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Abstract
Recent years the oak processionary caterpillar has become a plague in Western Europe. Different
studies have tried to model the spread and occurrence of tree invasive species such as the oak
processionary caterpillar. Since there is not much known about the oak processionary caterpillar, it is
useful to gain more insights in this caterpillar.
The objective of this research was to analyse the spatio-temporal patterns of the oak processionary
caterpillar in Amsterdam and to assess possible determinants which can possibly affect the spread and
occurrence of the caterpillar to develop a predictive model. Firstly, literature research and expert
interviews have been conducted to gather the current knowledge about the oak processionary
caterpillar. This showed that mainly climate and the structure of the tree influences the spread and
occurrence of tree invasive species. In total, 16 spatio-temporal variables which can influence the
caterpillar have been found. Secondly, yearly maps and animations of the oak processionary caterpillar
occurrences, hotspots and pheromone catches have been created. These maps and animations show
that the caterpillar arises in the south-east of Amsterdam in 2009, with hotspots near main roads. The
following years the caterpillars spreads to the west of Amsterdam and the city centre starts to get
infected as well. The hotspots move towards the residential areas. Thirdly, binary and continuous
variables have been assessed using the Phi-coefficient and the T-test to see whether the variable is an
actual determinant for the presence of the oak processionary caterpillar. This showed that the
variables tree height, solar radiation, distance to previously infected trees, urban heat island effect,
pest control, barren area, roadside, overgrown area and tree undergrowth are determinants for the
presence of the caterpillar. Lastly, a logistic regression model has been trained using two-thirds of the
yearly data containing the presence of the caterpillar and the predetermined determinants. This
resulted in a working model with an average model accuracy of 0.674 and an average area under the
curve value of 0.735. Thereafter, the model was used to predict the presence of the caterpillar for the
year 2019, which predicted 3761 nests for the year 2019, compared to 3930 actual nests. The
prediction of OPC was more clustered than the actual OPC presence. Lastly, the model has been tested
for the municipality of Amersfoort, using the model which was trained for Amsterdam. This resulted
in a poor model with an accuracy value of 0.744 and an area under the curve value of 0.462.
This research has shown how the caterpillar spreads in Amsterdam, discovered the determinants for
the presence of the caterpillar and that the presence prediction using logistic regression is not that
accurate yet. Based on these results, it is recommended for municipalities to use the defined
determinants to indicate potential high risk areas for the caterpillar. Besides, for further research it is
recommended to use better quality data and to include more potential determinants.
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1. Context and background
Due to urbanisation all over the world, approximately 80% of the people in 2030 will live in urban areas
(The United Nations Population Fund, 2007). With this trend, the need for greening the cities is greater
than ever. This is because vegetation in cities increases the liveability in urban areas (de Roo, 2011).
Not only the liveability of cities increases but also the number of insects in cities will increase due to
the increase of vegetation (Mata et al., 2017). This is of great value for biodiversity, but also has its
disadvantages for people because insects can be a nuisance. Recent years the oak processionary moth
and its larvae are one of these insects which have become a plague in Western Europe (Rahlenbeck &
Utikal, 2015).
The oak processionary moth (Thaumetopoea processionea) is an insect of which its larvae, the oak
processionary caterpillar (OPC) feeds almost exclusively on oak leaves. OPC live in nests and move
during the night in large processions to the top of the oak trees to feed. One single oak tree can contain
up to 100.000 caterpillars and these nests can devour a whole oak (Ebert, 1997 as cited in Groenen &
Meurisse, 2012). The OPC does not only damage the oak trees, but it can also be harmful to humans
and animals. The poisonous hairs (setae) of the caterpillar contain the toxin thaumetopoein which can
have harmful effects when it gets in contact with the skin or eyes (Gottschling & Meyer, 2006).
The OPC origins from Southern Europe and was very uncommon in Western Europe until the twentieth
century. In the last centuries, the insect spread further northwards to the north of France, Germany,
the Netherlands, and the United Kingdom and their numbers increased rapidly (Van Oudenhoven et
al., 2008). The northern spread is mainly due to the effect of climate change since there is a decrease
in frost periods at the end of the spring (Rahlenbeck & Utikal, 2015). Aside from climate change being
an important cause of the spread, city planning is also an important driver. Since planting trees is an
important part of the transition towards green cities, the OPC gets more and more potential habitat in
the city. Especially when there is not much diversity in the planting of tree species, a monoculture of
oak trees could arise in parts of the city, with a rapid spread of the OPC as consequence (Tomlinson et
al., 2015).

8

2. Problem definition
In parts of the Netherlands with many oaks, the numbers of the OPC in 2019 have tripled in comparison
with the year 2018. These numbers are expected to keep rising in the upcoming years due to an
increasing milder climate (A. van Oudenhoven, 2008). Also in the region of Amsterdam, the capital of
the Netherlands, one-third of the oak trees appeared to be infected by the OPC (van Vliet et al., 2019).
To counteract against the nationwide spread of the OPC, the Dutch Food and Drug Administration
(Nederlandse Voedsel- en Warenautoriteit) of the Ministry of Economic Affairs has set-up a guideline
for authorities, the Leidraad beheersing eikenprocessierups (Kenniscentrum Eikenprocessierups,
2019). This guideline mainly contains information about the health risks, risk assessment, monitoring
and controlling of the OPC. The guideline advises to use pheromone traps to monitor the presence and
the spread of the OPC. Pheromone traps capture the male oak processionary moth and makes it
possible to detect whether the moths are originating from nests nearby (‘fresh moths’) or far away by
the condition of the moth (J. J. Fransen, 2013; Kenniscentrum Eikenprocessierups, 2019). This method
of monitoring has contributed to monitoring and preventing the spread of the moth in the area (van
Vliet et al., 2019). In addition to the guideline, the municipality of Amsterdam combines observation
obtained using citizen science with its own inspection to determine the location of possible OPC nests.
The citizen observations of OPC nests are assessed by the inspection of the municipality and based on
the observations pheromone traps are being placed (Buijs & Batenburg, 2018).
Cowley et al. (2015) try to predict future distribution of the OPC. In their paper, electric network theory
is used to model the spread of the OPC in urban trees, to identify how deciduous trees in cities
contributes to the spread of pests. The electric network theory (circuit theory) shows the voltage
through a chain of resistors which all have different resistance(Stolarksy et al., 1987). The patches of
deciduous trees act as the resistors and the resistance is determined by different factors such as
distance between patches. Using this method, possible ways the OPC will spread are shown. Cowley
et al. (2015) compared the results of the model with the actual spread between 2006 and 2012 in the
city of London. The results of the model fitted the actual spread well, but the limited knowledge on
the movement behaviour of the OPC is a limitation to the result (Cowley et al., 2015).
Anderson and Dragicevic (2016) describe a different approach in modelling pests (emerald ash borer).
A combination of GIS, multi-criteria evaluation (MCE) and cellular automata (CA) was used to model
the possible spread of the pest. This combination is used since traditional statistical approaches cannot
model the spatio-temporal characteristics of pests properly. With this method, different criteria are
created within GIS, which forms the input for the MCE. The result of the MCE is subsequently the input
for the CA transitions rules.
Meurisse et al. (2019) used a different strategy to model the future distribution of the oak
processionary moth (OPM). They looked at current and future climate conditions to predict the
potential distribution of the OPM. Using records of the OPM from the whole of Europe with bioclimatic
models showed potential places in Europe where the OPM could spread to in the future (Meurisse et
al., 2019).
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The different studies above show different methods to model tree-invasive species such as the OPC.
These models are based on a limited amount of criteria, such as climate and deciduous trees (Cowley
et al., 2015; Meurisse et al., 2019). The reason why the criteria are limited, is because there is not much
known about the OPC. To tackle this growing pest, especially for a densely populated area as
Amsterdam, it is necessary to get to know what factors influence the OPC and what not.
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3. Objective and research questions
This thesis focuses on analysing the spatio-temporal patterns of the oak processionary caterpillar in
the municipality of Amsterdam and addresses the underlying determinants which may cause the
occurrence of this caterpillar in an area. These determinants will be taken into account to explain and
predict the spread of the oak processionary caterpillar.
To achieve this goal the following research questions are formulated:
1. What were findings of previous (space-time pattern) studies on tree invasive species?
2. How is the oak processionary caterpillar distributed in time and space and are clusters visible
for the municipality of Amsterdam?
3. What spatio-temporal variables are potential determinants for the spread and occurrence of
the oak processionary caterpillar?
4. Can the spread of oak processionary caterpillar be explained and predicted based on the
potential determinants?
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4. Data and materials
4.1 Study area
The study area for this research is mainly the municipality of Amsterdam but extends to the south. This
is because there have also been measurements in the Amsterdamse Bos. The municipality keeps a
record of the OPC since the year 2009. In this report, the study area will be referred to Amsterdam.
However, for research question 3 and 4, a smaller study area will be used (green outline). This study
area has the extent of the measured trees in Amsterdam.

Figure 1 The study area of the thesis

4.2 Data
For this thesis, multiple datasets have been used. Per dataset, the source of data, important contents
and the use is described below. The actual use of the datasets is described in the methodology
chapters. A table with a summary of the data and its contents can be found in appendix A.2.
Oak processionary caterpillar
The dataset of the oak processionary caterpillar is the most important dataset for this thesis. This
dataset is used for the visualizations in RQ2, the variable assessment in RQ3 and for modelling the OPC
presence in RQ4.
The dataset is originating from the GGD Amsterdam. The data is also available through the website
https://data.amsterdam.nl/, the data website of the municipality of Amsterdam. The dataset contains
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data of the OPC from the years 2009 till 2018, with a gap year in 2013. The most important contents
of the data are the coordinates, year of collection and pest pressure.
The data has been collected as follows. First, a resident can call in a sighting of an OPC nest. This
sighting will be inspected by the tree maintainer of the city. The tree maintainer will determine the
urgency of the nest and will notify the inspection by registering the nest in the system. Hereby the
maintainer manually locates the nest on a map (Gemeente Amsterdam, 2019). Next, the nest will be
removed, and the status of the nest will be updated in the system. At last, the sightings of the OPC and
the pheromone trap data will be analysed and used for the control plan for the upcoming year,
including the locations of preventive spraying of pesticides (Buijs & Batenburg, 2018).

Figure 2 Workflow OPC control and the data collection (Buijs & Batenburg, 2018)

Oak processionary moth
The dataset of the oak processionary moth is a dataset which contains data about moth catches at
certain locations in Amsterdam from the years 2012 till 2018, with a gap for the year 2013. These
moths are caught using pheromone traps. These are traps which lure male moths into the trap using
pheromone. The dataset is also acquired from the GGD Amsterdam. Most important contents of the
dataset are the coordinates, total amount of caught moths and the year. This dataset will be used for
the visualizations and visual assessment in RQ2.
Oak trees
Next is the dataset of all the oak trees in the municipality of Amsterdam. The data is acquired through
the data portal of the municipality https://data.amsterdam.nl/. The dataset originates from the year
2019 and contains more than 13.000 oak trees within the study area. Most important contents of the
dataset are the coordinates, the type of tree, height of the tree and the year of planting. Firstly, this
dataset is used for the hotspot analysis in RQ2 where the OPC is counted within oak tree clusters. Next,
the data is used for RQ3 where different variables are acquired from the dataset. Lastly, the data will
be used for modelling the OPC presence in RQ4.
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Urban heat island effect
The dataset of the urban heat island (UHI) effect is a dataset created in 2017 for the Atlas of Natural
Capital. It gives spatial information about the temperature differences within (urban) areas caused by
the urban heat island effect; the phenomena where the temperature is higher or lower in certain areas
due to its environment. This dataset has been created by using different kind of datasets containing
geographical, environmental and socio-economic information (Remme, 2017). The dataset is a raster
containing spatial information about the temperature differences. It is used as a variable for the
correlation assessment in RQ3 and as an independent variable in RQ4.
Natural predators
This dataset is originating from the National Database Flora and Fauna (NDFF) from the Netherlands.
It contains data from 2009 till 2018 about the locations of the natural predators of the OPC (see chapter
5.1). The data of the NDFF is crowdsourced, this means that everyone can collect it. This does not mean
the data is of poor quality since the NDFF validates the data to prevent possible flaws. However, the
location of the observation is not that precise. This is because the data gets entered through phone or
computer, hereby the exact location is difficult to define. The data of the NDFF does have some user
restrictions. The exact locations of the natural predators of the OPC are anonymised for this thesis due
to these restrictions. The dataset of the natural predators will be used as a variable in RQ3.
Digital surface model
The digital surface model (DSM) is acquired from the second version of the General Height Model of
the Netherlands (AHN2) and originates from 2008. The DSM contains height information of the surface
of the earth, where trees and buildings are included in the measurements. The measurements have
an accuracy of approximately 10 measurements per square meter. The dataset is used to calculate the
solar radiation which will be the input for the variable assessment in RQ3 and the modelling the OPC
presence in RQ4.
Basis Registratie Grootschalige Topografie
The Basis Registratie Grootschalige Topografie (BGT) is the base registration large scale topography of
the Netherlands. This dataset is used for the variable assessment in RQ3 where the structure of the
environment and the type of roadside is derived from the BGT.
Preventive spraying of pesticides
The dataset of preventive spraying of pesticides is a dataset about locations within the study area
where there has been preventive spraying of pesticides on oak trees. The dataset is from the year 2016
and originates from the GGD Amsterdam. This dataset will also be used for the variable assessment in
RQ3 and the modelling the OPC presence in RQ4.
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4.3 Materials
For this thesis different kind of materials have been used for different purposes. These materials are
stated below with their purpose:
•

•

•

R and R studio
The programming language R is used for the pre-processing and the analysis in RQ3 and RQ4.
R scripts are reproducible and the language has various useful packages for geostatistical
computations. The software R studio has been used as an integrated development
environment for this study.
ArcGIS Pro
The software ArcGIS Pro is used for visualizations of maps and for calculating the solar
radiation in RQ2 and RQ3.
Microsoft Word
The software Microsoft Word is used for reporting.
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5. Methods
5.1 Processing OPC and moth data
In this part the general pre-processing steps for the datasets of the OPC and the oak processionary
moth (OPM) are described. These datasets required the most pre-processing and are used in answering
almost all the research questions. The processing steps of the other datasets are described in the
methodology chapters in which they will be used.
The OPC and OPM data was supplied in CSV format with different contents per year and was loaded
into R as tables. Therefore, the following pre-processing steps were necessary. First of all, the data
needed to be standardised to make sure all the column names and datatypes were the same. Next,
typing errors in the data have been corrected and spatial outliers were removed from the dataset.
Lastly, an extra column with the year of the dataset was added and the spatial data was projected to
WGS 84.
After the pre-processing, the yearly OPC data was combined with the oak trees dataset. Since the OPC
mainly has the oak tree as its host tree, the yearly OPC data has been snapped to the closest oak tree
within 25 meters. Whenever there was no oak within the threshold, the OPC occurrence was discarded
due to the uncertainty of its location . The threshold has been set to 25 meters since the OPC data is
entered manually (see chapter 4.2) and is therefore not always accurate. The specific distance of 25
meters ensures the accuracy of the data and prevents discarding too many OPC occurrences. After the
snapping, the yearly OPC data has been intersected with the oak tree dataset. This created yearly oak
tree datasets containing information whether the OPC is present at an oak or not in each year. These
yearly datasets will act as the main datasets and will be used during the analysis.
5.2 Tree invasive species research
What were findings of previous (space-time pattern) studies on tree invasive species?
To answer this question, literature research and expert interviews have been done. For performing the
literature study, the following approach has been used. Firstly, scientific web search engines and the
library of Wageningen University of Research has been used to search for studies related to tree
invasive species such as the OPC. This search term has not been focussed on the OPC only since the
OPC has been a recent problem and therefore, not many studies have been performed on the specific
species yet. Next, the general information per useful study has been summarized in a table (see
appendix A.3). This includes the name of the study, author names, the publication date of the study,
the study area, used data, methodology, the findings and possible spatio-temporal variables.
Thereafter, the findings of the different studies have been grouped in various categories and are being
described.
For the expert interviews, a different approach has been used. Hereby contact information from
experts in the domain of ecology with an interest in tree invasive species has been looked up. These
experts have been found through literature research and the knowledge centre processionary
caterpillar (Kennisplatform Processierups). This resulted in five experts who were interviewed. The
interviews with the experts were held in a structured manner through an online questionnaire using
mainly open questions (see Table 1).
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Table 1 Questions expert interviews

Questions expert interview
1.
2.
3.
4.

What is your name?
At which organisation are you working at this moment?
What is your specialisation?
Did you ever perform research on the oak processionary caterpillar or other tree invasive
species? If so, what were the results?
5. What kind of factors would influence the spread and occurrence of the oak processionary
caterpillar or other tree invasive species in time and space? And why would this be?
6. Do you possibly have any other relevant literature concerning the oak processionary caterpillar
or other tree invasive species and their spreading behaviour or other relevant additions?

Lastly, all spatio-temporal variables which have been used or mentioned in literature or during the
interviews have been put in an overview table describing their dimensions and their usability for RQ3.
5.3 Oak processionary caterpillar in time and space
How is the oak processionary caterpillar distributed in time and space and are clusters visible for
the municipality of Amsterdam?
To answer this question, visual assessment and a hotspot analysis have been carried out. To carry out
this visual assessment, maps and animations have been made using the pre-processed OPC and OPM
data and the data of the oak trees as mentioned in chapter 4.2. In the next sections, the creation of
the maps and animations and the visual assessment are explained.
5.3.1

Processing and hotspot analysis

First, yearly maps of the OPC were created using the pest pressure column as symbology. These maps
show the occurrence of the OPC per year and tell whether the pest pressure is low, medium or high.
Next, the yearly maps of the OPM were created using the count of moths per pheromone traps as
symbol size.
To determine possible hotspots of the OPC per year, the Getis-Ord Gi* hotspot analysis has been used.
With this analysis, each area with OPC occurrence gets an indication of whether there is occurrence
intensity. Hereby, the feature needs to be a statistically significant hot spot and therefore, the feature
needs to be surrounded with features with also high values (J. Keith Ord & Getis, 1992; J.K. Ord & Getis,
2010). Since the OPC data is occurrence data, without containing a high/low value, the point data has
been clustered into areas to create count data. To create these areas, the oak trees dataset has been
used. All the oak trees in distance of 30 meters of each other, were seen as a group of trees and extent
of these groups were used to calculate the count of OPC. The distance of 30 meters is based on possible
overlap of the tree canopies. Based on these areas and their OPC count, yearly hotspot maps have
been created.
Lastly, the animations were created. These animations were created using the maps above with the R
package “Animation”.
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5.3.2

Visual assessment

After the creation of the maps and animations, the products are visually assessed. Hereby the following
steps have been followed. First, the amounts of occurrences of the OPC and OPM through the years
were examined to assess the increase or decrease per year. Subsequently, the animations were
examined to spot obvious changes over the years. Next, the maps were examined year by year to spot
strange occurrences and to determine what is located on the places where the OPC occurs the most.
The hotspot maps gave a clear indication of where the OPC population is dense in an area and how
these shifts through the years.
5.4 Independent variable assessment
What spatio-temporal variables are potential determinants for the spread and occurrence of the
oak processionary caterpillar?
The variables which have been found during the interviews and literature study will be assessed on
whether they are positively or negatively correlated/related to the presence of the OPC. These
variables contain continuous data or binary (present/not present) data and need to be processed
before they can be assessed. Therefore, they need to be assessed in different ways. The different
processing steps and methods are described below.
5.4.1

Assessed variables

For the variable assessment, multiple variables which could influence the occurrence of the OPC have
been found during the literature study and the expert interviews in chapter 5. For these variables data
has been collected to assess whether there is a relation with the OPC presence. The variables are listed
in the table below with the description whether the data is continuous or binary and whether the data
will be analysed in space and time, or only in space. This has consequences for the final correlation
assessment method.
Table 2 The variables with their dimensions and datatypes

Variable
Urban heat island (UHI) index
Birds (natural predators)
Age tree
Height tree
Solar radiation
Type of landscape/roadside
Pest control
Undergrowth tree
Distance previous infected trees

5.4.2

Spatial/spatio-temporal
Spatial
Spatio-temporal
Spatial
Spatial
Spatial
Spatial
Spatial
Spatial
Spatio-temporal

Datatype
Continuous
Binary
Continuous
Categorical
Continuous
Binary
Binary
Binary
Continuous

Variable processing

Before correlation between the variables and the OPC presence could be assessed, most data needed
to be processed and added to the dataset containing all the oak trees of the study area and the OPC
presence per year (main dataset). Each processing step will be shortly explained per variable below.

18

UHI
The continuous raster data of the UHI has been overlaid with the point data of the oak tree and the
UHI has been joined to the main dataset. Hereby, all the oaks in the main dataset received a UHI value.
Birds
The spatio-temporal data from the NDFF containing data of the birds needed more processing before
it could be added to the main dataset. First, the data has been filtered by date. For each year the birds
data has been filtered to the months April till September, since the OPC is active and visible in those
months (Meurisse et al., 2019). Next, since the data is crowed-sourced and therefore not always that
accurate and birds are very mobile, a buffer of 30 meters around each observation has been created.
Lastly, the yearly buffers of the birds data have been intersected with the corresponding yearly main
dataset. Whenever there was an intersection between the oaks in the main dataset and the buffer of
the birds, the column natural predators in the main dataset got the value 1. If there was no intersection
with the oak, the value 0 was assigned.
Age of the tree
The age of the tree is simply added to the main dataset. This is because the main dataset already
contains data about the plantation year of the tree. Therefore, the age of the tree has been calculated
by subtracting the value of the plantation year from 2020.
Height of the tree
The height of the tree was also already included in the main dataset. However, the data was in string
format and consisted of estimation values like ’15-18 meters’. These values have been converted to
the ordinal datatype where only the first number of the string was used.
Solar radiation
To add the variable solar radiation to the dataset the following has been done. First, the DSM of
Amsterdam was split into smaller rasters to handle the file size. Subsequently, the area solar radiation
was calculated per raster. The average solar radiation was calculated from the 11th of June till the 10th
of September, which is the broadly taken fly-out period of the OPM. The Z-value of the solar radiation
was calculated for a height of 8 meters, which is in Amsterdam the average DSM height of a tree. Next,
all the solar radiation rasters have been mosaiced and the maximum solar radiation value has been
extracted within a radius of 7 meter of each oak. This was done to extract the solar radiation of the
top of the tree, where 7 meters is the approximate tree canopy size. These maximum solar radiation
values have been added to each oak tree in the main datasets as continuous data.
Type of landscape/roadside
To define the landscape/roadside variable for the main dataset, the BGT dataset has been used. To do
this, the data of the BGT has been divided into three categories: overgrown terrain, roadside and
barren terrain. Overgrown terrain and roadside have directly been selected from the BGT dataset and
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barren terrain is a merge from the BGT-barren terrain and BGT-road section. The three categories have
been added to each yearly main dataset as binary variables.
Pest control/preventive spraying of pesticides
To add the variable of pest control, the polygon data of the GGD from the year 2016 has been
intersected with the main dataset of 2016. This results in a binary variable containing information
whether an oak has been preventively sprayed for the specific year of 2016.
Tree undergrowth
The tree undergrowth variable was originally already in the main datasets named tree type. The
variable tree type contained many different tree types and was in a string format. Hereby the tree type
“undergrowth” was selected and converted into a binary variable.
Distance previously infected trees
To add the distance of previously infected trees, the variable of OPC presence was used. Per year the
distance from each oak to an infected tree in the year before was calculated using the euclidian
distance. This distance was added as continuous variable in meter to the main dataset.
5.4.3

Assessing correlation binary variables

To assess the correlation between the binary variables and the presence of the OPC, the following
methodology has been used. First, contingency tables have been created per year. Hereby the
presence of OPC is on the X-axis and the presence of the independent variable is placed on the Y-axis.
The tables result in visual insights in the data and enables the calculation of the Pearson's chi-squared
test statistic and its P-value (Agresti, 2007). The chi-squared test calculates the statistical significance
between the variable and the OPC presence and is calculated with the following formula:

Figure 3 Formula Chi-Squared test

Hereby X2 is the chi-squared result, O means the observed values and E the expected values. The
expected values are the values which would be in the contingency table when the variables would be
completely independent from each other. The expected values are calculated using the following
formula: row total*column total/grid total.
The chi-squared result is thereafter used to calculate the phi-coefficient. This coefficient indicates the
relation of the two variables. The formula is:

Figure 4 Formula Phi-Coefficient
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Hereby Φ is the phi-coefficient, X2 the chi-squared result and N the total number of observations. Since
the result of the phi-coefficient not always ranges from -1 to 1 like the Pearson correlation, the results
are adjusted using the maximum phi-coefficient possible for each specific case. This ultimately results
into values ranging from -1 to 1, where 1 is ultimate positive relationship and -1 ultimate negative
relationship (Guilford, 1941).
Whenever the mean correlation of a variable is more than 0.20 (weak positive), or less than -0.20 (weak
negative), the variable will be assigned as determinant of OPC presence and will therefore be included
into the logistic regression model.
5.4.4

Assessing relation continuous variables

To assess the correlation between the continuous variables found in literature research and the
presence of the OPC, the following methodology has been used. First, two boxplots have been created
per variable, per year. One boxplot representing OPC absence and one boxplot representing OPC
presence on the X-axis. The Y-axis represents the continuous variable. The boxplots show visual
differences between the values of the variable when the OPC is present or not. Besides, it also contains
statistics such as the mean and median of each boxplot. These boxplots give visual insights in whether
the variable is related to the OPC presence or not, but do not tell if the variable is related. Therefore,
a T-test has been performed per variable and per year. The two inputs for the T-test are subsets of the
continuous variable, where in the first subset, the OPC presence is 0 and in the second subset the OPC
presence is 1. This T-test will tell whether there is a significant difference in the values of the
continuous variable when the OPC is present or not. It will do this by producing a T-value and give the
degrees of freedom. With these two values, the P-value can be calculated, and this value will tell
whether there is a significant difference between the two datasets. Hereby a P-value of less or equal
to 0.05 is apprehended for significance. There has not been chosen for a higher threshold since this
could possibly exclude important variables due their data quality. Whenever a variable is significant,
we can say that the presence of OPC is affected by the continuous variable, and therefore should be
included in the logistic regression model (Lansley & Cheshire, 2016).
The formula for the T-test is:

Figure 5 Formula T-test

Where x1 and x2 are the means of the subsets and s2 is the estimator of the subsets.
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5.5 Independent variable modelling
Can the spread of oak processionary caterpillar be explained and predicted based on the potential
determinants?
The independent variables which have been assessed in the former research question and do have a
significant positive or negative influence on the presence of OPC, will be used to model future
spreading. To model this, binomial logistic regression has been used. This is a method which can predict
the binary dependent variable based on different continuous, binary or categorical independent
variables using a logistic function (Lee, 2007).
5.5.1

Model accuracy

To apply the model, the following steps have been taken. First, the yearly data containing all variables
including the OPC presence have been split into train (67%) and test (33%) data, where the rows
containing NA values are not included in the data. To prevent class biasness, the dependent variable
(OPC presence) needs to contain the same ratio of presence (1) and non presence (0). This has been
applied to both the train and test datasets. Next, the model has been created using the yearly training
datasets and the previously assessed and related independent variables. These variables are barren
area, overgrown area, tree undergrowth, pest control, distance previously infected trees, solar
radiation, UHI and tree height. Thereafter, the fit of the model has been assessed and the significance
of each variable for that particular year has been checked. Some variables are not significant for that
particular year and are excluded from the formula. These variables have been excluded one by one
and the model with the lowest AIC value (Akaike information criterion) and its variables have been
used as optimal model for that particular year (Bivand et al., 2013).
Subsequently, the predictive power of the model is assessed. This is done using the trained model and
the test data. The model predicts for each point of the test dataset what the chance is that the OPC is
present using the independent variables from the year before. When the chance of OPC presence is
more than 0.5, the point is assigned OPC presence otherwise the OPC will not be present. These
predictions are then compared with the actual OPC presence of the test set and return a percentage
which points are predicted correct, which is called the accuracy. This percentage could be positively or
negatively misleading due to the subset of the data. Therefore, the relative operating characteristic
curve (ROC) will be drawn and the area under the curve (AUC) is calculated. The ROC is created by
putting the true positive rate and the false positive rate against each other and is used to calculate the
AUC value. The AUC gives an indication about how well the model performs and the closer this value
is to 1, the better the model works (Mandrekar, 2010) .
5.5.2

Model prediction

Next, the model has been used to predict the OPC presence in a future year, 2019. To do this, the
complete dataset of 2018 including the distance to nearest infected oak is used as training data. Hereby
class biasness is also prevented by selecting equal amounts of present and non present trees.
Thereafter, the performance of the model is assessed, and the significant variables are used to achieve
the lowest AIC value and the best prediction. Subsequently, the model has ran and the oaks where the
22

chance of OPC presence is more than 0., are assigned OPC present otherwise the OPC is absent. Lastly
the future presence is mapped and visually compared with the actual OPC presence of 2019, where
the most striking difference are described.
5.5.3

Model accuracy Amersfoort

The final step is to test the model which was created for Amsterdam on a different municipality. This
has been done for the municipality of Amersfoort since this municipality has located the trees and the
OPC presence for at least one year (2017). First, the oak tree data of Amersfoort has been enriched
with the significant variables of research question 3, which are also available for Amersfoort. These are
the following variables: undergrowth, barren area, roadside and overgrown area. Hereby, only spatial
variables are included and does not include the most significant related variables such as distance to
previously infected trees due to the lack of data of other years. Next, the data of all the years of OPC
occurrences in Amsterdam is merged. This merged dataset is used to train the model using only the
three variables which are available in Amersfoort. The trained model is then used to predict the OPC
in Amersfoort, using the data of Amersfoort. The model will predict for each point of the test dataset
what the chance is that the OPC is present. When the chance of OPC presence is more than 0.5, the
point will get OPC presence otherwise the OPC will not be present. These predictions will then be
compared with the actual OPC presence in Amersfoort of the test set and will return a percentage
which points are predicted correct. At last, the ROC will be drawn and the AUC will be calculated. When
the AUC value is above 0.7, the model performs acceptable (Mandrekar, 2010).
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6. Results
6.1 Tree invasive species research
6.1.1

Literature research

The findings of the literature research related to space-time pattern studies of tree invasive species
have been categorized and are summarized below. The variables have been summarized in a table and
are shown in appendix A.3.
Climate
Climate is an important factor which can influence the spread and settlement of the OPC according to
literature study. The study of Moraal & Jagers op Akkerhuis (2011) on changing patterns in insect pests
on trees shows that climate can influence tree invasive species. In their study, they state that the
warmer conditions due to climate change cause the OPC to complete its cycle in more northern areas
such as the Netherlands. Furthermore, the OPC seems to prefer human-induced areas, since these
areas are warmer.
According to the study of Csóka et al. (2018), the average temperature in the months May till July has
a lot of influence in the populations of the OPC. This is because these months the caterpillars need to
survive and the budburst and egg hatch can be disrupted by the temperature. Besides temperature,
precipitation also affects the spread and occurrence of the OPC. When looking at the development
periods of the OPC and the precipitation, it is visible that in years where the precipitation was low, the
amount of OPC increased. Furthermore, precipitation has the most influence on the OPC during the
larval and pupal development in comparison with the moth phase.
Van Oudenhoven (2008) states in his research that temperature has the most influence on the
occurrence of the OPC. The result of his analysis showed that the months April until June had a
consistently higher temperature in the regions where the OPC occurred than the regions where the
OPC is absent. For precipitation, the results are not as clear as for temperature. However, the months
March and September did show a significantly higher mean of precipitation in the non-OPC areas.
The studies of Meurisse et al. (2019), show that combinations of climatic factors have a lot of impact
on forest caterpillars and are explanatory for historical declines or increases of the population. In
addition, results show that local decrease of the population often occurs at the edges of the
caterpillar's range. This is because at these edges the climatic conditions can be suboptimal for the
forest caterpillars (Groenen & Meurisse, 2012). Furthermore, Meurisse et al., built a model using OPC
records from the whole of Europe and bioclimatic data. This resulted in good predictive outcomes
concerning the spread of the OPC. According to their paper, the warmer winter and spring
temperatures explain the more intense and more common OPC outbreaks (Meurisse et al., 2019).
The pine processionary moth, another tree invasive species, is directly affected by temperature
according to (Roques et al., 2005). Extremely cold winters cause a large decrease in the population of
the caterpillars. On the other hand, heat waves can have negative effects on young caterpillars.
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Battisti et al. (2005) also examined the pine processionary moth. They found out that the winter
temperature was evident to the feeding activity. The lower the temperature, the less feeding activity.
This also caused mortality whenever the winters were too cold.
Urban heat and solar radiation
In the study of Moraal & Jagers op Akkerhuis (2011) urban heat is mentioned as an important factor
for the increase of exotic tree invasive species. This is because larger cities often cause an urban heat
island due to the high amount of buildings and streets. Because of this urban heat island effect, the
temperature in the city is a couple of degrees higher than the rural areas around it. This makes the city
more attractive for exotic tree invasive species which prefer higher temperatures. Furthermore, within
cities the temperature can also differ because of cooler places such as parks and warmer places such
as squares.
Solar radiation is a variable mentioned by Battisti et al., (2005) and Fransen & Stigter (2006). These
studies state that the pine processionary caterpillar and possibly the OPC search for trees with the
most solar radiation. They do this because these trees are usually warmer. Battisti et al. even used a
threshold of 1800 hours of sunlight in a year to define the range of the pine processionary caterpillar.
This means that for that particular caterpillar solar radiation is very important.
Soil type
Soil type is a factor which has not been mentioned much in literature. However, the reports of Fransen
and Stigter (2006) and Van Oudenhoven (2008) state that the soil type can influence the spread and
occurrence of the OPC. The three dominant types of soil in the Netherlands where the OPC occurs are
marine and fluvial clays together with eolian sands. This gives a good indication of where the OPC will
occur most likely but does not exclude other soil types.
Natural predators
Natural predators of tree invasive pests are a factor which could influence the spread, but mainly the
occurrence of the OPC and other tree invasive species. According to the paper of Barbaro and Battisti
(2011) birds are one of the natural enemies of the pine processionary caterpillar. At least seven species
of birds have been labelled as regular predators of the caterpillar. These birds are the species great
spotted cuckoo, common cuckoo, European nightjar, Eurasian hoopoe, great tit, European crested tit
and the coal tit. These birds eat the pine processionary caterpillar through his whole cycle, from egg
to moths. However, Fransen & Stigter (2006) state in their report that birds are not important
predators for the OPC according to literature study. However, during field research conducted during
the same study, many OPC nests were affected by birds. This means that further research is required
to examine the influence of birds on the OPC.
Fransen and Stigter (2006) also mentions other natural enemies in their report. According to their
research, parasitic flies are currently the most effective natural enemy of the OPC. The parasitic fly has
parasitisation levels of almost 30% at OPC infested trees. This species is new in the Netherlands since
the reintroduction of the OPC. Another natural enemy of the OPC is the forest caterpillar hunter. This
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ground beetle is a very effective predator against the OPC with a predation of 90%. But this is extinct
in the Netherlands since 1950. Reintroduction could help with reducing the numbers of the OPC.
Tree and landscape characteristics
The characteristics of a tree and its environment are one of the main factors that could influence the
spread and occurrence of the OPC. Almost all literature states that the OPC mainly occurs at its host
tree, the oak. However, in the paper of Cowley et al., a patch-based model based on the electric
network theory is used to model the spread of the oak processionary caterpillar. The spread is
modelled through suitable habitat, deciduous woodland. For this model, the input variable of
deciduous woodland worked pretty well since the results fitted reality. However, in their report, they
mention that they used deciduous woodland due to the lack of oak tree data (Cowley et al., 2015).
Besides the type of tree, the age of a tree and its diameter could influence the pest pressure of the
OPC. The older the tree and the larger the diameter, the higher the pest pressure. This phenomenon
has been mentioned by maintainers but have not been researched yet. Furthermore, the study of
Fransen & Stigter states that the variety of the pedunculate oak (Quercus robur) with other trees could
influence the pest pressure, population development and the spread. This means that not only the
type of the tree matters but also the surroundings. The roadside is also a part of the surroundings of
the tree. Fransen & Stigter also state that roadside with low shrubs and other vegetation offers more
possibilities for the habitat of natural predators of the OPC, which could influence the occurrence of
the OPC (Fransen & Stigter, 2006).
The landscape characteristics of an area can also influence the spread and occurrence of tree invasive
species. Fransen, & Stigter (2006) state that it is known from literature that the direct environment
influences the population dynamics and the spread of insects. The study of Van Oudenhoven (2008)
shows that the agricultural areas, artificial (urban and industrial) surface and forests are the three
landscapes which are large in numbers at OPC locations. The study of Roques et al. (2005) shows that
the pine processionary caterpillar is correlated to certain features of landscapes. Riparian forests and
landscape with coppice had a negative correlation with the pine processionary caterpillar, but the
cultural landscape had a positive correlation with the caterpillar.
Human interaction
The studies of Groenen & Meurisse and Roques et al., show that human interaction also influences the
spread of tree invasive species. Commercial movements of different kind of infested oak trees
influenced the spread of the OPC and other tree invasive species to large distances, even the United
Kingdom. This makes it possible for the tree invasive species to infest areas where they naturally would
not have come, or eventually many years later (Groenen & Meurisse, 2012; Roques et al., 2005).
6.1.2

Expert interviews

To answer the first research question also expert interviews have been carried out. Experts from the
field of ecology have been asked multiple questions about their experiences with tree invasive species.
Below are the findings of the interviews per category summarized, the complete questionnaires are in
appendix A.1.
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Climate
Climate is one of the main factors which influences the occurrence and spread of the OPC, according
to experts. Firstly, this is because the OPC prefers warmer temperatures. Due to climate change, the
temperature in the Netherlands is also rising. J.Buijs performed research on the OPC in the city of
Amsterdam. The outcome of this research was that the OPC was mainly found on relative warm places
in the city. According to the research of the members (A. van Vliet, J. Spijker, H. Kuppen) of the
knowledge centre oak processionary caterpillar (Kenniscentrum Eikenprocessierups), the increasing
temperature has helped the spread of the OPC. Besides, because of the higher temperatures, the
caterpillars hatch much earlier than before. Secondly, precipitation also influences the occurrence of
OPC. According to A. van Vliet, does the OPC occurs more often on places where there is low
precipitation. Besides, heavy showers or snowfall can cause the nest to fall out of the tree. Lastly, wind
can influence the spread and occurrence of the OPC. According to the knowledge centre oak
processionary caterpillar, wind can also cause the nest to fall out of the tree.
Structure of the tree and environment
The structure of the tree and its environment is also an important factor which influences the
occurrence and spread of the OPC. Firstly, it is essential that there is a host tree for the OPC according
to F. Groenen and H. Kuppen. The host tree ensures that there is an availability of food thereby, the
previous presence of OPC or the distance to this, is also a good indication of possible OPC presence.
Secondly, the presence of undergrowth of an oak tree is important according to J.Spijker. This is
because undergrowth provides habitat for natural predators of the OPC and could therefore reduce
the presence of OPC. Thirdly, J. Buijs states that most OPC were found in medium-sized trees, this
means that the length of the tree could also be important for the occurrence of the tree. He also stated
that the structure of a city influences the spread of the OPC. Hereby the amount of vegetation and
high buildings could play a role.
Pest control
According to F. Groenen, pest control influences the occurrence of the OPC heavily. He states that
when infected trees are being sprayed with pesticides, the OPC will be killed from that tree most of
the time. However, not only the OPC will be killed, also its natural predators which were in that tree.
This creates a perfect host tree for the upcoming year for the OPC, where there will probably a high
pest pressure due to the lack of natural enemies.
6.1.3

Overview of variables and its usability

Table 2 shows an overview of independent variables which could possibly influence the presence of
the OPC positively or negatively. These variables have been found during the literature research and
have been mentioned during the interviews. The variables have also been categorized into two
categories: spatial and spatio-temporal. This tells whether the variable will be assessed spatially, or
also with a temporal dimension during RQ 3. The variables which will only be assessed spatially, do not
differ that much per year, therefore it has not much-added value to assess the data of that variable
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per year. Lastly, the usability and the reason why are added to the table, this says whether the variable
is usable for the variable assessment in RQ3. In case the variable is not usable, a reason why is given.
Table 3 The different variables and their dimension(s) and usability

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Variable
Temperature
Wind
Precipitation
Urban heat
Solar radiation
Soil type

Dimension(s)
Spatial
Spatial
Spatial
Spatial
Spatial
Spatial

Usability RQ 3
No
No
No
Yes
Yes
No

Birds
Parasitic flies
Forest caterpillar hunter
Age tree
Height of the trees
Type of
landscape/roadside
Human interaction
Pest control
Oaks with undergrowth/
structure of oak
Distance to previously
infected oaks

Spatio-temporal
Spatio-temporal
Spatio-temporal
Spatial
Spatial
Spatial

Yes
No
No
Yes
Yes
Yes

Spatial
Spatial
Spatial

No
Yes
Yes

Spatio-temporal

Yes

Reason
Too little spatial variability
Too little spatial variability
Too little spatial variability

The soil type is very
homogenous in the study area
Does not occur in the study area
Does not occur in the study area

Does not occur in the study area
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6.2 Oak processionary caterpillar in space and time
6.2.1

Amount of nests

According to the number of OPC nests throughout the years, there is a rapid increase visible. In the
years 2009 and 2010 the numbers are similar, but the next year the numbers are almost five times
larger. After that year, the amount of OPC increases and decreases per year until 2015. From that
moment on there is a rapid increase per year visible. Below the nests per year are described and
visually compared to the previous year based on the yearly maps and animations of OPC nests, moths
catches and OPC hotspots. All the maps and animations used for this research question are in
appendices B.1-B.4.

Figure 6 Amount of nest occurrences of the OPC through the years

6.2.2

Yearly observations

When looking at the first year, 2009, 129 of the 153 OPC nests are in the south-east of Amsterdam.
Many nests are located close to each other and appear as clusters. These clusters mainly occur near
the main roads, only one cluster occurs at the Sloterplas in Amsterdam Nieuw-West. It is also striking
that there are only 7 isolated OPC nests, the rest is located nearby one or more nests.
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Figure 7 The OPC occurrences in 2009

The next year, 2010, the nests are located are similar locations. However, the OPC has a wider spread
and there are more nests located up north. Besides, the clusters are larger than the year before, but
the cluster at the Sloterplas is completely gone.
In the year 2011, a lot changed compared to the year before. As mentioned before, the number of
nests is almost five times as much as the year before. Most clusters still occur in the south, near the
Amsterdam Medical Centre (AMC), but there is also a cluster located in the west of Amsterdam, in
Badhoevedorp. Before the nests were mainly next to main roads, but this year the OPC also settled in
residential areas.
2012 is a year with a notable increase of OPC nests in the Amsterdamse Bos. The clusters, however,
are still located in the south and south-east of Amsterdam, but the cluster at the AMC is completely
gone.
For the year 2014, the clusters shift from the south and south-east of Amsterdam more to the middle
of the municipality, near the Amstelpark. There is also a large increase in nests in the north and east
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of Amsterdam, on places where there have not been any nests before. But the Amsterdamse Bos has
fewer nests than the years before.

Figure 8 The OPC occurrences in 2014, with new nests in the north and east of Amsterdam

The OPC spread is in 2015 very similar to the year before. The only notable differences are that the
spread of OPC is denser and there is a new hotspot in the east of Amsterdam.
In the year 2016, a lot changed compared to the previous year. The locations of the nests are a lot
wider spread and there are a lot more nests located in the west of Amsterdam. It is also notable that
there are again many nests in the Amsterdamse Bos and clusters around main roads. In the Vondelpark
is also a nest located, this is the first nest in a park near the city centre. Lastly, it is also notable that at
locations where preventive spraying has taken place, still nests have been found.
The next year, 2017, the OPC spreads more and more towards the city centre. There are already 13
nests in the Vondelpark and almost all the other parks in the city are infected. The Amstelpark and the
Amsterdamse Bos are full of nests. Despite the spread to the city centre, around 800 of the 1058 nests
are in the south of Amsterdam.
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Figure 9 The OPC nests in 2017, with a large increase of occurrences in parks

The spread of the last measure year, 2018, is very similar to the year before. The only notable changes
are increase of nests from 1058 to 1584 and there are fewer nests located in the west of Amsterdam.
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6.3 Determinants for the spread and occurrence of the oak processionary caterpillar
6.3.1

Binary variables

For the binary variables, a contingency table has been created per year (2009-2018). Hereby the OPC
presence is located on the Y-axis and the presence of the variable is located on the X-axis. Furthermore,
the chi-square statistic of the table and its p-value is presented. Lastly the phi coefficient has been
calculated. Below are the most striking results described of the contingency tables and its statistics. All
the tables have the same structure as table 3 and can be found in C.1.
Pest control
The variable pest control (preventive sprayed pesticides) only contains data for one year, 2016.
Therefore, there is only one contingency table as shown below. This table seems to show a positive
relation between the spraying of pesticides and the OPC presence. This also comes forward when
looking at the chi-square and P-value, which are very high and very low. The phi coefficient results in
a value of 0.35.
Table 4 The contingency table of pest control including the relative percentages

Preventive prayed pesticides 2016
Sprayed
absence
OPC absence
OPC presence
Total

pesticides Sprayed
pesticides
presence
11188 (98%)
2241 (91%)
254 (2%)
218 (9%)
11442 (82%)
2459 (18%)

chi-squared correlation method

chi-squared
correlation statistic

chi-squared
correlation Pvalue

Pearson's chi-squared test

270.484

0

Total

13429
472
13901

Natural predators
The second binary variable which has been assessed is the variable of the natural predators (NP).
According to literature research and expert interviews in chapter 6.1, this variable should have a
negative correlation on the presence of the OPC.
The contingency tables of the different years show that the oaks where the NP are not present, the
OPC is very present. However, when you look at the percentages of the columns, the numbers do not
differ substantially, the percentage at OPC presence and NP presence is even higher than where the
NP are not present.
When looking at the chi-squared and the P values of the contingency tables of the different years, it is
visible that these differ much. If we take the mean chi-square of all the years (7.534) the P-value would
be 0.317 and would not be significant for the significance level P <0.05. Besides, the P-values varies
very much through the years. The phi coeffficient shows a very small negative mean of -0.0981.
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Table 5 The chi-squared and P-value per year of natural predators

Natural
predators
2009
2010
2011
2012
2014
2015
2016
2017
2018

chisquared
0.109
0.574
0.92
0
44.759
1.256
7.864
3.111
9.210

P-value
0.741
0.449
0.337
0.977
0
0.262
0.005
0.078
0.002

Barren area
The yearly contingency tables of the variable barren area show that barren area has a negative relation
with the OPC presence. The presence of OPC is less at the oaks located on barren areas. For example,
in the year 2015 the OPC presence was relatively twice as high in trees where there is no barren area.
The chi-square and P-values of the variable barren area give clear statistical significance between the
variable and the OPC presence. The mean chi-square is 9.623 and the mean P-value is 0.043. Overall,
the chi-square values are high and the P-values low. The mean phi coefficient results in a value of 0.45.
Table 6 The chi-squared and P-value per year of barren area

Barren area
2009
2010
2011
2012
2014
2015
2016
2017
2018

chisquared
4.728
5.65
16.061
1.034
20.847
10.931
13.051
4.637
9.666

P-value
0.03
0.018
0
0.309
0
0
0
0.031
0.002

Roadside
The yearly contingency tables of the variable roadside also seem to show a negative relation with the
OPC presence. Compared to the year 2014, the OPC presence is relatively almost three times higher
when the roadside is not present.
The chi-square and P-values of the variable roadside give clear indication of the statistical significance
between the variable and the OPC presence. The chi-square values are overall high and the P-values
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low, with an average chi-square of 16.198 and a P-value of 0.055. Except for the years 2009 and 2010,
these years have a very low chi-square and a high P-value. The average phi coefficient results in a value
of -0.41.
Table 7 The chi-squared and P-value per year of roadside

Roadside
2009
2010
2011
2012
2014
2015
2016
2017
2018

chisquared
0.521
13.519
28.185
5.087
18.251
15.954
9.831
26.247
28.184

P-value
0.470
0
0
0.024
0
0
0.002
0
0

Overgrown area
The contingency tables of each year for the variable overgrown area seem to show a positive relation
between OPC presence and the presence of overgrown area. In the year 2018, the percentage of OPC
presence when the area is overgrown is almost twice as high as the percentage of overgrown absence.
The chi-square and P-values of the variable overgrown area are also very striking. This is because the
chi-square values are overall quite high with an average of 23.869, and the P-values low with an
average of 0.153. Only the years 2009 and 2010 show low chi-squared values near 0. The average phi
coefficient results in a value of 0.33.
Table 8 The chi-squared and P-value per year of overgrown area

Overgrown area
2009
2010
2011
2012
2014
2015
2016
2017
2018

chisquared
0.005
0.707
53.783
4.729
28.932
32.729
17.724
28.291
47.919

P-value
0.946
0.4
0
0.03
0
0
0
0
0

Tree undergrowth
The yearly contingency tables of the variable tree undergrowth seem to show a positive relation with
the OPC presence since the presence of OPC is more at oaks with undergrowth. This is also visible in
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the contingency table for the year 2014, where the percentage of OPC presence is twice as high when
there is undergrowth in a tree.
The chi-square and P-values of the relation between tree undergrowth and OPC presence are very
striking with a high chi-square with a mean of 70.035 and a very low P-value with a mean near 0. This
shows a statistical significance between the variables. The average phi coefficient results in a value of
0.1.
Table 9 The chi-squared and P-value per year of tree undergrowth

Overgrown area
2009
2010
2011
2012
2014
2015
2016
2017
2018

chisquared
0.005
0.707
53.783
4.729
28.932
32.729
17.724
28.291
47.919

P-value
0.946
0.4
0
0.03
0
0
0
0
0

Summary table
Below is the summary table with the average chi-squared, P-value and Phi-coefficient of each variable.
The green colour indicates whether the phi coefficient of the variable is high or low enough to use for
RQ4.
Table 10 Summary table with the averages of the chi-squared, P-value and Phi-coefficient of the binary variables

Variable

chi-squared

P-value

Phi-coefficient

Sprayed pesticides
Natural predators
Barren area
Roadside
Overgrown area
Tree undergrowth

270.483
7.534
9.623
16.198
23.869
70.035

0
0.317
0.043
0.055
0.153
0

0.35
-0.09
-0.45
-0.41
0.33
0.23

6.3.2

Positive (+) or
negative (-)
effect on OPC
+
+
+

Continuous variables

To assess the relation of the continuous variables and the OPC presence, yearly boxplots have been
created to show visual differences and the statistics between the variable for OPC presence or nonpresence. Furthermore, a T-test between the continuous variable and the presence of the OPC has
been performed. Below are the general results of the T-test and the boxplots described per continuous
variable and lastly a table with the mean P- and T-value per variable is presented. All the boxplots and
T-test tables can be found in appendix C.2.
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Tree height
The boxplots created for the tree height variable do not seem to differ whether the OPC is present or
not. The only notable observation in the statistics, is that the mean height of the tree is more often
higher when the OPC is present (in the years 2011-2018).
The T-test resulted in a mean T-value of -4 and a mean P-value of 0.017. This indicates a significant
difference between the tree height in the trees where the OPC is present or not. Only the year 2011
has a P-value of 0,054, which is not significant. However, when looking at all the P-values and boxplots,
it seems that the height of the tree has a small positive effect on OPC presence.
Solar radiation
The boxplots of the variable solar radiation show many differences. Firstly, the boxplot where the
OPC is present, ranges in higher values of solar radiation compared to oaks where the OPC is not
present. This is also visible in the mean of solar radiation on trees with OPC presence is each year
considerably higher than on trees without OPC presence. The median is most of the years almost
equal. Lastly the standard deviation shows large differences per year.
The results of the T-test are very significant. The mean of the T-value is -7.064 and the mean of the Pvalue is 0,008. This does indicate a significant difference between the two subsets. The year 2015 is
the only year where the P-value is higher than 0.05, with a P-value of 0,071. In general, it seems that
higher solar radiation has a positive effect on the presence of OPC.
Age of the trees
The boxplot of the tree age variable shows very different statistics per year. There are no constant
trends visible through the years. The only thing, which is striking, is that the mean of the age of the
trees increases whenever the count increases.
When looking at the results of the T-test, the results also differ very much per year. With a mean Tvalue of -2,057 and a mean P-value of 0,098 it seems that the age of the tree is not significant to the
presence of OPC, especially when you take into account that there is so much fluctuation per year.
Distance previously infected trees
The yearly boxplots of the variable distance to previously infected trees show clear differences are
visible between the presence and non-presence of the OPC. The distance to previous infected trees is
in all the cases lower when the OPC presence is 1.
The results of the T-test are also very striking. With an average T-value of 20,161 and an average Pvalue close to zero, the result is significant. For each year, the P-value is very low, this is also visible in
the boxplots. This indicates that whenever the distance to previous infected trees is low, the chance
of OPC presence is high.
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UHI
The boxplots of the variable UHI show that the range of values for the OPC presence, is a lot smaller
than the range of values for no OPC presence. Besides, the mean of UHI is in all the cases lower when
there is OPC presence, except for the years 2009 and 2010.
The T-test shows a clearer picture about the variable. The average T-value is 4,547 and the mean Pvalue is 4,88566E-05. The T-values of the years 2009 and 2010 are the only T-values which are
negative, which corresponds with the observations seen in the boxplots. Overall, it seems that a
higher UHI corresponds to less presence of OPC, however, the years 2009 and 2010 indicate the
opposite.
Summary table
Below is the summary table with the average T- and P-value of each variable. The green colour
indicates whether the P-value is below the 0.05 threshold of significance.
Table 11 The average T- and P-value of the continuous variables, where the green colour indicates significance

Variable

Average T-value

Average P-value

Tree height
Solar radiation
Tree age
Distance previous
infected trees
UHI

-4.000
-7.064
-2.057
20.161

0.017
0.008
0.098
0.000

Positive (+) or
negative (-) effect
on OPC
+
+
+
-

4.547

0.000

-
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6.4 Model OPC presence
To answer the final research question:
How can the independent variables be modelled to predict future spreading and is the model
applicable for another municipality?
A binomial logistic regression model has been used with the independent variables resulting from the
previous research question. First, the accuracy results of the model will be presented per year. Next,
the results of the model prediction of the OPC presence of 2019 will be described. Lastly, the model
predictions for the city Amersfoort will be shown.
6.4.1

Model accuracy

To create the best binomial logistic regression model, the summary of the model has been assessed
per year to see which independent variables should be included into the model for that year. The
variables which are not significant for that particular year are excluded from the model to reach the
lowest Akaike information criterion (AIC) value and therefore the best possible model. In the table
below the used, and therefore significant variables per year are indicated. The complete summaries of
each model including the AIC value can be found in appendix D.1.
Table 12 Summary of which independent variables were used in the model per year

2010
Barren area
Roadside
Overgrown
area
Tree
undergrowth
Pest control
Solar
radiation
Distance
previously
infected trees
UHI
Tree height

2011

2012

2014

2015

2016

X
X
X

X

X

X

X

X

X

X

X

X
X

X
X

X

2018

X

X

X

2017

X

Combined
years
X
X
X

X

X

X
X

X

X

X
X

X

X

X
X

X

X

Next, the accuracy and the area under the curve (AUC) of the model have been calculated. These
values give information about the predictive power and the reliability of the model and are listed in
the table below. The relative operating characteristic curves (ROC) curves can be found in appendix
D.2.
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Table 13 The accuracy and AUC values of the binomial logistic regression model per year

Year
2010
2011
2012
2014
2015
2016
2017
2018
Average

Accuracy
0.815
0.625
0.646
0.648
0.706
0.695
0.666
0.592
0.674

AUC
0.875
0.723
0.667
0.701
0.817
0.713
0.703
0.677
0.735
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6.4.2

Model prediction

To predict the presence of OPC in 2019 the best, the following significant variables have been used to
predict the OPC presence: overgrown area, solar radiation and distance previously infected trees.
These variables resulted in the lowest AIC value. The model predicts 3761 oak trees which will be
affected by the OPC presence, compared to the actual count of 3930 OPC nests. Figure 10 shows the
predicted OPC presence compared to the actual OPC presence. The figure shows that the count of the
nests does not differ much (169), but the spread of the actual OPC is wider than the predicted OPC
presence. The predicted OPC is mainly clustered in parks and tree lanes where the distance between
the trees is small.

Figure 10 Predicted and the actual OPC presence in 2019

6.4.3

Model accuracy Amersfoort

To test whether the created model is suitable for another area than Amsterdam, the model has been
tested on the municipality of Amersfoort. The model was trained with all the years of OPC presence in
Amsterdam. However, input for this model was limited to the variables presence, undergrowth, barren
area, roadside and overgrown area due to the absence of data of the other variables in Amersfoort.
The summary of the model using these variables showed no significant variable, however, there were
no variables removed since it did not result in a lower AIC value. The model resulted in an accuracy
value of 0.744 and an AUC value of 0.462.
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7. Discussion
7.1 Spread and occurrence determinants
In chapter 6.1, the results of the tree invasive species research present 16 spread and occurrence
determinants of the OPC which have a positive or negative effect on the presence of OPC. Eleven of
these variables, where the variable type of landscape/roadside has been divided into barren area,
overgrown area and roadside, have been assessed in chapter 6.3, and nine variables showed significant
negative or positive correlation with the presence of OPC. This chapter will reflect on the analysed
variables and how much the findings from the research correspond with the results of this thesis and
what the possible causes could be.
Pest control: F. Groenen mentioned in the interviews that the OPC presence is heavily affected when
pesticides are used. He stated that pesticides almost completely remove the OPC and other insects
from an oak. The statement of F. Groenen does not correspond with the results of this thesis. This phi
coefficient showed a positive correlation of 0.35 with the presence of OPC and the area which has
been sprayed with pesticides. Also, the model of 2016 used pesticides as significant variable with
positive influence. However, F. Groenen did mention that the pest pressure of OPC will be higher in
oaks which have been sprayed a year before since the natural predators will also be killed because of
the pesticides. Besides, it should be considered that the analysis of pest control is only for one year.
Therefore, the positive correlation could be an incident.
Type of landscape/roadside: According to Fransen & Stigter (2006), a landscape/roadside with low
shrubs and vegetation offers habitat for natural predators of the OPC. This could therefore result in
less OPC presence. The analysis of the variable overgrown area showed on the other hand a positive
correlation of 0.33. This does not correspond with the assumption of Fransen & Stigter since the OPC
is more present in oaks located in overgrown areas. The other landscape variables barren area and
roadside did show a negative correlation of -0.45 and -0.41.
Height of the tree: J. Buijs stated in the interview that the OPC is mostly found in medium high trees.
The analysis does not prove for or against this statement. The analysis of RQ3 shows that the P-value
of this variable is below the significance threshold, where the years 2009 and 2010 the OPC seems to
prefer smaller trees and the rest of the years taller tree. Also, in the models of RQ4, tree height is used
as significant variable in the years 2011, 2012, 2017 and 2018. In these years, the significant tree
heights differ between 12,15 and 18 meters, which are medium to high trees.
Solar radiation: The studies of Battisti et al., (2005) and Fransen & Stigter (2006) state that the pine
processionary caterpillar and the OPC search for trees with the highest solar radiation. They do this
since these places reach the highest temperatures. The analysis did correspond with this statement.
The average P-value was significant (P<0.001) and the boxplots showed that the average solar radiation
was higher on trees with OPC presence. The variable has also been included as significant variable in 5
of the models of RQ4.
UHI: The study of L. Moraal et al., (2004) states that UHI has a positive influence on the occurrence of
OPC since the OPC prefers higher temperatures. The analysis does not correspond with this statement.
The boxplots of where the OPC was present, ranged in lower UHI values than the boxplots where the
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OPC was absent. This observation could be caused by a lot of presence of OPC in parks (chapter 6.2),
where the UHI is lower than the paved areas. This also corresponds with the findings of the variable
type of landscape/roadside, where overgrown area showed a positive correlation with OPC presence
and the other type of landscape did not.
Distance to previously infected trees: According to F. Groenen and H. Kuppen, previously infected
trees and the distance to these trees gives a good indication whether they will be infected by the OPC
for the upcoming year. The analysis heavily strengthens this statement. In the boxplots of where the
OPC was present, the distance to previously infected tree was a lot lower than the boxplots where the
OPC was absent.
Tree undergrowth: In the expert interview with J. Spijker, he states that the undergrowth of trees
provides habitat for natural predators such as birds. Therefore, these predators could reduce the
presence of OPC in those trees. This statement does not correspond with the performed analysis. The
analysis shows a positive correlation of 0.23 with tree undergrowth. This means that the OPC is more
present in oaks with undergrowth than without.
As shown above, not all of statements mentioned in chapter 6.1 match with the results of the analysis
of chapter 6.3. This could have several reasons. First, different determinant assessment methods could
have been used and these methods may have different outcomes. For this study, the T-test combined
with the boxplots have been used for the continuous variables and the adjust Phi-coefficient using
contingency tables has been used for the binary variables. The T-test does not produce a correlation
coefficient, it only tells whether there is a significant difference between the two datasets (OPC
presence/absence) whenever the P-value is less than 0.05. To obtain a correlation coefficient between
the continuous variables and the OPC presence the Point-Biserial method could have been used as
alternative (Kornbrot, 2005). This method is like the Pearson correlation but uses a binary input
variable and a continuous variable instead of two continuous variables. The Point-Biserial method has
been tested for this study, but this resulted in very low correlation coefficients, not corresponding with
the boxplots. This could be caused by class biasness, which is the phenomenon that occurs when the
amounts of each class are not balanced. The T-test combined with the boxplots resulted therefore in
more realistic and usable results. For the binary variables, the Jaccard Index has also been tested. This
method calculates the percentage of overlap between the two binary datasets (Vargas, 1996).
However, this method was not very useful for the dataset. This is because it compares the complete
overlap of the two binary variables and when the percentage of OPC presence compared to absence
is low, the overlap does not represent the relation between the variable and OPC presence.
Another reason could be the quality of the OPC data. As stated before, the data of the OPC gets
collected by maintainers of the municipality of Amsterdam. These maintainers rely on reports made
by citizens who spot OPC nests (Gemeente Amsterdam, 2019). This ensures that OPC nests which are
not near public places, are not registered in the system. This bias in the data could result in less
accurate assessing of the determinants and a worse working prediction model. Furthermore, as stated
in chapter 4.2, the data of the OPC is entered into the system by a maintainer by manually clicking on
a map. Therefore, the OPC data was not always exact on the location of an oak and needed to be
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snapped to the nearest oak. For this, a maximum distance of 25 meter was used (chapter 4.4). This
could have resulted into snapping the OPC presence to the wrong oak tree and therefore the
correlation analysis is less accurate. This assumption could be prevented when the OPC presence is
directly entered in the system by clicking on a tree location.
Also, for this thesis, the assumption was made that the OPC is present on only oak trees. However, as
mentioned in chapter 1, this is not always the case. This could have resulted in the incorrect snapping
of OPC nests to oak trees or ignoring nests which are not within the 25-meter threshold. In the end
this could possibly have led to a less accurate correlation analysis and OPC prediction.
Lastly, the differences between the statements made in chapter 6.1 and the results of the analysis in
chapter 6.3 could be the absence of quantitative research about the OPC. As many experts mention
during the interviews, not much is known yet about the spreading and occurrence behaviour of the
OPC. This also comes forward in chapter 6.1.1, where only 12 relevant literature sources could be
found. This could therefore result in less well-founded information about the OPC.
7.2 Modelling the presence of the OPC
Chapter 6.4 shows the results of the modelling of the OPC presence with the binominal logistic
regression. The model performance through the years based on the AUC value ranges from “poor” to
“good”, with an average AUC value of 0.735, which indicates a model with a “fair” predictive power. It
also shows how the model would perform in another municipality, Amersfoort. For this municipality it
performed a lot worse, using less variables resulting in an AUC value of 0.462. This part reflects on the
used binominal logistic regression method and possible improvements of the modelling of the OPC
presence will be discussed.
Instead of using logistic regression, a decision tree method such as Random Forest could have been
used. This method uses a different machine learning approach in classifying a variable. One of the
benefits of this method is that is easier to apply on the data. It requires less data preparation since
normalisation is not required and the model is not very sensitive to outliers and missing data. Besides,
important variables are selected automatically to create the best model (Rudd & Priestley, 2017). Also,
a decision tree method is most of the time more accurate for larger datasets than logistic regression.
For this study, where geographical data has been used, the Geographical Random Forest could have
been used. This method is similar to ordinary Random Forest, but it takes nearby observations and
their data into account (Georganos et al., 2019). However, for this study the dataset was rather small,
especially in the first two years of OPC data and therefore logistic regression would be a better choice
(Kirasich & Smith, 2018). In addition, the spatial component of the data has been included in the data
using the variable “distance to previously infected tree”.
Furthermore, the accuracy of the logistic regression could be improved by increasing the size of study
area. When the study area would be larger, the variables found in RQ1 (Table 2), which could not be
included due the lack of spatial variability could be used in the analysis. Since these variables such as
temperature and precipitation were mentioned often in literature and expert interviews, they would
probably increase the accuracy of the models.
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8. Conclusion
The research objective of this thesis was to analyse the spatio-temporal patterns of the oak
processionary caterpillar in the municipality of Amsterdam. Hereby multiple variables which can
influence the spread and occurrence of the OPC will be taken into account to develop a predictive
model. To address this objective, the following four research questions have been answered.
1.

What were findings of previous (space-time pattern) studies on tree invasive species?

Previous studies on tree invasive species showed various kind of things. One of the most important
findings is that tree invasive species are influenced by climate. Most tree invasive species require
certain climate conditions before they can survive in an area. Temperature is the most important factor
of these climate conditions. Besides climate, the structure of a tree was also found important according
to previous studies. This includes the structure of the tree and its surroundings. The undergrowth of a
tree has a negative influence on the presence of tree invasive species. This is because it provides
habitat for natural predators. Previous studies also discovered that solar radiation has a positive
influence on the presence of tree invasive species. This is due the fact that most tree invasive species
prefer warmer temperatures and therefore prefer trees with a lot of solar radiation. Lastly, previous
studies have shown that pest control has a negative influence on the presence of tree invasive species.
The previous studies on tree invasive species included many (spatio-temporal) variables which could
have influence on the tree invasive species. These variables are listed in Table 14.
Table 14 All variables and their dimensions mentioned by previous studies

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Variable
Temperature
Wind
Precipitation
Urban heat
Solar radiation
Soil type
Birds
Parasitic flies
Forest caterpillar hunter
Age tree
Height of the trees
Type of landscape/roadside
Human interaction
Pest control
Oaks with undergrowth/ structure of oak
Distance to previously infected oaks
Urban heat island (UHI) effect

Dimension(s)
Spatial
Spatial
Spatial
Spatial
Spatial
Spatial
Spatio-temporal
Spatio-temporal
Spatio-temporal
Spatial
Spatial
Spatial
Spatial
Spatial
Spatial
Spatio-temporal
Spatial
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2. How is the oak processionary caterpillar distributed in time and space and are clusters visible
for the municipality of Amsterdam?
The yearly maps and animations of the oak processionary caterpillar occurrences, hotspots and
pheromone catches give good insights in the distribution of the OPC in time and space. It is notable
that the occurrence of OPC in Amsterdam starts in the south-east of the municipality with 129 OPC
nests, this is also where the first hotspots occur. These hotspots are mostly next to the main roads.
The following years the OPC spreads slowly from the south-east to the west of Amsterdam, hereby
more and more oaks in residential areas are getting infected and small hotspots arise. Each year, the
OPC hotspots (slightly) shift, they are none of the years located at the exact same place. As the number
of OPC nests increase through the years, the OPC also starts infecting oaks in the city centre. This has
the consequence that parks such as the Vondelpark become dense hotspots of OPC. The last couple of
years the OPC occurs almost everywhere in the municipality, with more than 1500 nests. The dense
hotpots occur in the south of the city centre.
3. What spatio-temporal variables are potential determinants for the spread and occurrence
of the oak processionary caterpillar?
After analysing the resulting spatio-temporal variables from RQ1, 9 variables turned out to be potential
determinants for the spread and occurrence of the oak processionary caterpillar. These variables are
sprayed pesticides, barren area, roadside, overgrown area, tree undergrowth, tree height, solar
radiation, distance to previous infected trees and UHI.
4. Can the spread of oak processionary caterpillar be explained and predicted based on the
potential determinants?
The logistic model used during this thesis showed an average accuracy of 0.674 and an AUC value of
0.735. This shows that the model successfully predicts 73,5% of the OPC presence or absence and does
therefore a “fair” job in predicting the OPC presence (Mandrekar, 2010). This means that the spread
of OPC partially can be explained based on the potential determinants. However, not all the potential
determinants are used in the model each year and have the same influence. This means that not all
determinants are equally important for explaining the spread of OPC. The variable distance to
previously infected trees has the most influence in all the models and is therefore the most important
input variable for the model. The influence of this variable is also visible in the prediction for 2019,
seen in Figure 10 (see chapter 6.4.2). Here many predicted OPC nests are clustered together, while the
actual data shows a wider spread. However, each “cluster” of predicted OPC nests contains an actual
OPC nests. This shows that the spread of the OPC cannot exactly be predicted on tree-level precision
using this logistic regression model and these determinants, but the prediction does give a good
indication which areas the OPC will be present.
The model used for Amsterdam has also been applied for the municipality of Amersfoort using the
three determinants which were available for the municipality to test its predictive power in another
area. This resulted in an accuracy of 0.744 and an AUC value of 0.462, which indicates the model does
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not work properly and is not applicable for another municipality using these determinants. However,
when data of more determinants is available, the model could perform better.
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9. Recommendations
In this chapter the recommendations are described. The chapter is divided into two parts,
recommendations for municipalities and recommendations for further research.
9.1 Municipalities
Classify high-risk areas: Based on the results of RQ3, it has become clear that the variables tree height,
solar radiation, distance to previously infected trees, UHI, pest control, barren area, roadside,
overgrown area and tree undergrowth are determinants for the presence of the caterpillar. It is
therefore recommended for the municipality of Amsterdam and other municipalities to use these
determinants to classify potential high-risk infection areas more efficient by assessing the presence or
absence of these determinants in certain areas with oak trees. This could make the maintenance
cheaper, more effective and less harmful for the environment.
Use of pesticides: The results of research question 3 showed a positive correlation with the presence
of the OPC and the use of pesticides. This does not correspond with the literature research, expert
interviews and the current OPC maintenance. It is therefore recommended to further investigate the
benefit of spraying pesticides since it seems that the OPC is still present whenever pesticides are used.
Locate OPC nests: Currently, OPC nests are entered manually on a map. This produces inaccuracy, it is
therefore recommended to enter the OPC nests on already mapped tree locations. This will reduce the
inaccuracy of the data and improves further analysis.
Mapping trees & OPC: For the municipality of Amsterdam the trees and OPC are already mapped fairly
well. It is recommended for other municipalities to also keep record of the locations of OPC and the
trees in the municipalities. This has two big advantages. First of all, the data could be used in
combination with data from other municipalities to analyse the spread and occurrence of the OPC in
larger areas. Secondly, municipalities get insights in the locations of the OPC and can classify high-risk
areas based on the defined determinants of RQ3 & RQ4 such as the determinant with the most
influence, distance to previously infected trees.
Adjust trees in parks: The maps and animations of RQ2 show that the OPC is becoming more common
in parks and sometimes completely infects them. It is therefore recommended to alter the trees in
crowded parks to reduce the attractiveness for the OPC. This could be done by removing the
undergrowth of the tree in, since the results show that this has a positive correlation with the presence
of OPC. This would reduce the possible harm they could cause.
9.2 Future research
Increase study area: In further research it could be valuable to increase the study area. This would give
the opportunity to include all the mentioned variables from the literature research and expert
interviews, such as temperature and precipitation. This could give new insights and might improve the
modelling of the OPC.
Improve predictive model: This research has shown that the predictive power of the logistic regression
model works fairly well. However, to predict the OPC presence on tree-level, it is recommended to
improve the model with more determinants such as temperature (see chapter 6.1) to make it more
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accurate. This would give the opportunity predict the OPC per specific tree and act more efficient
against the OPC before it becomes harmful.
Geographical Random Forest: For predicting the OPC presence, it could be interesting to use the
Geographical Random Forest method as predictive model instead of the logistic regression. Since the
variable “distance to previously infected tree” is highly correlated to the OPC presence, this method
could be very useful due the fact that it includes the coordinates of the data (Georganos et al., 2019).
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Appendix
A.1 Interviews
1. Frans Groenen
Frans Groenen manages the green infrastructure for the province of Noord-Brabant, with the focus on
macro fauna. Next to his job, he has been studying butterflies and moths for more than 35 years and
has done a couple of researches on the OPC. The first research was about the variation of the species
within the habitat. Based on breeding results the conclusion was that there are variations within a
specie of the OPC. Secondly, he did a study about the historical spread of the specie. The conclusion of
this study was that the return of the OPC in Western Europe could be a natural fluctuation of the
spread of the specie. According to Groenen, variables which could have influence on the spread and
occurrence of tree invasive species could be:
•

Structure of the environment

•

Surviving strategies/ characteristics of the species

•

Suitable biotope

•

Presence of a host tree

•

Pest control

•

Climate

2. Arnold van Vliet
Arnold van Vliet is an expert in climate change on nature and the society and works for Wageningen
University. He coordinates the website of Nature Today, where many researches of the OPC are being
posted of which many are written by van Vliet. Besides Nature Today, he is also chairperson of
processierups.nu, an organisation which focusses on sharing knowledge about the OPC and prevent
nuisance. According to van Vliet the following variables could have the most influence on the spread
and occurrence of tree invasive species:
•

Temperature

•

Precipitation

•

Wind

3. Joop Spijker
Joop Spijker is specialised in urban vegetation and forests and works for Wageningen Environmental
Research. He has done multiple studies on the OPC and is an expert within the expert group of
processierups.nu, where he contributed to multiple articles. According to Spijker variables which could
have influence on the spread and occurrence of tree invasive species could be:
•

Climate

•

Oaks without undergrowth

•

Natural habitat
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4. Jan Buijs
Jan Buijs is an employee for the municipal health service (GGD) of Amsterdam and contact person for
the municipality of Amsterdam and is specialised in integrated animal pest control in the city and
ecology. He conducted one research about the OPC in the city of Amsterdam. The outcome of this
research was that the OPC was mainly found on relative warm places in the city. Besides, most nests
were found in medium sized trees. When looking at the variables which could influence the spread and
occurrence of tree invasive species, the following have been mentioned by Buijs:
•

Structure of a city

•

Climate

5. Henry Kuppen
Henry Kuppen is managing director at the company Terra Nostra and part of the expert group of
procciesrups.nu. He is specialised in integrated pest management. Kuppen has done practical research
about tree invasive species. He examined the yearly development of the lifecycle of the OPC, different
kind of maintenance methods for the OPC, the occurrence of the ash beetle in Russia and he created
a registration protocol for the ash dieback. According to Kuppen variables which could have influence
on the spread and occurrence of tree invasive species could be:
•

Climate

•

Availability of food
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A.2 Data table

Year

Dataset

2009 OPC
Predators
2010 OPC
Predators
2011 OPC
Predators
2012 OPC
Predators
Moths
2014 OPC
Predators
DTM
2015 OPC
Predators
Moths
2016 OPC
Predators
Moths
Pesticides
2017 OPC
OPC
Amersfoort
Predators
Moths
UHI
2018 OPC
Predators
Moths
2019 Oak trees
BGT
Trees
Amersfoort

Kind of
data
Point
Polygon
Point
Polygon
Point
Polygon
Point
Polygon
Point
Point
Polygon
Raster
Point
Polygon
Point
Point
Polygon
Point
Polygon
Point
Point
Polygon
Point
Raster
Point
Polygon
Point
Point
Polygon
Point

Amount of
data (original
in study area)
153
2,843
162
3,730
768
4,124
515
4,893
25
751
6,090
365
8,641
37
835
8,299
38
84
1,058

Source

GGD Amsterdam
NDFF
GGD Amsterdam
NDFF
GGD Amsterdam
NDFF
GGD Amsterdam
NDFF
GGD Amsterdam
GGD Amsterdam
NDFF
NDFF
GGD Amsterdam
NDFF
GGD Amsterdam
GGD Amsterdam
NDFF
GGD Amsterdam
GGD Amsterdam
GGD Amsterdam

9313 Overheid.nl
6,879 NDFF
41 GGD Amsterdam
NDFF
1,580 GGD Amsterdam
9,160 NDFF
44 GGD Amsterdam
13,901 Municipality Amsterdam
596,717 Kadaster
56,166 Overheid.nl

Used in

RQ2+3+4
RQ3
RQ2+3+4
RQ3
RQ2+3+4
RQ3
RQ2+3+4
RQ3
RQ2
RQ2+3+4
RQ3
RQ3+4
RQ2+3+4
RQ3
RQ2
RQ2+3+4
RQ3
RQ2
RQ2+3+4
RQ2+3+4
RQ4
RQ3
RQ2
RQ2+3+4
RQ2+3+4
RQ3
RQ2
RQ2+3+4
RQ3+4
RQ4
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A.3 Literature table
Name publication
Name authors
Publication date Study area
citations Data
Using electric
Cowley, Daniel
2015
West-London 3
·OPM larval nests from west
network theory to model the
J. Johnson, Oliver,
London from the year 2006spread of oak processionary moth, Pocock, Michael J. O.
2012. The data was collected
Thaumetopoea processionea, in
by multiple contractors.
1
urban woodland patches
· Inventory of woodlands from
the Natural England Habitat
Inventory- deciduous
woodland.
A Geosimulation Approach for Data Anderson, Taylor
2016
Essex County 4
- EAB infestation in the City of
Scarce Environments: Modeling
Dragicevic, Suzana
in Windsor,
Windsor in 2002
Dynamics of Forest Insect
Ontario,
- raster files of 10 m spatial
Infestation across Different
Canada
resolution represent three
2
Landscapes
different hypothetical
landscape types
-Weather and meteorological
data
Literatuurstudie en voorstudie
j.j. Fransen
2006
/
/
/
veldonderzoek
eikenprocessierups: Monitoring,
bestrijdingsstrategieën en
neveneffecten(dutch)
3

Methodology
A patch-based model, which is based on the electric network theory.
With this model, the current and future spread of the oak processionary
moth in west London was modelled. The pattern of ‘effective distance’
from the source of the oak processionary moth (patch voltage in electric
network theory) was compared with the actual spread between 20062012.

Changing patterns in insect pests Moraal, Leen
on trees in The Netherlands since G. Jagers op
1946 in relation to human induced Akkerhuis,
4
habitat changes and climate factors- Gerard A.J.M.
An analysis of historical data

2011

The
19
Netherlands

-Treetype data
-Meteorological data

Analyse 61 years of of population developments of 98 insect species
based on their characteristics and host plants.

Weather-dependent fluctuations
in the abundance of the oak
processionary moth,
Thaumetopoea processionea
5 (Lepidoptera: Notodontidae)

Csóka, György
Hirka, Anikó
Szocs, Levente
Móricz, Norbert
Rasztovits, Ervin
Pödör, Zoltán

2018

Western
Hungary

-Yearly data OPM catches of 3
light traps
-monthly average
temperatures+ precipitation

Oudenhoven, P.E.
van

2008

The
Netherlands
and Antwerp

1. Correlation and trend analysis of the yearly OPM catches of the three
traps
2. CReMIT (Cyclic Reverse Moving Interval Technics) analysis- looking at
periods in a year when temperature and precipitation had the greatest
effect.
3. create species specific variable
4. Correlations and trend analysis on the yearly specific variables and the
three traps
5. Look at the effects of the specific variables on yearly catches
-Spatial statistical analysis on the spatial distribution and population
dynamics of the OPC
-Analysing the OPC data together with weather data

The Oak processionary caterpillar
marches on: Research into the
climate and environmental
variables
6

2

OPC observations between
1991-2006

Findings
Spatial temporal variables
Effective distance’ fits the current -Woodland patches
spread of the moth. Patches from
the model which were identified
as important for the spread of
OPC

Geographic information systems (GIS), multi-criteria evaluation (MCE),
Urban environments are
-Weather
and cellular automata (CA) are used to model EAB spread across different identified as being at the greatest -Landscape charcteristics
hypothetical landscape types. Simulation results represent EAB
risk to the infestation
propagation and indicate different dynamics of spread for each
landscape

Literature study and prelimitary fieldwork

The literature study showed
multiple variables which could
influence the spread of the oak
processionary caterpillar

-Kind of tree
-Age tree
-Type roadside
-Soiltype
-Weather
-Parasitic wasps/flies
-Bugs and beetles
-Birds
-Forest caterpillar hunter
-Bats
Increasing populations on
-Climate
deciduous trees. Climate-related -Higher temperatures urban
factors were not direct the most areas
important causes for the insect
populations
The population fluctuates mostly -Temperature
because of severe spring/summer -Precipitation
droughts. When these occur more
often, the population will
increase.

-since 2002 the OPC spreads in
north-eastern direction at a
relative high speed.
-The OPC is mainly located on
eolian sand soils
-The OPC usually lives on atificial
surfaces, agricultural areas and
forests
-Temperature has the most
influence on the OPC

-Soil
-Temperature
-Precipitation
-Land cover types
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Name publication
Name authors
Historical distribution of the oak
Groenen, Frans
processionary moth Thaumetopoea Meurisse, Nicolas
processionea in Europe suggests
recolonization instead of
8 expansion

Methodology
-see distribution OPC by mapping OPC records
-Detect historical changes in the distribution of OPC records by a quantile
regression model
- Detect pattern of resurgence and expansion of apparent distribution

Findings
-The OPC is distributed from the
middle east to the north-west of
Europe
- The quantile regression model
shows an eastern increase of
collection
-The expansion rate of the OPC in
1990-2009 was 7.5km per year

Spatial temporal variables
-Host-tree
-Human transportation
-Meteorological conditons

-The model predicts a northern
and eastern spread of the OPC
and possible extinction in the
southern parts of Europe due to
too high temperatures

-Temperature

Godefroid Meurisse F 2019
Groenen C Kerdelhué
J-P Rossi, M N
Godefroid, M
Meurisse, N

Europe

0

-bioclimatic descriptors from
the Woldclim database
-temperature data
-rainfall averages
-OPC occurrence data

-Correlative species distribution models to get statistical relationships
between species and the environment

Modeling the Spatio-temporal
Roques, Lionel
2015
Dynamics of the Pine Processionary Rossi, Jean-Pierre
Moth
Berestycki, Henri
Rousselet, Jérôme
Garnier, Jimmy
10
Roquejoffre, JeanMichel
Rossi, Luca
Soubeyrand, Samuel
Robinet, Christelle
Expansion of geographic range in Battisti, Andrea
2005
the pine processionary moth
Stastny, Michael
11
caused by increased winter
Netherer, Sigrid
temperatures
Robinet, Christelle
Birds as predators of the pine
Barbaro, Luc
2011
processionary moth (Lepidoptera: Battisti, Andrea
Notodontidae)

France

6

-Pine processionary moth
observations
(presence/absence raster)
-Temperature data France
-Landscape characterististics
data of France

-Modeling the spread of the moth in heterogeneous environment
-Detect existence and effects of long distance dispersal events
-Detect correlation of the moth and landscape characteristics

Paris,
Northern
Italy

307

-Temperature (winter)
-Pine processionary
observations

- Developed a mechanistic model based on minimum nest temperatures -Due to warmer winters the pine -Winter temperature
and night air temperatures to check possible expansion of the pine
processionary caterpillar will be -Solar radiation
processionary caterpillar.
able to feed more nd this will
increase the spread.
-Literature study
-At least seven bird species can
-Seven types of birds
be considered as regular
predators of the pine
processionary moth: four large
migrant specialists (great spotted
cuckoo Clamator glandarius,
common cuckoo Cuculus canorus,
European nightjar Caprimulgus
europaeus and Eurasian hoopoe
Upupa epops) and three small
sedentary generalists (great tit
Parus major, crested tit
Lophophanes cristatus and coal tit
Periparus ater).

9

12

Current and future distribution of
the invasive oak processionary
moth

Publication date Study area
citations Data
2012
The
34
-6219 records of the OPC from
Netherlands,
collections, databases and
Belgium and
literature
Germany

Europe,
45
North Africa
and the Near
East

\

-Climate factors
-Extremely high
temperatures
-Human interaction
-Landscape characteristics
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B.1 OPC occurrence maps
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59

60

61

62

B.2 Moth occurrence maps

63

64

65

B.3 OPC hotspot maps

66

67

68
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B.4 Animations
Link animations: https://1drv.ms/u/s!Ajor3Xm4Yg05hcdX4n679z6S0S6YXw?e=1pVoqO
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C.1 Contingency tables
Tree undergrowth 2009

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Tree
undergrowth
absence
10568
0.996
46
0.004
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3224
0.981
63
0.019
3287
0.236
chi-squared
correlation Pvalue

69.080

0

Tree
undergrowth
absence
10551
0.994
63
0.006
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3245
0.987
42
0.013
3287
0.236
chi-squared
correlation Pvalue

14.773

0

Tree
undergrowth
absence
10368
0.977
246
0.023
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3053
0.929
234
0.071
3287
0.236
chi-squared
correlation Pvalue

172.107

0

Total

13792
109
13901

Tree undergrowth 2010

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13796
105
13901

Tree undergrowth 2011

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13421
480
13901
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Tree undergrowth 2012

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Tree
undergrowth
absence
10463
0.986
151
0.014
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3213
0.977
74
0.023
3287
0.236
chi-squared
correlation Pvalue

10.308

0.001

Tree
undergrowth
absence
10361
0.976
253
0.024
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3097
0.942
190
0.058
3287
0.236
chi-squared
correlation Pvalue

92.757

0

Tree
undergrowth
absence
10499
0.989
115
0.011
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3107
0.945
180
0.055
3287
0.236
chi-squared
correlation Pvalue

231.034

0

Total

13676
225
13901

Tree undergrowth2014

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13458
443
13901

Tree undergrowth2015

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13606
295
13901
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Tree undergrowth2016

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Tree
undergrowth
absence
10284
0.969
330
0.031
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3145
0.957
142
0.043
3287
0.236
chi-squared
correlation Pvalue

10.854

0

Tree
undergrowth
absence
10150
0.956
464
0.044
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3086
0.939
201
0.061
3287
0.236
chi-squared
correlation Pvalue

16.367

0

Tree
undergrowth
absence
9957
0.938
657
0.062
10614
0.764
chi-squared
correlation
statistic

Tree
undergrowth
presence
3024
0.920
263
0.080
3287
0.236
chi-squared
correlation Pvalue

13.031

0

Total

13429
472
13901

Tree undergrowth2017

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13236
665
13901

Tree undergrowth2018

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

12981
920
13901
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Sprayed pesticides2016
Sprayed
pesticides
absence
11188
0.978
254
0.022
11442
0.823
chi-squared
correlation
statistic

Sprayed
pesticides
presence
2241
0.911
218
0.089
2459
0.177
chi-squared
correlation Pvalue

270.484

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
12259
0.992
94
0.008
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1533
0.990
15
0.010
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

0.521

0.470

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
12272
0.993
81
0.007
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1524
0.984
24
0.016
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

13.519

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13429
472
13901

Roadside2009
Total
13792
109
13901

Roadside2010
Total
13796
105
13901
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Roadside2011

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
11890
0.963
463
0.037
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1531
0.989
17
0.011
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

28.185

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
12142
0.983
211
0.017
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1534
0.991
14
0.009
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

5.087

0.024

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
11931
0.966
422
0.034
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1527
0.986
21
0.014
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

18.251

0

Total
13421
480
13901

Roadside2012
Total
13676
225
13901

Roadside2014
Total
13458
443
13901
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Roadside2015

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
12069
0.977
284
0.023
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1537
0.993
11
0.007
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

15.954

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
11912
0.964
441
0.036
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1517
0.980
31
0.020
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

9.831

0.002

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
11721
0.949
632
0.051
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1515
0.979
33
0.021
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

26.247

0

Total
13606
295
13901

Roadside2016
Total
13429
472
13901

Roadside2017
Total
13236
665
13901
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Roadside2018

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Roadside
absence
11486
0.930
867
0.070
12353
0.889
chi-squared
correlation
statistic

Roadside
presence
1495
0.966
53
0.034
1548
0.111
chi-squared
correlation Pvalue

Pearson's chi-squared test

28.184

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3265
0.992
25
0.008
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10527
0.992
84
0.008
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

0.005

0.946

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3261
0.991
29
0.009
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10535
0.993
76
0.007
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

0.707

0.400

Total
12981
920
13901

Overgrown area2009
Total
13792
109
13901

Overgrown area2010
Total
13796
105
13901
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Overgrown area2011

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3244
0.986
46
0.014
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10177
0.959
434
0.041
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

53.783

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3251
0.988
39
0.012
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10425
0.982
186
0.018
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

4.729

0.03

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3233
0.983
57
0.017
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10225
0.964
386
0.036
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

28.932

0

Total
13421
480
13901

Overgrown area2012
Total
13676
225
13901

Overgrown area2014
Total
13458
443
13901
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Overgrown area2015

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3262
0.991
28
0.009
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10344
0.975
267
0.025
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

32.729

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3217
0.978
73
0.022
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10212
0.962
399
0.038
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

17.724

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3190
0.970
100
0.030
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
10046
0.947
565
0.053
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

28.291

0

Total
13606
295
13901

Overgrown area2016
Total
13429
472
13901

Overgrown area2017
Total
13236
665
13901
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Overgrown area2018

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

overgrown
absence
3159
0.960
131
0.040
3290
0.237
chi-squared
correlation
statistic

overgrown
presence
9822
0.926
789
0.074
10611
0.763
chi-squared
correlation Pvalue

Pearson's chi-squared test

47.919

0

Natural
predators
absence
13691
0.992
109
0.008
13800
0.993
chi-squared
correlation
statistic

Natural
predators
presence
101
1.000
0
0.000
101
0.007
chi-squared
correlation Pvalue

0.109

0.741

Natural
predators
absence
13592
0.993
102
0.007
13694
0.985
chi-squared
correlation
statistic

Natural
predators
presence
204
0.986
3
0.014
207
0.015
chi-squared
correlation Pvalue

0.574

0.449

Total
12981
920
13901

Natural predators2009

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13792
109
13901

Natural predators2010

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13796
105
13901
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Natural predators2011

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Natural
predators
absence
13008
0.966
461
0.034
13469
0.969
chi-squared
correlation
statistic

Natural
predators
presence
413
0.956
19
0.044
432
0.031
chi-squared
correlation Pvalue

0.92

0.337

Natural
predators
absence
13337
0.984
220
0.016
13557
0.975
chi-squared
correlation
statistic

Natural
predators
presence
339
0.985
5
0.015
344
0.025
chi-squared
correlation Pvalue

0

0.977

Natural
predators
absence
12588
0.971
378
0.029
12966
0.933
chi-squared
correlation
statistic

Natural
predators
presence
870
0.930
65
0.070
935
0.067
chi-squared
correlation Pvalue

44.759

0

Total

13421
480
13901

Natural predators2012

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13676
225
13901

Natural predators2014

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13458
443
13901
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Natural predators2015

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Natural
predators
absence
12906
0.979
275
0.021
13181
0.948
chi-squared
correlation
statistic

Natural
predators
presence
700
0.972
20
0.028
720
0.052
chi-squared
correlation Pvalue

1.256

0.262

Natural
predators
absence
13096
0.967
450
0.033
13546
0.974
chi-squared
correlation
statistic

Natural
predators
presence
333
0.938
22
0.062
355
0.026
chi-squared
correlation Pvalue

7.864

0.005

Natural
predators
absence
12897
0.953
640
0.047
13537
0.974
chi-squared
correlation
statistic

Natural
predators
presence
339
0.931
25
0.069
364
0.026
chi-squared
correlation Pvalue

3.111

0.078

Total

13606
295
13901

Natural predators2016

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13429
472
13901

Natural predators2017

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

13236
665
13901
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Natural predators2018
Natural
predators
absence
12632
0.935
879
0.065
13511
0.972
chi-squared
correlation
statistic

Natural
predators
presence
349
0.895
41
0.105
390
0.028
chi-squared
correlation Pvalue

9.210

0.002

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
12168
0.992
104
0.008
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1624
0.997
5
0.003
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

4.728

0.03

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
12171
0.992
101
0.008
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1625
0.998
4
0.002
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

5.65

0.018

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Pearson's chi-squared test

Total

12981
920
13901

Barren area 2009
Total
13792
109
13901

Barren area 2010
Total
13796
105
13901
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Barren area 2011

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
11820
0.963
452
0.037
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1601
0.983
28
0.017
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

16.061

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
12068
0.983
204
0.017
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1608
0.987
21
0.013
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

1.034

0.309

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
11850
0.966
422
0.034
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1608
0.987
21
0.013
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

20.847

0

Total
13421
480
13901

Barren area 2012
Total
13676
225
13901

Barren area 2014
Total
13458
443
13901
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Barren area 2015

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
11993
0.977
279
0.023
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1613
0.990
16
0.010
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

10.931

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
11830
0.964
442
0.036
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1599
0.982
30
0.018
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

13.051

0

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
11667
0.951
605
0.049
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1569
0.963
60
0.037
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

4.637

0.031

Total
13606
295
13901

Barren area 2016
Total
13429
472
13901

Barren area 2017
Total
13236
665
13901
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Barren area 2018

OPC absence
OPC absence (relative)
OPC presence
OPC presence (relative)
Total
Total (relative)
chi-squared correlation method

Barren
area
absence
11430
0.931
842
0.069
12272
0.883
chi-squared
correlation
statistic

Barren
area
presence
1551
0.952
78
0.048
1629
0.117
chi-squared
correlation Pvalue

Pearson's chi-squared test

9.666

0.002

Total
12981
920
13901

C.2 Boxplots & T-test tables
Age of the tree
Age of the tree
years T-value
2009 3.071563
2010 4.527024
2011 -3.13716
2012 3.433597
2014 -6.42883
2015 0.493592
2016 -1.13666
2017 -6.20556
2018 -13.1267
Mean
-2.05657

Degrees of freedom
111.848983
109.1112267
521.0051962
224.0513294
483.6486649
305.4641605
475.5178388
652.0498976
929.2525766

P-value
0.00267404
1.53293E-05
0.001802373
0.000709433
3.0885E-10
0.621949222
0.256252008
9.69067E-10
3.11508E-36
Mean
0.098155823
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87

88

89

Height of the tree
Height of the tree
years T-value
Degrees
freedom
2009 2.141566 108.8744
2010 2.186614 103.4822
2011 -1.93024 484.3592
2012 -6.81782 210.4596
2014 -5.11782 430.7392
2015 -2.1803
287.1501
2016 -3.07383 461.4263
2017 -9.41511 683.469
2018 -11.816
1016.023
Mean
-4.00255

of P-value
0.034458
0.031023
0.05416
9.6E-11
4.67E-07
0.030047
0.002239
7.09E-20
2.8E-30
Mean
0.016881

90

91

92

93

Solar radiation
Solar radiation
years T-value
2009 -5.98301
2010 -7.66788
2011 -8.63656
2012 -4.65565
2014 -8.01543
2015 -1.80853
2016 -7.27676
2017 -9.56338
2018 -9.96779
Mean
-7.06389

Degrees of freedom
113.0616775
109.6619623
562.0927678
237.7984031
507.0202795
310.5963853
536.8125583
810.8651678
1196.597231

P-value
2.63E-08
7.59E-12
6E-17
5.37E-06
7.62E-15
0.071491
1.22E-12
1.33E-20
1.55E-22
Mean
0.007944

94

95

96

97

Distance previous infected trees
Distance previous infected tree
years T-value
Degrees of freedom
2010 34.74377 120.1412564
2011 12.60738 524.7104398
2012 13.10742 251.2821102
2014 10.44646 485.3376862
2015 33.10986 393.8997396
2016 12.13175 513.6542223
2017 27.31626 961.889351
2018 17.82668 1248.080165
Mean
20.1612

P-value
1.62824E-64
5.08725E-32
2.92509E-30
3.53092E-23
7.2975E-116
5.85167E-30
4.483E-122
1.66863E-63
Mean
4.41364E-24
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99

100

UHI
UHI
years
2009
2010
2011
2012
2014
2015
2016
2017
2018

T-value
-5.983367684
-4.687499522
8.859137548
5.147930874
12.04455932
9.867650041
4.187936026
7.934431895
3.552729768
Mean
4.547056474

Degrees of freedom
115.9575616
111.2070491
536.7589533
237.1721513
488.2958692
315.4242719
522.9003262
748.4112141
1049.515467

P-value
2.49037E-08
7.89695E-06
1.18149E-17
5.52874E-07
1.96092E-29
3.42399E-20
3.30357E-05
7.71392E-15
0.000398199
Mean
4.88566E-05

101

102

103
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D.1 Model summaries
2010
glm(formula = presenc ~ UHI + dist_prevInf, family = binomial(link = "logit
"),
data = train2010, na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-2.3116 -0.5843
0.1861

3Q
0.7405

Max
2.5700

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept)
5.9999576 1.5925881
3.767 0.000165 ***
UHI
-3.6604377 1.2270660 -2.983 0.002854 **
dist_prevInf -0.0024501 0.0004527 -5.412 6.24e-08 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 202.40
Residual deviance: 125.39
AIC: 131.39

on 145
on 143

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 6

2011
glm(formula = presenc ~ BGT_brm + sol_rad + UHI + dist_prevInf +
hght_tr, family = binomial(link = "logit"), data = train2011,
na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-1.9261 -1.0810
0.6665

3Q
0.9995

Max
2.1856

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept)
2.867e+00 6.479e-01
4.426 9.62e-06 ***
BGT_brm1
-1.190e+00 3.875e-01 -3.070 0.00214 **
sol_rad
4.915e-07 3.842e-07
1.279 0.20087
UHI
-2.206e+00 3.354e-01 -6.577 4.79e-11 ***
dist_prevInf -4.971e-04 7.530e-05 -6.601 4.08e-11 ***
hght_tr9
-1.706e-01 3.222e-01 -0.530 0.59641
hght_tr12
-4.027e-01 3.322e-01 -1.212 0.22545
hght_tr15
-4.746e-01 3.292e-01 -1.442 0.14941
hght_tr18
-1.469e+00 4.648e-01 -3.159 0.00158 **
hght_tr24
-1.891e+00 1.281e+00 -1.477 0.13977
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 828.34 on 597 degrees of freedom
Residual deviance: 731.44 on 588 degrees of freedom
(74 observations deleted due to missingness)
AIC: 751.44
Number of Fisher Scoring iterations: 4
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2012
glm(formula = presenc ~ sol_rad + UHI + dist_prevInf + hght_tr,
family = binomial(link = "logit"), data = train2012, na.action = na.omi
t,
method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-1.9946 -1.0464
0.5683

3Q
1.0441

Max
1.8523

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) -8.670e-01 9.393e-01 -0.923 0.356016
sol_rad
5.960e-07 5.474e-07
1.089 0.276248
UHI
-3.142e-01 4.309e-01 -0.729 0.465853
dist_prevInf -7.738e-04 2.892e-04 -2.675 0.007470 **
hght_tr9
3.732e-01 4.867e-01
0.767 0.443176
hght_tr12
1.029e+00 4.892e-01
2.103 0.035425 *
hght_tr15
1.071e+00 4.862e-01
2.204 0.027529 *
hght_tr18
2.230e+00 6.039e-01
3.693 0.000222 ***
hght_tr24
1.507e+01 8.827e+02
0.017 0.986380
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 374.86 on 270 degrees of freedom
Residual deviance: 335.62 on 262 degrees of freedom
(43 observations deleted due to missingness)
AIC: 353.62
Number of Fisher Scoring iterations: 13

2014
glm(formula = presenc ~ BGT_bgr + BGT_brm + BGT_nbg + sol_rad +
UHI + dist_prevInf, family = binomial(link = "logit"), data = train2014
,
na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
-1.95475 -1.06932

Median
0.05827

3Q
1.04082

Max
1.94593

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept)
2.194e+00 8.994e-01
2.440 0.01470 *
BGT_bgr1
-1.581e+00 7.924e-01 -1.995 0.04603 *
BGT_brm1
-1.777e+00 8.570e-01 -2.074 0.03812 *
BGT_nbg1
-2.018e+00 8.808e-01 -2.291 0.02197 *
sol_rad
1.020e-06 3.210e-07
3.177 0.00149 **
UHI
-1.465e+00 2.876e-01 -5.094 3.51e-07 ***
dist_prevInf -4.335e-04 8.098e-05 -5.353 8.64e-08 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 859.50
Residual deviance: 772.17
AIC: 786.17

on 619
on 613

degrees of freedom
degrees of freedom
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Number of Fisher Scoring iterations: 4

2015
glm(formula = presenc ~ undrgrw + dist_prevInf, family = binomial(link = "l
ogit"),
data = train2015, na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-1.6770 -1.0926
0.3136

3Q
0.8642

Max
2.2461

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept)
0.2683148 0.1878777
1.428 0.153253
undrgrw1
0.8567036 0.2350304
3.645 0.000267 ***
dist_prevInf -0.0021626 0.0003647 -5.930 3.03e-09 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 571.15
Residual deviance: 464.37
AIC: 470.37

on 411
on 409

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 5

2016
glm(formula = presenc ~ undrgrw + sol_rad + ntrlprd + dist_prevInf +
sprayed, family = binomial(link = "logit"), data = train2016,
na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
-1.85908 -1.01274

Median
0.02977

3Q
1.08507

Max
2.14812

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) -6.091e-01 4.084e-01 -1.491
0.1358
undrgrw1
-3.889e-01 2.083e-01 -1.867
0.0619 .
sol_rad
6.964e-07 3.117e-07
2.234
0.0255 *
ntrlprd1
1.071e+00 4.947e-01
2.165
0.0304 *
dist_prevInf -6.960e-04 1.174e-04 -5.931 3.01e-09 ***
sprayed1
1.192e+00 1.901e-01
6.268 3.65e-10 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 914.95
Residual deviance: 803.37
AIC: 815.37

on 659
on 654

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 4
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2017
glm(formula = presenc ~ BGT_brm + UHI + dist_prevInf + hght_tr,
family = binomial(link = "logit"), data = train2017, na.action = na.omi
t,
method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-1.7427 -1.1047
0.6997

3Q
0.9819

Max
2.2086

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept)
0.3611772 0.3497916
1.033 0.30181
BGT_brm1
-0.9015633 0.2876680 -3.134 0.00172 **
UHI
-0.1982184 0.2295489 -0.864 0.38786
dist_prevInf -0.0018409 0.0002251 -8.178 2.88e-16 ***
hght_tr9
0.3183209 0.2814895
1.131 0.25812
hght_tr12
0.5112804 0.2811109
1.819 0.06894 .
hght_tr15
0.7081317 0.2791413
2.537 0.01119 *
hght_tr18
1.0297581 0.3371566
3.054 0.00226 **
hght_tr24
-0.4289341 0.7851348 -0.546 0.58485
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 1154.1 on 832 degrees of freedom
Residual deviance: 1021.7 on 824 degrees of freedom
(97 observations deleted due to missingness)
AIC: 1039.7
Number of Fisher Scoring iterations: 4

2018
glm(formula = presenc ~ sol_rad + dist_prevInf + hght_tr, family = binomial
(link = "logit"),
data = train2018, na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-1.4939 -1.1511
0.9061

3Q
1.0082

Max
2.0413

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) -4.499e-01 3.303e-01 -1.362
0.1732
sol_rad
3.831e-07 2.336e-07
1.640
0.1010
dist_prevInf -1.083e-03 1.945e-04 -5.568 2.57e-08 ***
hght_tr9
-1.170e-01 2.291e-01 -0.511
0.6095
hght_tr12
5.666e-01 2.325e-01
2.437
0.0148 *
hght_tr15
5.450e-01 2.276e-01
2.394
0.0167 *
hght_tr18
6.240e-01 2.679e-01
2.329
0.0198 *
hght_tr24
8.662e-01 7.354e-01
1.178
0.2388
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 1589.6

on 1148

degrees of freedom
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Residual deviance: 1510.8 on 1141 degrees of freedom
(139 observations deleted due to missingness)
AIC: 1526.8
Number of Fisher Scoring iterations: 4

2019
glm(formula = presenc ~ BGT_bgr + sol_rad + dist_prevInf, family = binomial
(link = "logit"),
data = train2019, na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-1.4163 -1.1935
0.3974

3Q
1.0262

Max
2.2220

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) -1.049e+00 2.367e-01 -4.433 9.28e-06 ***
BGT_bgr1
3.916e-01 1.283e-01
3.052 0.00228 **
sol_rad
8.825e-07 1.762e-07
5.010 5.45e-07 ***
dist_prevInf -1.386e-03 1.673e-04 -8.282 < 2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 2550.8
Residual deviance: 2389.1
AIC: 2397.1

on 1839
on 1836

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 4

All the years together
glm(formula = presenc ~ sol_rad + dist_prevInf + UHI + undrgrw +
BGT_nbg + BGT_brm + BGT_bgr + ntrlprd + age_tre + hght_tr +
sprayed, family = binomial(link = "logit"), data = alldata,
na.action = na.omit, method = "glm.fit")
Deviance Residuals:
Min
1Q
Median
-0.9268 -0.2789 -0.2136

3Q
-0.1527

Max
3.3288

Coefficients:
(Intercept)
sol_rad
dist_prevInf
UHI
undrgrw1
BGT_nbg1
BGT_brm1
BGT_bgr1
ntrlprd1
age_tre
hght_tr9
hght_tr12
hght_tr15

Estimate Std. Error z value Pr(>|z|)
-2.132e+00 4.627e-01 -4.608 4.07e-06 ***
4.163e-07 2.160e-07
1.927 0.054001 .
-6.346e-04 8.202e-05 -7.737 1.02e-14 ***
-8.641e-02 1.784e-01 -0.484 0.628112
-4.475e-01 1.299e-01 -3.446 0.000570 ***
-1.996e+00 3.865e-01 -5.166 2.39e-07 ***
-1.836e+00 3.799e-01 -4.834 1.34e-06 ***
-1.475e+00 3.350e-01 -4.403 1.07e-05 ***
8.247e-01 2.458e-01
3.355 0.000792 ***
3.794e-04 1.215e-04
3.122 0.001794 **
-7.141e-02 1.692e-01 -0.422 0.673031
-6.257e-02 1.877e-01 -0.333 0.738823
2.455e-01 1.690e-01
1.453 0.146274
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hght_tr18
6.960e-01 2.136e-01
3.259 0.001118 **
hght_tr24
-5.248e-01 1.040e+00 -0.504 0.613916
sprayed1
1.261e+00 1.102e-01 11.440 < 2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 3722.7 on 11941 degrees of freedom
Residual deviance: 3380.9 on 11926 degrees of freedom
(113167 observations deleted due to missingness)
AIC: 3412.9
Number of Fisher Scoring iterations: 7

Prediction Amersfoort
glm(formula = presenc ~ undrgrw + BGT_nbg + BGT_brm + BGT_bgr,
family = binomial(link = "logit"), data = trainalldata, na.action = na.
omit,
method = "glm.fit")
Deviance Residuals:
Min
1Q
-1.43332 -1.13086

Median
0.01283

3Q
1.22469

Max
1.64021

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) 0.27317
0.22240
1.228
0.2193
undrgrw1
0.69454
0.05336 13.017 < 2e-16 ***
BGT_nbg1
-0.93284
0.23538 -3.963 7.4e-05 ***
BGT_brm1
-0.93114
0.23761 -3.919 8.9e-05 ***
BGT_bgr1
-0.38368
0.22422 -1.711
0.0871 .
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 10297.4
Residual deviance: 9997.3
AIC: 10007

on 7427
on 7423

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 4
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D.2 ROC curves
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