 2 shows accuracy of categorized tree pollen
estimates for mixed effects and GEE models. Wilcoxon
tests indicated significant differences between observed
measurements at Waterbury and estimates by mixed effects
(p=0.02) or GEE models (p<0.01). However, as with
kriging, differences between observed measurements and
estimates from mixed effects and GEE models improved
when counts in the very high category were removed
(p=0.28 and p=0.03, respectively). Neither GEE nor mixed
effects models predicted any days of absent tree pollen for
Waterbury. Over the entire study region, mixed effects
models accurately predicted 18.8% of days with no
observed tree pollen (50 of 266 observed days). Days with
observed low levels of tree pollen at Waterbury were also
estimated to have low levels by GEE on 49.0% of days,
compared to 30.6% of days for the mixed effects model.
Mixed effects model estimates were in higher agreement
with days of observed moderate and very high tree pollen
levels at Waterbury compared to GEE estimations. Accu-
racy of tree pollen estimates at the high and very high
categories were much lower for mixed effects or GEE
estimates compared to the nearest monitor method. The
same is true, although less so, for comparisons to kriging
estimates (Table 2).

As with overall tree pollen counts, accuracy of Acer and
Quercus estimates from mixed effects and GEE models was
greater for days with pollen counts classified as very low to
moderate compared to days within the high, very high or
absent categories. No significant differences between
observed Acer measurements at Waterbury and estimates
from either mixed effects (p=0.77) or GEE models
(p=0.32). Daily Quercus estimates at Waterbury from
mixed effects (p=0.84) and GEE models (p=0.87) did not
differ from observed measurements. Over the entire study
region, fit of Quercus pollen estimates from mixed effects
(p=0.16) and GEE models (p=0.02) were not as strong.
Differences between measurements of Quercus over the
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entire study region and estimates from mixed effects and
GEE models improved when counts in the very high
category were removed (p=0.64 and p=0.15, respectively).

For grass pollen, model estimates had correlations of
0.56 and 0.44 (p<0.01 and <0.01) with observed counts at
Waterbury for mixed effects and GEE models, respectively.
Models for weed pollen had correlations of 0.46 and 0.70
(p<0.01 and <0.01) for mixed effects and GEE models,
respectively. Wilcoxon tests revealed no difference between
observed grass pollen measurements and estimates from
mixed effects (p=0.26) or GEE models (p=0.59). No
differences were found between observed weed pollen and
mixed effects (p=0.32) or GEE estimates (p=0.05).

Over the entire study region, correlations between
predicted and observed concentrations of grass pollen were
0.48 and 0.66 (p<0.01 and <0.01) for mixed effects and
GEE models, respectively. For weed pollen correlations
were 0.58 and 0.53 (p<0.01 and <0.01) for mixed effects
and GEE models, respectively. For comparison, the
correlation between observed grass pollen concentrations
at Philadelphia and Cherry Hill, stations 13 km apart, was
0.52 (p<0.01). The correlation between observed weed
pollen concentrations at the same two stations was 0.75
(p<0.01).

Agreement between observations and longitudinal model
estimates for grass pollen at Waterbury decline with
increasing concentration categories for mixed effects and
GEE models (Table 2). Neither model type accurately
estimated grass pollen levels on days with observed
moderate or higher levels at Waterbury. Over the entire
study region, however, a portion of days with observed
grass pollen counts in the moderate or higher categories
was estimated to have corresponding levels of grass pollen
by both mixed effects and GEE models.

Days with observed weed pollen within the moderate
category at Waterbury were estimated to have a
corresponding level of weed pollen by mixed effect models
on 51.5% of days. There were no days with observed
moderate levels of weed pollen with the same level
estimated by GEE models at Waterbury. Neither mixed
effects nor GEE models accurately predicted days with
observed high or very high levels at Waterbury. Over the
entire study region, days with observed high weed pollen
levels were accurately estimated by mixed effects models
on 16.5% of days.

Discussion

The continental U.S. has only 86 aeroallergen monitors
within the NAB network providing public reports of daily
ambient allergen levels. Accurate estimation of ambient
pollen concentrations in the vast areas where aeroallergen

monitors do not exist would be beneficial to those who
suffer from allergies, the medical industry, and health
researchers. However, the optimal manner of daily pollen
estimation across a broad spatial scale is poorly understood.
This study sought to investigate whether information on the
spatial pattern of allergen measurements as well as local
weather, pollen season characteristics and land-cover could
be used to develop statistical techniques that could improve
both temporal and spatial estimates of ambient pollen
concentrations compared to the current monitoring network.
Such models do not describe the dispersal patterns of pollen
grains, but could be applied to improve public reporting of
pollen levels in areas without monitors and improve
ambient exposure assessments in epidemiologic studies.

There are of course pros and cons to each of the three
methods presented for estimating pollen concentrations in
areas where monitors do not exist. Previous studies utilized
measurements from a single monitor to assess ambient
pollen exposures, which may not fully represent spatial
heterogeneity across a study region (Lewis et al. 2000). In
this study, correlations of daily pollen counts between
monitoring stations decreased with distance, with the most
rapid rate of decline over the first 160 km of separation.
Moreover, even for stations within 50 km of one another,
the range in correlations of daily pollen counts was
substantial (range for Acer pollen counts: 0.34–0.01;
Quercus pollen: 0.46–0.25; tree pollen: 0.79–0.52; grass
pollen: 0.52–0.18; and weed pollen: 0.75–0.24). The
average distance between monitoring stations in this study
area, which represents one of the most populous regions of
the country, was 288 km. The relatively poor spatial
coverage of monitor stations combined with the range in
frequency of pollen measurements in this region (99.1% of
days for Albany, NY, to 32.7% for Olean, NY) hinder the
reliability of using measurements from monitoring stations
to estimate pollen concentrations at locations far from the
monitors, given the spatial heterogeneity in concentrations.

Estimates of pollen in areas without monitors by spatial
interpolation techniques have been demonstrated to
be “…acceptably reliable when data provided by all
stations falls within a fairly narrow range…” (Alba et al.
2006). This is in agreement with the findings of this study,
which found no difference in the distribution of pollen
estimates from kriging models and observed measurements
when extreme peak concentrations were excluded. Peak
counts of tree pollen, which were substantially higher than
peaks of other pollen types in this region, were conse-
quently estimated poorly. However, agreement between
days observed to be within a certain pollen category level
(absent, very low, low, moderate, high, very high) that were
also estimated to be within the same pollen category by
kriging methods were poor. Previous studies have found
limitations in spatial interpolation of phonological processes
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based on a small number of sampling locations, as is found in
this study (Garcia-Mozo et al. 2006b). For spatial interpola-
tion techniques, the degree of potential error increases as the
distance between stations increases and the number of
stations decreases (Alba et al. 2006). Further, the frequency
of monitoring at each station varies. Days and areas with
fewer measurements potentially have greater error in
interpolated estimates.

Forecasting models for aeroallergens have focused on
both short- and long-term predictions (Smith and Emberlin
2005, 2006). Other types of forecasting models addressed
characteristics of pollen seasons such as overall season
load, season start date and duration of the pollen season
(Garcia-Mozo et al. 2006a; Antepara et al. 1995; Laaidi
2001; Emberlin et al. 1993, 2002; Fuertes-Rodriguez et al.
2007; Galan et al. 2001; Garcia-Mozo et al. 2000).
Common among forecasting models to predict pollen levels
is the use of weather variables, primarily temperature and
measures of atmospheric moisture. While forecasting
models have addressed temporal variation, they have
largely failed to account for spatial variability.

Previous studies indicated that understanding land-use
patterns is important to understanding regional aeroallergen
exposures (Emberlin et al. 1993, 1999). Therefore, this
study built on the temporal forecasting model framework
by incorporating land cover and regional pollen season
characteristics to address spatial variability in pollen
estimation. Incorporation of pollen season characteristics,
such as day of season and timing of peak periods, were also
used to account for regional variability. Inclusion of such
variables does add a layer of uncertainty with spatial
estimation in that season start dates and peak periods must
be estimated in areas where monitors do not exist, which
are the areas of interest. Although season start dates have
been reliably estimated (Emberlin et al. 2002, 2007; Laaidi
2001; Fuertes-Rodriguez et al. 2007; Garcia-Mozo et al.
2000), calculation of these parameters may be problematic
in regions with limited data.

Correlations between observed and estimated pollen
counts were generally higher for GEE model estimates
compared to mixed effects models. Overall, estimates from
either longitudinal regression model had correlations with
observed measurements that were as high or higher than
would be expected on average between sites even a few
kilometers apart using the nearest monitor approach.
However, regression models poorly estimated pollen levels
on days with absent or very high levels, although the
models performed well at less extreme values. The
proportion of days with observed very low, low, moderate
and high levels of tree and grass pollen that were also
estimated to have a corresponding pollen level was
generally similar for both mixed effects and GEE models.
Only mixed effects models estimated any days of high

levels of weed pollen on which there were also observed
high levels. Neither longitudinal model type estimated any
days of very high weed pollen concentrations.

The main advantage of longitudinal models is that they
estimate pollen concentrations on every day, regardless of
whether monitoring data are available. Major disadvantages
of these models are the amount of information required
(weather data, characteristics of the pollen season, and land
cover) and failure to capture very high concentrations.

Development of these models was limited by a number
of factors. One limitation was in the reporting of the pollen
counts themselves. Guidelines for placement of sampling
equipment state they “be situated on an unobstructed
rooftop at least one story above ground with no local
pollen and/or mold spore sources” (AAAAI 2010). Height
of equipment was not uniform across monitor stations. This
is problematic because the types and quantity of pollen
measured at a single location differ depending on the height
of the monitoring equipment (Ranta et al. 2008). Time of
day at which measurements are taken is not reported.
Timing of measurements could affect measured concen-
trations, especially if it is inconsistent within or between
stations.

Missing observations are another concern, as the
frequency of measurement varies by site. No systematic
differences in frequency of measurement were readily
apparent at any given site. In other words, the proportion
of days on which measurements were taken at a given
monitor was consistent for all months in the pollen season.

Our focus was on the development of methods to
estimate ambient pollen exposures and not on describing
the dispersion of pollen. Given that general groupings of
tree, grass and weed pollen have been used in epidemio-
logic studies (Cakmak et al. 2005; Dales et al. 2004), we
investigated methods to estimate those pollen groupings as
well as Acer and Quercus genera. It should be noted tree,
grass, and weed pollen may represent different pollen
compositions for various regions. Our analysis focused on a
geographic region with similar meteorological conditions
and genera of flora. General tree, grass or weed pollen
groupings may not be appropriate for spatial-temporal
models to estimate exposure over large or disparate spatial
areas. Determining spatial-temporal scales and degrees of
pollen heterogeneity for which exposure modeling is
appropriate warrants further investigation.

Furthermore, the location of monitoring sites is not
random. Monitoring sites are primarily located in populated
areas and are not located in a random fashion as one would
design experimentally if the goal were to describe the
spatial distribution of pollen. There is also a paucity of
monitoring sites in this region, as well as most of the U.S.

Multiple approaches are available to estimate pollen
concentrations, including new methods such as those
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presented here. Accuracy of pollen count estimates based
on measurements from the nearest monitor station varied by
distance to that monitoring station and type of pollen. The
temporal nature of the exposure of interest is also a
consideration. Frequency of measurement is a limiting
factor in estimating daily pollen by closest monitor or
spatial interpolation. However, if one’s concern is expo-
sures averaged over several days or weeks, then monitors or
spatial interpolation methods may provide the best esti-
mates. Spatial interpolation is also advantageous in de-
scribing spatial heterogeneity because it provides a
continuous surface of estimates. The number of pollen
measurements available and distance between stations are
limiting factors. Longitudinal models are able to produce
daily pollen estimates for any location, provided weather
information is available, regardless of the availability of
monitoring data. Additionally, these models may best
describe pollen concentrations in areas a great distance
from monitoring stations. Finally, the nature and degree of
uncertainty a researcher is willing to accept in exposure
estimates can affect which method is optimal. For example,
our findings indicate that estimation of peak values, by any
modeling technique, has greater uncertainty than estimates
during non-peak periods.

While the models created in this study are only applicable
to the study region, or regions with similar flora compositions,
the methodology has value in application for other areas.
These models could provide more accurate assessments of
ambient exposures in studies investigating the health effects
of pollen or in providing daily pollen estimates to populations
in regions not near monitoring stations.
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