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Abstract

The ascomycete Hymenoscyphus fraxineus has spread across most of the host range of European ash with a high level of
mortality, causing important economic, cultural and environmental effects. We present a novel method combining a Monte-
Carlo approach with a generalised additive model that confirms the importance of meteorology to the magnitude and timing
of H. fraxineus spore emissions. The variability in model selection and the relative degree to which our models are over- or
under-fitting the data has been quantified. We find that both the daily magnitude and timing of spore emissions are affected
by meteorology during and prior to the spore emission diurnal peak. We found the daily emission magnitude has the strongest
associations to weekly average net radiation and leaf moisture before the emission, soil temperature during the day before
emission and net radiation during the spore emission. The timing of the daily peak in spore emissions has the strongest
associations to net radiation both during spore emission and in the day preceding the emission. The seasonal peak in spore

emissions has a near-exponential increase/decrease, and the mean daily emission peak is approximately Gaussian.
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Introduction

Fungal pathogens are a natural part of the biosphere and
need to be properly understood and managed to ensure that
agriculture and forestry are both efficient and sustainable
(e.g. Dean et al. 2012). The present study focuses on the fun-
gal pathogen Hymenoscyphus fraxineus (the causative agent
of ash dieback, Baral et al. 2014; CABI 2019), which, like
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many other fungal pathogens, spreads to new host regions by
dispersal of spores through the atmosphere. In particular, we
focus on the diurnal timing and total quantity of H. fraxineus
spore release.

Fruit bodies of H. fraxineus form during summer on
leaf litter of overwintered ash petioles and rachises that
have been infected in the previous year (Gross et al. 2014).
The wind-dispersed ascospores are released from the fruit
bodies and infect ash leaves during the vegetation period
(Timmermann et al. 2011; Hietala et al. 2013; Chandelier
et al. 2014), causing necroses and wilting of the leaves.
Before leaf fall, the fungal mycelium grows through rachises
and petioles into the shoots and branches and finally, during
the dormancy period in winter, into the stem of the tree
(Kirisits & Cech, 2009). Necroses in the tree tissue block
water transport and lead to wilting and dieback of branches
and may be fatal, often in combination with other factors
such as root rot (e.g. Armillaria) or drought. Furthermore,
the fungal spores can attack the root collar directly through
lenticels in the stem (Nemesio-Gorriz et al. 2019), causing
collar lesions and necroses in the stem, blocking water
transport and thereby likely weakening the root system so
that other, secondary pathogens, such as Armillaria, can
infect the root system (Husson et al. 2012; Chandelier et al.
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2016). A third infection pathway may be water-dispersed
conidia (asexual spores) that enter the root system of ash
trees through the soil (Fones et al. 2016).

The ascomycete H. fraxineus has now spread across
most of the host range of European ash (Fraxinus
excelsior) with a high level of mortality, causing important
economic, cultural and environmental effects (European
Commission 2013). In Norway, the annual mean distance
of spread of the pathogen along the Norwegian west coast
has been shown to be 51 km (Solheim and Hietala 2017).
By 2018, H. fraxineus had spread through the entire
natural distribution range of European ash in Norway
(Timmermann et al. 2019; A. Hietala and H. Solheim,
pers. comm.), only 12 years after its estimated introduction
into the country.

The spores of H. fraxineus are similar to those of many
other fungal pathogens such as wheat rust (Puccinia
graminis f. sp. tritici). Race Ug99 of wheat rust threatens
90% of wheat production globally and so is recognised
as a major threat to world food security (Dean et al.
2012). Consideration should be given to the possibility of
pathogens changing (or jumping) hosts, increasing the threat
posed by species such as H. fraxineus. This pathogen was
likely introduced to Europe with ornamental trees from Asia,
where it is regarded as a more or less harmless endophytic
or only slightly parasitic fungus in leaves of its original
host, Manchurian ash (F. mandshurica) (Cleary et al. 2016;
Drenkhan et al. 2017). It first became a lethal pathogen
when changing to a new host, European ash, a close
relative of Manchurian ash but with a different distribution
range. Increasing demand for supply and an increasingly
variable climate demand an ever more efficient and resilient
industry, which is reflected in the aims of the European
Commission (European Commission 2013). In order to
effectively manage fungal pathogens, it is important that we
fully understand them and are able to predict their probable
movements and impacts.

Like any airborne pathogen, the spread of H. fraxineus
spores to new host areas can be divided into three steps:
details of spore emission, the ability of spores to survive
Earth’s atmosphere and on-host infection processes (e.g.
Gross et al. 2014). Much is still unknown about the biol-
ogy of H. fraxineus (e.g. Sansford 2013), which includes
the pathogen’s ability to reproduce. The CABI datasheet
provides a good overview of what’s known about the
ecology/biology of the pathogen (CABI 2019). This work
focuses on improving understanding of the emission of
spores by H. fraxineus. Previous research provides impor-
tant insights into H. fraxineus spore emission processes.
Timmermann et al. (2011) noted that the observed early
morning peak in spore emissions suggests that H. frax-
ineus actively emits (or ejects) its spores. This is in con-
trast to fungi with more passive spore emission, such as
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Blumeria graminis and Puccinia striiformis, that have a
peak emission around mid-afternoon when wind currents
and gusts are generally most intense (West et al. 2008).
Most ascomycetes that actively emit their spores use a
‘water-cannon’ mechanism, which relies on the avail-
ability of moisture (Ingold, 1999). However, unknowns
include the exact moisture requirement, the timescale
required to accumulate enough water and the exact method
of water absorption.

Spore maturation most likely occurs during the day pre-
ceding the morning peak emission period (Timmermann
et al., 2011). If this is the case then environmental condi-
tions (e.g. moisture and temperature) during the day prior
to emission are likely to have some effect on the spore
emission. Morning dew and moisture may protect the
ascospores from desiccation during the subsequent infec-
tion process and may stimulate their germination (Tim-
mermann et al. 2011). Sub-zero ground temperatures may
turn dewfall into frost, which can be expected to hinder
fungal spore emissions. In all cases, the details remain
unclear, for example, what moisture and temperature levels
are required? What types of moisture (ground, leaf, water
vapour, rainfall) are most important? Is spore maturation
(and fungal activity) affected by longer-term moisture and
temperature trends?

The effects of meteorology on spore emission
processes remain to be investigated (Timmermann
et al. 2011). High winds and turbulence act to ventilate
Earth’s atmospheric boundary layer (ABL), mixing aero-
sols (including fungal spores) to greater heights and so
reducing near-ground aerosol concentrations (e.g. Dacre
et al. 2007). On the other hand, winds may aid spore sus-
pension, especially in sheltered forest locations. In still
air spores will fall out of suspension at their ‘settling
velocities’ (e.g. Di-Giovanni et al. 1995). Rainfall will
‘wash-out’ spores from the atmosphere (e.g. Aylor 2003)
reducing spore air concentrations. However, the net effect
of rainfall on spore emissions is unclear given that rain-
fall may act as a water source for the active emission
mechanism and possibly aid spore maturation and ger-
mination. Preceding rainfall before peak emission may
act to encourage spore emissions, whereas rainfall during
peak emission may suppress spore air concentrations. Net
radiation at the ground surface is known to represent the
energy limit available to organic (as well as inorganic)
systems (Oke 1987). Solar radiation is the driving force
behind meteorological processes in the ABL, which in
turn influence spore emissions. Net radiation is generally
well correlated with net solar radiation during daylight
hours (Oke 1987).

The main objective of our work is to infer the relationship
of fungal spore emissions as a function of meteorological
variables.
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Materials and methods
Processing and analysis of fungal spore emissions

We analysed data, provided by Timmermann et al. (2011)
and Hietala et al. (2013), of H. fraxineus spore counts
recorded at 30-min intervals throughout the months of July
to September for the years 2009 to 2011 (Fig. 1a). These
data are derived from near-ground measurements of H. frax-
ineus atmospheric spore concentrations in a diseased ash
stand near As, 30-km south of Oslo, Norway (59° 40" 44"
N, 10° 46’ 31" E).

We removed days with missing or corrupted data within
the peak diurnal emission period (see Appendix A in Sup-
plementary Material).

By maximum likelihood estimation (and a number of
simplifications), it is possible to construct a simple analyti-
cal Gaussian model for the average diurnal variation of spore
emissions which vary through the season:
S/h(d, h) = %d)e—(h—u)z/(%z) 1))

where S (d) is the analytical model for the total daily emis-
sions occurring on day-of-year d (see Fig. 1a for a graphical
representation of S’°), I is a constant and # is the hour of the
day. The model parameters ¢ and o are the average time of
the peak spore emission and the average standard variation
of u, with values of 5.1 h and 0.33 h (Fig. 1b), respectively.
See Appendix B and C in Supplementary Material for full
details of (1), the model parameters and summary statistics.
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Fig.1 H. fraxineus near-ground atmospheric spore counts from
Hietala et al. (2013) for (a) the growing season denoted S (number
of spores day™!) for the years 2009 to 2011 and (b) the diurnal vari-
ations (number of spores h™!) averaged across all days and years,
denoted by (S},), marked with black dots. Before averaging, we tem-
porally shifted each diurnal dataset so that each daily maximum
emission coincided with the average maximum emission time. The
increase and decrease of In(S) were fitted to linear models (solid

The simple analytical model (1) could be used as a basic
(and numerically inexpensive) representation of spore emis-
sions in an atmospheric dispersion model. However, it does
not account for the variation about the mean changes and
cannot adapt to changing environmental conditions.

A large amount of variability is apparent in the spore
data of Hietala et al. (2013) (see Fig. 1a, Appendix B in
Supplementary Material, or Fig. 3). Some of this variabil-
ity is due to variability in the magnitude and timing of the
daily emissions. Changing the timing of the spore emission
peak by several hours has the potential to significantly alter
the area of the resulting spore deposition (e.g. Savage et al.
2010). Spore emission timing was estimated by finding the
time of maximum observed emission, denoted 7, in each
daily cycle and the spore emission magnitude was estimated
by calculating the observed total daily spore emissions (S).

Careful analysis of the raw spore data revealed 7 days of
ill-defined emission peaks (see Appendix A in Supplemen-
tary Material), which is relevant when considering the time
of maximum emission. These days generally correspond to
the start/end of the emission period, when total spore emis-
sions are low. When considering 7, these 7 days were
removed from the analysis.

Meteorological data

We downloaded publicly available, hourly meteorological
data, provided by the Norwegian Institute of Bioeconomy
Research (NIBIO 2019) in collaboration with the Norwe-
gian Meteorological Institute (Table 1). The meteorologi-
cal data are from two sites: Asbakken (59°40" 7" N, 10°
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black and green lines, respectively, in (a)). A Gaussian model was fit-
ted to (S,), marked by the grey line in (b). Temporally shifting the
data prior to averaging allowed the Gaussian to reveal the average
shape of the emission peak. See Appendix B and C in Supplementary
Material for further model details, parameter values and summary
statistics. The observations made in 2009 only captured the decrease
in the seasonal spore emissions, whilst in 2011 the measurements
only captured the increase in the seasonal emissions

@ Springer



International Journal of Biometeorology

Table1 The 10 meteorological variables, their three averaging
windows and their use in the models for 7., and log,y(S). Squares
marked - are variables that were excluded a priori based on the phys-
ics of the system. Variables used in the model for time of maximum

spore emission are indicated with a 7, Variables used in the model
for total daily spore emissions are indicated with log,(S). Squares
marked X indicate variables that were excluded due to collinearity

Variable name & symbol Units Measurement details

Averaging window length

window 1 (=2 h) window 2 (1 day) window 3

(5 days)
Rainfall, R mm h~! RR, (1), Lpeaks 10g16(S) X fheak
+0.1 mm/h log,o(S) X
Soil moisture, 6 1 VANI, (2), first 10 cm, - - -
Volumetric, +0.02
Leaf moisture, M, min/h BT, (1), ~ 2-m a.g.l,, accuracy unknown  f,q,, 10g;o(S) Tpeak X
X log;,(S)
Relative humidity, U 1 UM, (1), hourly mean, +2% (0 to 90%) - - -
Soil temperature, Tg °C TIMI, (2), 1-cm deep, hourly mean,+0.2 K X Tpeaks log;(S) X

Surface temperature, 7,  °C

Air temperature, T, °C TMf, (1), 2-m a.g.l.,
hourly mean,
+02K

Net radiation, R, W m-2

RN, (2), surface flux, hourly mean, <10% of 7y, 10g;(S)

TS, (2), hourly mean,+0.2 K - - -

tpeak’ lOg IO(S) tpeak’ 10g1 O(S)

each days integrated radiation

Wind speed, lul ms™! FM2, (2),2-ma.g.l.,
hourly mean,
horizontal speed,
1% +0.1 m/s

Frost, F Presence/absence

tpeak’ 1Ogl()(S) tpeak’ lOglO(S) -

- tpeak’ log 1 ()(S) -

Notes: Acronyms within ‘Measurement details’ are the NIBIO variable names. Locations of observations are specified using the numbers in
brackets, where 1 =Asbakken and 2= As, and equipment error estimates are provided. We derived an additional variable for the presence of frost
when surface temperature is less than 0 °C and leaf moisture is non-zero. Leaf moisture was observed using a leaf wetness sensor, which gives
the time in minutes the leaf is wet within each hour (see Campbell Scientific 2020 for more information)

46’ 8" E) and As (59° 39’ 38" N, 10° 46’ 55" E). The
Asbakken data was used whenever possible, since this site
was closest to the spore observation site (approximately
400 m) and also in an orchard. The As site, located in an
open field less than 2 km from the spore observation site,
was used for all variables that were not available from
Asbakken (Table 1). Meteorological variables that were
measured from both stations show a high correlation (e.g.
the Spearman rank correlation coefficients for U, T, and
R are 0.96, 0.99 and 0.81, respectively). Accurate soil
moisture data was missing for 2011 and part of 2010. We
therefore removed soil moisture from our analysis in order
to maximise the number of observations. The final number
of observations used to model both 7,,,, and § was 61 (15
from 2009, 27 from 2010 and 19 from 2011).

From a physical understanding of the system (see Oke
1987, Chapters 1 and 4), three pairs of variables (7, and
R,, T, and T,, M, and U) are expected to be highly corre-
lated. We therefore excluded T, T, and U from our analy-
sis a priori (Table 1). Our a priori expectation was sup-
ported by observed strong correlations in the hourly data
between: 7, and R, (Spearman rank coefficient 0.77), T,
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and T, (Spearman rank coefficient 0.91) and M, and U
(Spearman rank coefficient 0.72).

The six remaining meteorological variables were aver-
aged across three time windows: 2 h either side of 7,,,
(window 1), 2-24 h before 7,,,, (window 2) and less than
5 days before 1, (window 3). These three windows cap-
ture immediate (window 1), near-term (window 2) and
longer-term (window 3) meteorological conditions (see
Introduction). Window 1 was chosen to encompass the
mean emission peak (guided by ¢ in the Processing and
analysis of fungal spore emissions section). We excluded
the 5-day average wind speed (window 3) a priori since
it is unlikely to impact spore emissions. Outside of the
winter months, frost typically occurs during the early
morning hours before sunrise given enough moisture and
a freezing surface. However frost may also occur earlier
in the night (Oke, 1987). The window 1 frost average was
dropped due to the rarity of frost occurrence. A window
3 average of frost is likely hard to interpret and so was
removed from the analysis. A further six averaged vari-
ables were also excluded due to collinearity (see Table 1
and the “Statistical analysis” section). This gave a final set
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of 10 continuous meteorological variables and one binary
variable (frost, window 2).

Statistical analysis

We constructed two generalised additive models (GAMs,
see Wood 2017): one had the time at maximum H. fraxineus
spore release, Ipeaks A4S @ T€SpoNse variable, and the other
had the log-transformed daily spore emission, log;,(S), as a
response variable. All models had the factor frost (window
2) as a parametric term and 10 smoothed meteorological
variables. Variables for these smoothed terms were selected
by taking the variable with the greatest Spearman rank cor-
relation with the response variable, removing all other col-
linear variables (defined here as having a Spearman rank
correlation greater than 0.6) and then repeating until all 14
variables had been used. The final selection of variables for
the two models is given in Table 1.

All the smoothed terms used a thin plate spline basis
with a basis dimension of three. Variable selection was per-
formed by imposing an additional penalty on functions in the
smoothing penalty null-space (Marra and Wood 2011). No
interactions were included because the data were too sparse
and data exploration showed no pattern of interactions.

We fitted models to a random 80% of the data from years
2010 and 2011 (a total of 22 and 16 observations from 2010
and 2011, respectively) and validated the model using the
remaining 20% of the 2010 and 2011 data. Data from 2009
was used as independent validation data (see below). We
performed model fitting and validation on 1000 different
randomised 80%:20% data partitions; therefore we have
combined a Monte-Carlo approach with GAMs. Models
were fitted using generalised cross validation in the mgev
package in R, version 3.5.2 (R Core Team 2018; Wood
2011). A model’s effective degrees of freedom were mul-
tiplied by 1.4 to increase the amount of smoothing and to
avoid overfitting (Wood 2017). Residuals were assumed to
follow a normal distribution and to have no temporal auto-
correlation. The model assumptions were tested and con-
firmed for 10 of the 1000 fitted models.

We quantified the importance of each smoothed term
in a model by calculating the number of times (from the
1000 randomised fits) a term had been retained in a model
(i.e. had an effective degrees of freedom greater than 107%).
Smoothed terms that were retained in more than 70% of
all selected models were highlighted. We also reported the
fitted relationship for the most commonly selected model
(the terms in the most commonly selected model may not
be the same as terms that were retained in more than 70%
of all models). Model fit was estimated from the R? of both
fitted and validation models. We visualised the fitted rela-
tionships for a variable using a contour plot of the relative
density of predictions across all 1000 randomised fits. We

calculated the predicted relationship from each randomised
fit by varying the variable across its observed range whilst
setting all other variables to their observed median value.
We also averaged the fitted coefficients across all 1000 mod-
els by calculating the median coefficient (and standard error)
for each smooth term.

Further model validation was performed by predict-
ing log;((S) and 7., for 2009. All 1000 models for each
response were used to make predictions for 2009. These
models were then averaged by taking the median point
prediction and 95% confidence interval. The Pearson cor-
relation coefficient between predictions and observations of
log,((S) and 7., was used as a measure of model predictive
performance.

The effect of omitting soil moisture was investigated by
repeating our analysis using the dataset where soil moisture
was available (2009 and part of 2010). The results of this are
presented in Appendix F (Supplementary Materials).

Finally, we repeat our analysis using a random forest
approach (Liaw and Wiener 2002), allowing comparison
with our GAM method. The application of the random forest
mirrors the original GAM approach in using 1000 regres-
sion trees to build the random forest, using the same size
for the out-of-bag sample and keeping data from 2009 as an
independent validation dataset. The random forest analysis
is presented in Appendix G in Supplementary Materials and
summarised below.

Results
Model fit and predictive performance

The model fit and predictive ability (i.e. validation R?) of
our models for total daily spore emissions, log;,(S), and
the timing of peak spore emission, #,,,, depended upon
how the data were partitioned into fitting and validation
datasets (Figure D1, Appendix D in Supplementary Mate-
rial). Half of the 1000 models for both log,((S) and 7,
had a validation R? greater than 42% and 61%, respectively
(Figure D1). There is a negative correlation between R*
from the fitting data and the R? from the validation data
(i.e. predictive ability) due to the bias-variance trade off
(i.e. high fitted R? tend to correspond with model over-
fitting). After model selection, the complexity of the mod-
els for both log,(S) and 7, ranged from three to nine
smoothed terms, but most models had five to seven terms
(Table 2). On average, models for log;,(S) with intermedi-
ate complexity (six to seven terms) had the greatest pre-
dictive power, whereas models for 7, with the greatest
complexity (nine terms) had the greatest predictive power
(Table 2). Including soil moisture in the analysis did not
increase the predictive power of the models (Table F2,
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Table2 The frequency (across Number of smooth terms 3 4 5 6 7 8 9
1000 fitted models to random
data partitions) with which log((S) model
different model complexities Frequency 2 13 84 344 408 131 18
(i.e. number of terms) were ) o )
selected and their median R2 for Median validation R 0.16 0.32 0.37 0.46 0.43 0.42 0.40
the validation data Tpeqr MOdel
Frequency 17 143 372 303 121 41 3
Median validation R 0.49 0.57 0.58 0.65 0.76 0.85 0.85

Table 3 The variables and timescale for the 10 smooth terms in the
GAM model for log;,(S) (Table 1) and the proportion of the 1000
randomisations for which each term was selected in the final model.
Terms selected in more than 70% of models are highlighted in bold

Variable Timescale Selection
proportion
Net radiation Window 3 1.00
Soil temperature Window 2 0.96
Net radiation Window 1 0.95
Leaf moisture Window 1 0.92
Leaf moisture Window 3 0.89
Rainfall Window 2 0.76
Net radiation Window 2 0.49
Wind speed Window 1 0.36
Rainfall Window 1 0.18
Wind speed Window 2 0.11

Appendix F) but did result in selected models with fewer
terms and a clear decline in predictive performance for
selected models with a large number of terms (more than
five terms).

<

Fig.2 The marginal predictions
(black line) and 95% confi-
dence intervals (grey region)
from the most common model
for total daily spore emissions
(six smoothed terms). Residu-
als are shown by solid circles.
Predictions are calculated at the
median values for the remaining
three variables
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Across all 1000 models, 112 unique combinations of smooth
terms were selected. The most common combination of
smooth terms (selected for 184 of the 1000 models) con-
tained the weekly average net radiation and leaf moisture
(window 3), daily average soil temperature and rainfall
(window 2) and immediate net radiation and leaf moisture
(window 1). Across all 1000 models, the same terms that
appeared in the common model (net radiation, rainfall, leaf
moisture and soil temperature) were selected in over 70% of
all models (Table 3). Longer-term (window 3) variables are
important predictors. Both window 3 variables (net radiation
and leaf moisture) were present in at least 89% of all models.
However, near-term (window 2) and immediate (window 1)
variables are also important. Net radiation (window 1) and
soil temperature (window 2) were present in 95% and 96%
of all models.

The marginal model predictions from this common model
show that daily spore emissions peak at intermediate val-
ues of weekly average net radiation (window 3) and daily
average soil temperature (window 2) and increase linearly
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with weekly average leaf moisture (window 3) and decrease
linearly with immediate net radiation (window 1, Fig. 2).
The relationship with rainfall (window 2) and immediate
leaf moisture (window 1) appears weak. These relation-
ships appear relatively robust. The relative density of model
predictions, averaged over all 1000 models, gives similar
qualitative relationships to the predictions of the commonest
model (Table 4, Figure E1, Appendix E in Supplementary
Material).

The model prediction using the most common model for
the total daily spore counts is compared against the observa-
tions in Fig. 3A. The model is shown to generally capture
the trends in the observations well and most observations
fall within the 95% confidence intervals for the prediction.

Data for 2009 can be used as an independent test of the
fitted models. The median prediction from the 1000 models
of log;(S) for 2009 tends to underpredict (Fig. 4). How-
ever, the predictions do capture the relative changes in spore
counts (R?=58%), suggesting that the commonly selected
variables have some predictive ability for changes in daily
Spore counts.

Including soil moisture as a possible term in the model
reduced the importance of soil temperature, net radiation
(window 1) and leaf moisture (window 1), but the impor-
tance of net radiation (window 3), leaf moisture (window

Table 4 The fitted coefficients and their standard errors for total daily
spore emissions, log;(S). Values are the medians across all 1000 fit-
ted models. Terms in bold are selected in over 70% of all models

Smooth term Coefficient Median estimate Median standard
error
Intercept - 54 0.17
Net radiation  Coefficient 1 14 0.36
(Window 3)  Coefficient2 —2.7x1077 2.8x1074
Net radiation  Coefficient1  2.2x1077 6.7x1074
(Window 1) Coefficient 2 —0.24 0.096
Leaf moisture Coefficient 1 9.3%x10~7 9.2x1074
(Window 3) Coefficient 2 0.28 0.097
Soil temp Coefficient 1 0.83 0.37
(Window 2)  Coefficient2  2.8x1078 1.7x107*
Leaf moisture Coefficient 1 0.55 0.33
(Window 1)  Coefficient2 —1.3x1077 1.7x107*
Rainfall Coefficient 1 —0.36 0.41
(Window 2) Coefficient2 —2.8x1077 21x1074
Rainfall Coefficient 1 3.5%1077 1.4%1073
(Window 1) Coefficient 2 3.3x1077 2.1x107*
Net Radiation  Coefficient 1 3.0x1077 6.3x107*
(Window 2) Coefficient2  9.0x 1077 3.2%x107*
Wind speed Coefficient 1  —2.2x107% 9.5%x107™*
(Window 1) Coefficient2 —7.5%x107° 1.4%x107*
Wind speed Coefficient 1  —9.5x1078 6.1x107*
(Window 2) Coefficient2 —7.1x1078 1.6x107*

3) and to a lesser extent rainfall (window 2) were main-
tained (see Table F3 and Figure F1, Appendix F). Soil
moisture did not emerge as an important variable and was
selected in only 11% of models.

Timing of daily peak emissions

Model term selection gave 143 unique combinations of
smoothed terms from the 1000 models for the timing of
the daily peak in spore emission. The most common model
had five smooth terms (net radiation windows 1, 2 and
3, leaf moisture window 1 and rainfall window 1). This
common model occurred 88 times out of 1000 (Fig. 5),
with the second most common model occurring 67 times.
Across all 1000 models four variables (net radiation for
windows 1, 2 and 3, and rainfall for window 1) were
selected in over 70% of all models (Table 5). Immediate
net radiation (window 1) clearly has the strongest associa-
tion with the timing of peak spore counts. However, near
term and longer-term net radiation (windows 2 and 3) are
also associated with the timing of the peak.

Across all 1000 models, the strongest consistent rela-
tionship is for net radiation across all time-scales, but with
net radiation near the time of peak emission (window 1)
having the strongest effect. Increased immediate net radia-
tion (window 1) is associated with a delay in the timing
of the daily peak in spore emissions (Table 6, Figure E2,
Appendix E in Supplementary Material). The relationship
with rainfall (window 1) is included in over 70% of mod-
els, but the effect size is weak (Fig. 5). Similarly leaf mois-
ture (window 1) is included in the most commonly selected
model but with an effect size that is small compared to the
uncertainty (Table 6, Fig. 5).

The model prediction using the most common model for
the hour of peak emission is compared against the observa-
tions in Fig. 3B. The model is shown (Fig. 3B) to generally
capture the trends in the observations with most observa-
tions falling within the 95% confidence intervals for the
prediction (Fig. 4).

Validation using data from 2009 shows a tendency to
underpredict the timing of the peak spore count (Fig. 6).
However, there is some predictive skill in the rela-
tive changes in the timing of the peak from day to day
(R*=37%, Fig. 6B).

Including soil moisture as a possible term in the model
showed that soil moisture may be associated with the tim-
ing of the daily peak in spore emissions (Table F4, Appen-
dix F). A soil moisture (window 1) term and a net radiation
(window 1) term were selected in all 1000 models. These
models predict that increasing soil moisture and increas-
ing net radiation delay the time of peak spore emissions.
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Random forest approach

We repeated our analysis using a random forest approach and
found that the random forest gives poor overall predictive per-
formance but does select broadly similar variables to the GAM
method (see Appendix G in Supplementary Materials).

Discussion

We have shown that the quantity of H. fraxineus spores
emitted per day and the daily timing of the peak in spores
can be associated with weather conditions both at the time
of spore emission and over the hours and days preceding
the emission of spores.
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Several factors make it likely that our models are miss-
ing key phenological variables, indicating that further
work is required before the models can be used opera-
tionally. The results that support this are (1) the general
under-prediction of total daily spore counts and peak emis-
sion timing when predicting spore emissions in a different
year to that used to fit the model, (2) the near-exponential
seasonal increase and decrease of average total daily spore
counts and (3) the consistent association of total daily
emissions with 5-day average net radiation.

In the “Processing and analysis of fungal spore emis-
sions” section, the increase and decrease of seasonal spore
emissions were found to be nearly exponential, indicating a
population growth that is not limited by resources. The mod-
els assessed by Eikemo et al. (2010) for estimation of sea-
sonal ascospore increase of the ascomycete Venturia pyrina
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Table5 The variables and timescale for the 10 smooth terms in the
GAM model for 7., (Table 1) and the proportion of the 1000 ran-
domisations for which each term was selected in the final model.

Table 6 The fitted coefficients and their standard errors for the tim-
ing of peak daily spore emissions, .. Values are the medians across
all 1000 fitted models. Terms in bold are selected in over 70% of all

Terms selected in more than 70% of models are highlighted in bold

models

Variable Timescale Selection Smooth term  Coefficient Median estimate Median standard
proportion error
Net radiation Window 1 1.00 Net radiation Coefficient 1 1.9 0.75
Rainfall Window 1 0.88 (Window 1) Coefficient 2 2.1 0.19
Net radiation Window 2 0.86 Net radiation Coefficient 1 1.0 1.5x1073
Net radiation Window 3 0.72 (Window 2) Coefficient 2 0.37 0.16
Leaf moisture Window 1 0.60 Rainfall Coefficient 1 1.4x1075 59x%1073
Soil temperature Window 2 0.47 (Window 1) Coefficient 2 0.13 0.11
Net radiation Window 3 0.46 Net radiation Coefficient1 —2.3x107° 0.097
Leaf moisture Window 2 0.44 (Window 3) Coefficient 2 6.8x10~° 7.5%x10~*
Wind speed Window 2 0.34 Leaf moisture  Coefficient 1 33 1.4%1073
Rainfall Window 3 0.16 (Window 2)  Coefficient2 —5.4x107% 1.2x1073
Wind speed Window 1 0.03 Leaf moisture  Coefficient 1  —0.13 0.26
(Window 1) Coefficient2 —3.7x1077 3.7x107*
also have an essentially exponential form. However, there is ~ Wind speed Coefficient 1~ —8.7x 1077 1.6x107
clear day-to-day variation in the observed spore emissions ~ (Window2)  Coefficient2  —1.7x107° 6.4x10™
of H. fraxineus ascospores, which must be accounted for in ~ Rainfall Coefficient 1~ —23x107° 2.0x107?
order to accurately predict spore dispersion and infection =~ (Window 3)  Coefficient 2 6.8x107° 2.9x107*
(e.g. Savage et al. 2010). Soil temp Coefficient 1 —3.3x107° 5.1x1073
It is possible that our 5-day average net radiation is partly ~ (Window 2) ~ Coefficient2  —1.9x10~’ 32x107
acting as a proxy for the main seasonal peak of spore emis- ~ Windspeed  Coefficient 1~ —8.0x 107 1.4x107
sions (and other possibly more fundamental phenological ~ (Window2)  Coefficient2  —1.0x10~ 3.0x107*

factors). Net radiation averaged over 5 days preceding spore
release (i.e. the longer-term timescale) shows a particularly
consistent association with the total daily emissions of H.
fraxineus spores (Fig. 2). This longer-timescale average of
net radiation reveals the generally diminishing solar insola-
tion from late summer to autumn (not shown). Average net
radiation is the primary variable where the relationship with
spore emissions peaks at intermediate values (5-day aver-
age net radiation of 80 to 120 W m~2). This peak reflects
the seasonal trend in spore emissions because 5-day average
net radiation decreases roughly linearly from July through
September (not shown), whilst generally there is a peak in
the spore emissions close to half-way through this observa-
tion window (Fig. 1a). It appears that our 5-day average net
radiation is accounting for some of the near-weekly changes
as well as the seasonal change.

Other important phenological factors might include
weather conditions during the winter and spring pre-
ceding the annual peak in spore emissions. The study of
Hietala et al. (2018) analysed H. fraxineus spore emis-
sions observed near Bergen from 2011 to 2017 and found
a significant correlation between annual maximum spore
levels and cumulative ‘degree days’. In other words, it
appears that the fungus is more able to reproduce dur-
ing generally warmer years. Average net radiation can be
linked to a ‘degree day’ diagnostic, which is essentially

an integral over time of surface temperature, and surface
temperature may be written as a function of surface radia-
tion variables (Oke, 1987). Hietala et al. (2013) found a
rapid increase in the spore emissions (of H. fraxineus) in
mid-July when the cumulative growing degree days had
reached 600. The models assessed by Eikemo et al. (2010),
and the model used by Stensvand et al. (2005) used degree
days to model the smooth mean seasonal changes neglect-
ing shorter timescale natural variations. However, Hietala
et al. (2018) also found an inter-annual exponential growth
in the maximum seasonal spore number between 2012 and
2015. This was attributed to the fungus moving to its new
environment near Bergen and initially having unrestricted
access to resources. Therefore, although it does seem
likely that accounting for weather conditions prior to the
annual emission peak will improve the inter-annual predic-
tive skill of our models, it is also possible that further fac-
tors (e.g. availability of host resources) would be required.

Differences in annual weather conditions across Europe
(i.e. climatic variations) may also be an important factor
in the variation of the onset of the annual peak emission
across Europe. The onset of fruit body formation and hence
sporulation of H. fraxineus differs on the order of several
months across Europe (Hietala et al. 2013, 2018; Kirisits &
Cech 2009; Grosdidier et al. 2018; Chandelier et al. 2014;
Dvorak et al. 2016). The performance of our model over
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Fig.5 The marginal predictions
(black line) and 95% confidence
intervals (grey region) from the
most common model of timing
of peak spore emissions (five
smoothed terms). Residuals 1
are shown by solid circles.
Predictions are calculated at the
median values for the remaining
five variables
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an inter-annual basis and when applied to other European
locations should be the topic of future work, because our
current results are based upon data from only three years
of spore observations, from one location. Furthermore, our
methods could be applied to other airborne fungal patho-
gens with similar dispersal mechanisms to test the model’s
performance.

Despite the drawbacks noted above, our models retain
predictive skill both when predicting emissions in years used
for the model fit, as well as for the independent 2009 dataset.

Our results showed that increased net radiation during
the peak emission period (i.e. window 1) causes a reduction
in the total daily spore emissions, modulating the effects of
longer-term trends in net radiation.

We found that the quantity of H. fraxineus spores emit-
ted per day is affected more by leaf (surface) moisture than
rainfall. We found that spore emissions increase with 5-day
average leaf moisture (see Fig. 2), which corresponds well
with the theory that humid air aids spore maturation and
germination, as discussed by Timmermann et al. (2011) and
Hietala et al. (2013). Moisture is also known to be important
for H. fraxineus’ active emission mechanism (Ingold, 1999).
Interestingly, the seasonal change of longer-term leaf mois-
ture (window 3) generally follows the seasonal change in
daily spore emissions (not shown). We have confirmed the
importance of moisture for the quantity of spore emissions
and isolated the types of moisture and ranges of moisture
values that the fungus is most sensitive to for our dataset.

O o Dl o .

Hour of Peak Emission
o
o
.
0
.
g

100 200 300 50 100 150
Net Radiation (window 2 W m™?)

<
o

Hour of Peak Emission
)
°
—csas
0

@ Springer

Rainfall (window 1, mm h™")

Hour of Peak Emission
f
°
e,
e’
.

N
o

0.7 1.0t 50 75 100 125 150
Net Radiation (window 3 W m?)

~
o

<
.
-

Hour of Peak Emission
5
°
2 oo omeses
.
.
o

N
@

0 20 40 60
Leaf Moisture (window 1, min h™")



International Journal of Biometeorology

Moisture is also key for ascospore production of other asco-
mycetes, such as Venturia inaequalis (Stensvand et al. 2005,
2009).

The strongest effect sizes associated with the timing
of spore release are for net radiation close to the time of
release, with increased net radiation delaying the time of the
peak emission. The observed time of peak spore emissions
varies by several hours, which is likely to cause strong vari-
ation in the atmospheric dispersion and deposition of spores
(e.g. Savage et al. 2010).

It was surprising that both the daily quantity and tim-
ing of spore release were not particularly sensitive to wind
speed or rainfall, since both are well known to strongly affect
aerosols (Di-Giovanni et al. 1995; Aylor 2003). However,
it should be noted that the meteorological observations
were not optimised for correlating weather variables with
spore emissions and the weather observing stations were
at least 400 m away from the spore observation site. In par-
ticular, it is likely that wind conditions varied between the
weather observing stations, located on open ground and in
an orchard, to the conditions within the woodland ash stand.
However, for the variables other than wind speed, we found
good correlation between the two weather stations, despite
their separation of about 1 km. Soil moisture observations
were also limiting, forcing us to remove this variable from
the main analysis. However, there is a suggestion that soil
moisture is potentially an important variable for the timing
of the daily peak in spore emissions. Future work should
consider more bespoke observation campaigns combining
weather and spore observations.

In the study of Hietala et al. (2018) relationships were
analysed (using Spearman rank correlation coefficients)
between spore emissions summed from midnight to noon
and daily averages of temperature, precipitation, relative
humidity and wind speed. With a few exceptions, no sig-
nificant correlations were found. However, it should be
noted that the weather station was located approximately
7 km away from the spore observation site. This may well
indicate that H. fraxineus is most sensitive to its immedi-
ate environment rather than mesoscale meteorology. This
comparison also suggests that it is likely the combination of
different weather factors that influence H. fraxineus spore
emissions rather than any one single variable.

With only approximately 60 data points underlying the
statistical analysis, we have been careful to remove meteoro-
logical variables with a priori reasons not to be associated
with H. fraxineus spore release. We have also limited the
complexity of the statistical model by not including interac-
tion terms and keeping the smoothing relatively strong so
that we only capture broad non-linearity in the associations.
Despite our relatively small dataset, we have still randomly
held out 20% of the data from the years used for the model
fitting (2010 and 2011) as well as keeping the 2009 data as

[es)
>

o

N

Time of peak daily spore count

210 220 230 240 250 260
Day of Year

10+

Predicted time of peak
(o]

2 4 6 8 10
Observed time of peak

Fig.6 A The observed timing (hours since 00:00 h) of peak spore
counts for 2009 (squares) as a function of time and the predictions
(circles). B Observed timing of peak spore counts for 2009 versus
predictions (R*=37%). Dashed diagonal line represents observed
equal to predicted. Bars represent 95% confidence intervals. Predic-
tions and confidence intervals are medians across all 1000 fitted mod-
els

an independent validation dataset. Although this reduces the
information available to the model fitting, it does allow us to
apply three methods for validating the fitted models. Firstly
we can estimate the predictive performance of a fitted model
on the 20% of the data held out from the fitting process,
showing reasonable predictive ability (R*~0.5). Secondly,
we can use predictions for 2009 as a second measure of
predictive performance. This shows an inter-annual predic-
tive ability (R*~0.5) comparable to the intra-annual predic-
tions. Thirdly, by repeatedly fitting our model to different
randomised data, we assess the variability in model selection
and the relative degree to which our models are over- or
under-fitting the data. This can be seen in the negative asso-
ciation between R? from the fitted dataset and R? from the
validation dataset (Figure D1 in Supplementary Material).
Our findings provide a methodology for estimating the
magnitude and timing of spore emissions based on mete-
orological observations. Using a generalised additive model,
framework allows the model flexibility to capture non-linear
relationships but also the ability to control the smoothness
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of a relationship. In this GAM framework, a model for either
response variable will have the general form:

8(u;) = fi (x1;) +fo(xa) +£5(x3) + - + ¢

where g(ui) is some function of the response variable
(simply the response variable itself for the timing of the peak
spore emissions and the logarithm of the daily spore emis-
sions). Note that the above equation neglects any parametric
variables (the binary frost variable in our case) since we did
not find it to be significant. The terms on the right side of
the equation are smooth functions (f) of our covariates (x)
and an error term (&) that is assumed to follow a normal dis-
tribution. The GAM framework also gives the ability to per-
form model selection of terms. For this we used a smoothing
penalty in the null-space (Marra & Wood, 2011), but other
approaches to model selection in GAMs exist (Wood 2017).

Conclusions

Our results indicate that the magnitude and timing of H.
fraxineus spore emissions are strongly affected by the mete-
orological and associated land-surface conditions in the
close vicinity of the pathogen. A novel method combining a
Monte-Carlo approach with GAMs has quantified the uncer-
tainty in the structure of the model and the relative degree
to which our models are over- or under-fitting the data. We
find that the magnitude of spore emissions is associated with
trends in weather variables during the emissions (net radia-
tion) as well as in the preceding day (soil temperature) and
week (net radiation and leaf moisture) prior to the emissions.
Average net radiation and soil temperature are the only vari-
ables where the number of spores peak at intermediate val-
ues. Increases in 5-day average leaf moisture are associated
with increased daily spore emissions, and the immediate net
radiation modulates the effect of the longer-timescale 5-day
average net radiation. Increases in immediate timescale
net radiation were found to delay the hour of peak spore
emission. In line with previous work, we have confirmed
the importance of moisture for the quantity of spore emis-
sions. We found that the seasonal peak in spore emissions
has a near-exponential increase and decrease, and the mean
daily emission peak is approximately Gaussian, allowing
the construction of a simple analytical model for the mean
changes (neglecting model residuals). Our GAM framework
and standard meteorological variables provide a more accu-
rate method for estimating H. fraxineus spore emissions,
accounting for variations about the means and adapting to
changing environmental conditions.

@ Springer

Future work should consider a more be-spoke observation
campaign with observations of fungal spores, meteorology
and surface conditions at the same location. More work is
needed to determine the generality of our results, in par-
ticular, inter-annual model performance, whether or not the
models can be applied in other locations across Europe and
beyond, and whether they are useful for similar fungal patho-
gens. Work is needed to develop a more mechanistic under-
standing of how environmental conditions (atmospheric,
land surface, availability of host resources etc.) affect H.
fraxineus spore emissions.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00484-021-02211-z.

Author contribution Conceptualization: P. Burns & J.M. Yearsley;
Methodology: P. Burns & J.M. Yearsley. Formal analysis and investi-
gation: P. Burns & J.M. Yearsley. Writing — original draft preparation:
P. Burns & J.M. Yearsley. Writing — review and editing: P. Burns, V.
Timmermann & J.M. Yearsley. Resources: V. Timmermann. Funding
acquisition: J.M. Yearsley.

Funding This work was funded by a grant from the Irish Department
of Agriculture, Food and the Marine to Jon Yearsley (grant number
14/C/809), and a grant from the Engineering and Physical Sciences
Research Council (grant number EP/R029628/1).

Data availability The datasets generated during and/or analysed during
the current study are available in the Zenodo repository, [https://doi.
org/10.5281/zenodo.4467823].

Code availability The R code used for the statistical analysis in the
current study is available in the Zenodo repository, [https://doi.org/10.
5281/zenodo.4467787].

Declarations
Conflict of interest The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Aylor DE (2003) Spread of plant disease on a continental scale: role
of aerial dispersal of pathogens. Ecology 84:1989-1997. https://
doi.org/10.1890/01-0619


https://doi.org/10.1007/s00484-021-02211-z
https://doi.org/10.5281/zenodo.4467823
https://doi.org/10.5281/zenodo.4467823
https://doi.org/10.5281/zenodo.4467787
https://doi.org/10.5281/zenodo.4467787
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1890/01-0619
https://doi.org/10.1890/01-0619

International Journal of Biometeorology

Baral H-O, Queloz V, Hosoya T (2014) Hymenoscyphus fraxineus,
the correct scientific name for the fungus causing ash dieback
in Europe. IMA Fungus 5:79-80. https://doi.org/10.5598/imafu
ngus.2014.05.01.09

CABI, 2019. Hymenoscyphus fraxineus ash dieback. https://www.cabi.
org/isc/datasheet/108083 (accessed 6th March 2019).

Campbell Scientific, 2020. Leaf wetness sensor (237-L). https://www.
campbellsci.com/237-1 (accessed 17th November 2020).

Chandelier A, Gerarts F, San Martin G, Herman M, Delahaye L (2016)
Temporal evolution of collar lesions associated with ash dieback
and the occurrence of Armillaria in Belgian forests. Forest Pathol
46(4):289-297

Chandelier A, Helson M, Dvorak M, Gischer F (2014) Detection and
quantification of airborne inoculum of Hymenoscyphus pseudoal-
bidus using real-time PCR assays. Plant Pathol 63:1296-1305

Cleary M, Nguyen D, Marciulyniené D, Berlin A, Vasaitis R, Stenlid J
(2016) Friend or foe? Biological and ecological traits of the Euro-
pean ash dieback pathogen Hymenoscyphus fraxineus in its native
environment. Sci Rep 6:21895. https://doi.org/10.1038/srep21895

Dacre HF, Gray SL, Belcher SE (2007) A case study of boundary layer
ventilation by convection and coastal processes. J] Geophys Res
Atmos 112:D17106. https://doi.org/10.1029/2006JD007984

Dean R, Van Kan JAL, Pretorius ZA, Hammond-Kosack KE, Di
Pietro A, Spanu PD, Rudd JJ, Dickman M, Kahmann R, Ellis
J, Foster GD (2012) The Top 10 fungal pathogens in molecular
plant pathology. Mol Plant Pathol 13:414-430. https://doi.org/10.
1111/j.1364-3703.2011.00783.x

Di-Giovanni F, Kevan PG, Nasr ME (1995) The variability in settling
velocities of some pollen and spores. Grana 34:39—44. https://doi.
org/10.1080/00173139509429031

Drenkhan R, Solheim H, Bogacheva A, Riit T, Adamson K, Drenkhan
T, Maaten T, Hietala AM (2017) Hymenoscyphus fraxineus is a
leaf pathogen of local Fraxinus species in the Russian Far East.
Plant Pathol 66:490-500. https://doi.org/10.1111/ppa.12588

Dvorak M, Rotkova G, Botella L (2016) Detection of Airborne Inocu-
lum of Hymenoscyphus fraxineus and H. albidus during Seasonal
Fluctuations Associated with Absence of Apothecia. Forests
7(1):1-13. https://doi.org/10.3390/£7010001

Eikemo H, Gadoury DM, Spotts RA, Villalta O, Creemers P, Seem
RC, Stensvand A (2010) Evaluation of six models to estimate
ascospore maturation in Venturia pyrina. Plant Dis 95:279-284.
https://doi.org/10.1094/PDIS-02-10-0125

European Commission, 2013. Communication from the commission
to the European parliament, the council, the European economic
and social committee and the committee of the regions: a new EU
forest strategy: for forests and the forest-based sector.

Fones HN, Mardon C, Gurr SJ (2016) A role for the asexual spores in
infection of Fraxinus excelsior by the ash-dieback fungus Hyme-
noscyphus fraxineus. Sci Rep 6:34638. https://doi.org/10.1038/
srep34638

Grosdidier M, Ioos R, Husson C, Cael O, Scordia T, Marcais B (2018)
Tracking the invasion: dispersal of Hymenoscyphus fraxineus
airborne inoculum at different scales. FEMS Microbiol Ecol
94(5):1-11. https://doi.org/10.1093/femsec/fiy049

Gross A, Holdenrieder O, Pautasso M, Queloz V, Sieber TN (2014)
Hymenoscyphus pseudoalbidus, the causal agent of European ash
dieback. Mol Plant Pathol 15:5-21. https://doi.org/10.1111/mpp.
12073

Hietala AM, Bgrja I, Solheim H, Nagy NE, Timmermann V (2018)
Propagule pressure build-up by the invasive Hymenoscyphus frax-
ineus following its introduction to an ash forest inhabited by the
native Hymenoscyphus albidus. Front Plant Sci 9:1087. https://
doi.org/10.3389/fpls.2018.01087

Hietala AM, Timmermann V, Borja I, Solheim H (2013) The inva-
sive ash dieback pathogen Hymenoscyphus pseudoalbidus exerts
maximal infection pressure prior to the onset of host leaf senes-
cence. Fungal Ecol 6:302-308. https://doi.org/10.1016/j.funeco.
2013.03.008

Husson C, Caél O, Grandjean JP, Nageleisen LM, Marcais B (2012)
Occurrence of Hymenoscyphus pseudoalbidus on infected ash
logs. Plant Pathol 61:889-895. https://doi.org/10.1111/j.1365-
3059.2011.02578.x

Ingold CT (1999) Active liberation of reproductive units in terrestrial
fungi. Mycologist 13:113-116. https://doi.org/10.1016/S0269-
915X(99)80040-8

Kirisits T, Cech T (2009) Beobachtungen zum sexuellen Stadium des
Eschentriebsterben-Erregers Chalara fraxinea in Osterreich.
Forstschutz Aktuell 48:21-25

Lal R, Shukla KM (2004) Principles of soil physics. Marcel Dekker,
New York

Liaw A, Wiener M (2002) Classification and regression by randomfor-
est. R News 2(3):18-22

Marra G, Wood SN (2011) Practical variable selection for generalized
additive models. Comput Stat Data Anal 55:2372-2387. https://
doi.org/10.1016/J.CSDA.2011.02.004

Nemesio-Gorriz M, McGuinness B, Grant J, Dowd L, Douglas GC
(2019) Lenticel infection in Fraxinus excelsior shoots in the con-
text of ash dieback. iForest 12:160-165. https://doi.org/10.3832/
ifor2897-012

NIBIO, 2019. Norwegian Institute of Bioeconomy Research. http://Imt.
bioforsk.no (accessed 6th March 2019).

Oke JR (1987) Boundary-Layer Climates, 2nd edn. Routledge, London

Pan F, Peters-Lidard CD, Sale MJ (2003) An analytical method for
predicting surface soil moisture from rainfall observations. Water
Resour Res 39:1-12. https://doi.org/10.1029/2003WR002142

R Core Team (2018) R: A language and environment for statistical
computing. R Foundation for Statistical Publishing, Vienna

Sansford CE (2013) Pest Risk Analysis for Hymenoscyphus pseudoal-
bidus (anamorph Chalara fraxinea) for the UK and the Republic
of Ireland. Forestry Commission, Bristol

Savage D, Barbetti MJ, MacLeod WJ, Salam MU, Renton M (2010)
Timing of propagule release significantly alters the deposition
area of resulting aerial dispersal. Divers Distrib 16:288-299.
https://doi.org/10.1111/§.1472-4642.2009.00634.x

Solheim H, Hietala AM (2017) Spread of ash dieback in Norway. Balt
for 23:144-149

Stensvand A, Eikemo H, Gadoury DM, Seem RC (2005) Use of a rain-
fall frequency threshold to adjust a degree-day model of ascospore
maturity of Venturia inaequalis. Plant Dis 89:198-202. https://doi.
org/10.1094/PD-89-0198

Stensvand A, Eikemo H, Seem RC, Gadoury DM (2009) Ascospore
release by Venturia inaequalis during periods of extended day-
light and low temperature at Nordic latitudes. Eur J Plant Pathol
125:173-178. https://doi.org/10.1007/s10658-009-9459-6

Stern H, Davidson NE (2015) Trends in the skill of weather prediction
at lead times of 1-14 days. Q J R Meteorol Soc 141:2726-2736.
https://doi.org/10.1002/qj.2559

Timmermann, V., Andreassen, K., Brurberg, M.B., Bgrja, 1., Clarke,
N., Flg, D., Jepsen, J.U., Kvamme, T., Nordbakken, J.-F., Nygaard,
P.H., Pettersson, M., Solberg, S., Solheim, H., Talgg, V., Vind-
stad, O.P.L., Wollebak, G., @kland, B., Aas, W., 2019. Skogens
helsetilstand i Norge. Resultater fra skogskadeovervakingen i
2018. [The state of health of Norwegian forests. Results from
the national forest damage monitoring 2018.] NIBIO Rapport
5(98): 81 pp (in Norwegian). ISBN 978-82-17-02387-6, ISSN
2464-1162

@ Springer


https://doi.org/10.5598/imafungus.2014.05.01.09
https://doi.org/10.5598/imafungus.2014.05.01.09
https://www.cabi.org/isc/datasheet/108083
https://www.cabi.org/isc/datasheet/108083
https://www.campbellsci.com/237-l
https://www.campbellsci.com/237-l
https://doi.org/10.1038/srep21895
https://doi.org/10.1029/2006JD007984
https://doi.org/10.1111/j.1364-3703.2011.00783.x
https://doi.org/10.1111/j.1364-3703.2011.00783.x
https://doi.org/10.1080/00173139509429031
https://doi.org/10.1080/00173139509429031
https://doi.org/10.1111/ppa.12588
https://doi.org/10.3390/f7010001
https://doi.org/10.1094/PDIS-02-10-0125
https://doi.org/10.1038/srep34638
https://doi.org/10.1038/srep34638
https://doi.org/10.1093/femsec/fiy049
https://doi.org/10.1111/mpp.12073
https://doi.org/10.1111/mpp.12073
https://doi.org/10.3389/fpls.2018.01087
https://doi.org/10.3389/fpls.2018.01087
https://doi.org/10.1016/j.funeco.2013.03.008
https://doi.org/10.1016/j.funeco.2013.03.008
https://doi.org/10.1111/j.1365-3059.2011.02578.x
https://doi.org/10.1111/j.1365-3059.2011.02578.x
https://doi.org/10.1016/S0269-915X(99)80040-8
https://doi.org/10.1016/S0269-915X(99)80040-8
https://doi.org/10.1016/J.CSDA.2011.02.004
https://doi.org/10.1016/J.CSDA.2011.02.004
https://doi.org/10.3832/ifor2897-012
https://doi.org/10.3832/ifor2897-012
http://lmt.bioforsk.no
http://lmt.bioforsk.no
https://doi.org/10.1029/2003WR002142
https://doi.org/10.1111/j.1472-4642.2009.00634.x
https://doi.org/10.1094/PD-89-0198
https://doi.org/10.1094/PD-89-0198
https://doi.org/10.1007/s10658-009-9459-6
https://doi.org/10.1002/qj.2559

International Journal of Biometeorology

Timmermann V, Bgrja I, Hietala AM, Kirisits T, Solheim H (2011)
Ash dieback: pathogen spread and diurnal patterns of ascospore
dispersal, with special emphasis on Norway. EPPO Bull 41:14-20.
https://doi.org/10.1111/j.1365-2338.2010.02429.x

West JS, Atkins SD, Emberlin J, Fitt BDL (2008) PCR to predict risk
of airborne disease. Trends Microbiol 16:380-387. https://doi.org/
10.1016/J.TIM.2008.05.004

@ Springer

Wood SN (2017) Generalised additive models: an introduction with R,
2nd edn. CRC Press, London

Wood SN (2011) Fast stable restricted maximum likelihood and mar-
ginal likelihood estimation of semiparametric generalized linear
models. J R Stat Soc Ser B 73:3-36. https://doi.org/10.1111/j.
1467-9868.2010.00749.x


https://doi.org/10.1111/j.1365-2338.2010.02429.x
https://doi.org/10.1016/J.TIM.2008.05.004
https://doi.org/10.1016/J.TIM.2008.05.004
https://doi.org/10.1111/j.1467-9868.2010.00749.x
https://doi.org/10.1111/j.1467-9868.2010.00749.x

	Meteorological factors associated with the timing and abundance of Hymenoscyphus fraxineus spore release
	Abstract
	Introduction
	Materials and methods
	Processing and analysis of fungal spore emissions
	Meteorological data
	Statistical analysis

	Results
	Model fit and predictive performance
	Total daily emission of spores
	Timing of daily peak emissions
	Random forest approach


	Discussion
	Conclusions
	References


