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Abstract: Insect pests are one of the major threats to forests. Although invasive species cause more
and more impacts, native species could also become real pests. The population dynamics of insects
relies on several factors, going from weather to stand conditions. Due to global change, insects could
face conditions they have never encountered, leading to unusual population outbreaks. Forest managers need to consider these possible emergent pests. However, the biology of these new pests is
generally poorly described and predicting insect outbreaks is thus very challenging. In this context,
we have developed a generic model of emergence to describe local outbreaks. This model describes
the probability of occurrence of an outbreak at a given time and at a given area, based on several
conditions (34 variables). It has been built and parametrized on different orders of European forest
pests. This parametrization allows obtaining species profiles that can be used as a baseline to make
predictions even if poor data are available on the pest, to ensure the genericity of the model. This is
to our knowledge the very first generic outbreak model that has been developed so far. This model
was coded in R and a user-friendly version using a shiny app was developed. In this work, we are
going to present the model and its validation.
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1. Introduction
Pest outbreaks are major threats for forests [1]. Global changes can affect the occurrence of outbreak: their frequency could be modified [2], and species could make outbreak
in new places [3].
Predicting the occurrence of such events would help to design more efficient ways
to manage pests and thus to protect the forest. By anticipating the year an outbreak is
expected, or the place where it could occur, the surveillance could be optimized accordingly. In the same way, monitoring only a few species, the more likely to outbreak could
contribute to the management optimization.
Outbreaks rely on several environmental factors [4], and modelling can be used to
sum up the biological knowledge and to make predictions. Various models have been
developed to tackle this question (for instance [5][6][7]). These models can successfully
predict the occurrence of outbreak but they only focus on some variables. Capitalizing on
all these studies could allow to have a more general understanding of potential outbreak
drivers, and predict them even in new conditions.
The model should also be designed to be easily applied to less studied species. In
fact, some species are particularly well described such as Ips typographus [6]–[8], because
they cause damages for a long time. However, due to climate changes, other species could
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make more damages, for which less data are available. A generic model could therefore
help to make prediction for this species, and help to manage them before they become a
threat.
In this work, we have built a model to compute a probability of outbreak occurring
based on environmental factors reported to be involved in forest insect outbreaks. The
parametrization of the model was made for four orders of forest insect pests, focusing on
European forests.
2. Methods
2.1. Mathematical model
The model is inspired by data fusion methods used in imagery [8]. For each environmental variable xi, a probability that an outbreak occurs is calculated. A total probability
P(outbreak|(x1,..., xn)) is then calculated by averaging these probabilities, leading to:
P(outbreak|(x1,..., xn))=g(f1 (x1),..., fn(xn)),

(1)

The functions fi have to provide a value between 0 and 1. In this work, four type of
functions, described on Figure 1 have been used. These functions encompass a wide range
of responses to environment.

Figure 1. The four type of functions fi used in the model.

The function g is defined as the geometric means of the different fi.
This model has been implemented in R [10].
2.2. Variables of the model
To develop a generic model, we selected 34 input variables. These variables have
been selected based on their accessibility (i.e;, datasets easy to retrieve), and their expected
effect on outbreak.
Climatic data have been retrieved from the dataset CRU-TS 4.03 [11] downscaled
with WorldClim 2.1 [12]. This dataset contains the monthly sum of precipitations and average monthly minimal and maximal temperatures from 1960 to 2018 throughout Europe.
A total of 13 climatic variables have been defined: the mean temperature on each trimester,
the sum of precipation on each trimester, the de Martonne aridity index for each trimester,
and the lowest annual temperature. The mean temperature was computed using the average monthly minimal and maximal temperature and then averaged by trimester. The
aridity index IdM is defined as [13]:
IdM = (sum of precipitation)/(mean temperature+10),

(1)
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Each climatic variable is considered for the year in which we aim to estimate the
probability of outbreak but also the previous year, leading to 26 climatic variables.
A variable described the richness of the soil. The data was retrieved from the
FAO/UNESCO dataset [14]. Three variables described the topography: the altitude, the
slope and its orientation. The altitude was based on the SRTM (Shuttle Radar Topography
Mission) data, found on the WorldClim website. The slope (in %) and its direction were
computed using the altitude. Forest covering is described by three variables: the presence
of conifer, the presence of deciduous tree, and the density of the host of the pest. This data
has been retrieved from the EFI (European Forest Institute) [15]. Therefore, a total of 7
variables describes the stand conditions.
The 34th variable is the occurrence of an outbreak on the site the previous year.
2.3. Parameters inference and validation of the model
Recorded outbreaks have been extracted from DSF database (French Forest Health
Department, depending on the Ministry of Agriculture). In order to have enough outbreak
data to estimate the parameters correctly, the species have been grouped by orders. Four
orders have been studied in this work: Lepidoptera, Coleoptera, Hemiptera and Hymenoptera.
ABC-SMC methods [16] were used to infer the parameters values for the different
order of pests.
The prediction of the model has then been compared to outbreak recorded in the
literature. The Hymenoptera profile has been compared to data of Diprion pini [6], the
Lepidoptera profile to data of Dendrolimus pini [18], the Hemiptera to Elatobium abientinum
[19] and the Coleoptera profile to data of Ips typographus. For each profile, the Area Under
the ROC Curve (AUC) has been calculated.
3. Results
The model predicts the probability for an outbreak to occur based on several environmental variables. The parameters estimation has been made for four pest orders (Lepidoptera, Coleoptera, Hymenoptera and Hemiptera), leading to four generic profile.
The different profiles have then been tested on the data found in the literature. The
data used for the validation are different from the ones used for estimating the parameters
to ensure an independent validation. The ROC curves and their AUC are represented in
Figure 2. The AUC is between 0.57 and 0.75. This score is quite good, especially for a generic model. The generic outbreak model fits the best for the Lepidoptera profile and the
lowest for the Hemiptera profile.

Figure 2. ROC curves and AUC for each pest profiles.
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4. Discussion
In this work, we build a generic model to predict the outbreak of the forest pest and
parametrize it for different pest orders. The results are quite good, considering that the
model is generic. The accuracy is limited by the need to consider any species of the same
order. The model is either able to determine years unsuitable for an outbreak, as for Hymenoptera, or to predict “suitable” year, as for Lepidoptera. This difference could be explained by the effect of the variable considered. If a variable is a driver, and trigger the
outbreak, the model will have a higher sensitivity, but if the variable is an “inhibitor” and
prevent the outbreak, the model will have a higher specificity.
Two directions should be considered to improve this generic outbreak model.
First the profile could represent smaller clades. Orders cover a huge diversity of species that could behave differently to environmental variables. Families or genus gather
less species, but with more similar life-history. Considering such smaller clades would
allow refining the parametrization. However, the model being too specific in that case
would be less generic and therefore less useful when considering any kind of forest insect
pests as we have not enough data to do this for all possible small clades. The optimal way
to group and describe species outbreak is a tricky question.
Secondly, the variables could be selected differently. Here the variable has been selected for their easy accessibility. As a consequence, these variables are average or proxy
or other variables. For instance, the evapotranspiration is often relevant, but is difficult to
measure. This variable is linked to the temperature and the precipitation, which are considered in the model. Considering the real driver rather than proxy could increase the
model accuracy. This problem is easy to fix in this model, given that the dataset is available. Since the variables are independent, a variable can be added (or removed) without reperforming the estimation of the parameters. This is one of the strengths of this generic
model. This generic outbreak model can therefore also be used for well-studied species
with a refined approach. The user can use the profile as a baseline, and add variables (and
their parameters) in order to increase the accuracy of the model.
This model could be useful for management of forest stand. The model could help to
identify a group of species to control. It could also help to discard some years or some
areas unsuitable for outbreaks: monitoring efforts could be reduced to save time and resources. In contrast, the model could be used to manage a stand, and could provide, for
given year, the most likely pest order to outbreak. The management strategy could then
be adapted depending on the type of pest to reallocate monitoring efforts.
5. Conclusions
We built a generic model to predict the probability of outbreak of European forest
pests and we parametrized it for different pest orders. This model allows to make predictions and could help to manage forest stands. This work was done in the frame of the
European project HOMED and will feed a toolbox for the assessment and management of
emerging or invasive pests of European forests.
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