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Abstract

Implementing insect monitoring systems provides an excellent opportunity to create accurate in-
terventions for insect control. However, selecting the appropriate time for an intervention is still
an open question due to the inherent difficulty of implementing on-site monitoring in real-time.
A possible solution to enhance decision-making is to apply forecasting methods to predict insect
abundance. However, another layer of complexity is added when other covariates are considered
in the forecasting, such as climate time series collected along the monitoring system. Multiple
combinations of climate time series and their lags can be used to build a forecasting method.
Therefore, we propose a new approach to address this problem by combining statistics, machine
learning, and time series embedding. We used two datasets containing a time series of aphids
and climate data collected weekly in two municipalities in Southern Brazil for eight years. We
conduct a simulation study based on a probabilistic autoregressive model with exogenous time
series based on Poisson and negative binomial distributions to evaluate the performance of our
approach. We pre-processed the data using our newly proposed approach and more straightfor-
ward approaches commonly used to train learning algorithms. We evaluate the performance of
the selected algorithms by looking at the Pearson correlation and Root Mean Squared Error ob-
tained using one-step-ahead forecasting. Based on Random Forests, Lasso-regularised linear re-
gression, and LightGBM regression algorithms, we showed the feasibility of our novel approach,
which yields competitive forecasts while automatically selecting insect abundances, climate time

series and their lags to aid forecasting.



1 Introduction

Insect outbreaks have frequently been documented in pest populations (Bell-Doyon et al., 2024;
Lindroth et al., 2024; Lynch, 2009, 2018; Santos et al., 2017; Singh et al., 2024). This ecological
disturbance can affect forests and agroecosystems (Lantschner et al., 2019; Nair, 2001; Wallner,
1987), resulting in economic and environmental damage. Yield loss is an example of the impacts
of the insect outbreak due to the consumption of plants by the pest species. Arthropod pests
are responsible for 20% of global annual crop losses (Mateos Ferndndez et al., 2022). Also, the
transmission of diseases from insect-plant interaction (Brown et al., 2002; Heck, 2018; Hoffmann
et al., 2023; Perring et al., 1999; Smyrnioudis et al., 2001) provides a clear example of how vital
the correct management of insect outbreak is for avoiding economic damage.

When insect outbreaks start evolving in natural regions, they can disturb the food chain in the
ecosystem, impacting biodiversity by reducing the population of other essential species (Lindroth
et al., 2024; Miiller et al., 2008). There are several examples of insect pest species related to
outbreaks in forests (Singh and Satyanarayana, 2009) and crops, such as Thyrinteina arnobia and
Stenalcidia sp (Geometridae) (Zanuncio et al., 2006), Oncideres impluviata (Cerambycidae) (Ono
etal., 2014), Chrysodeixis includes and Anticarsia gemmatalis (Lepidoptera: Noctuidae) (Bueno et al.,
2010; Muller et al., 2008; Palma et al., 2023; Santos et al., 2017).

These examples motivate developing and implementing forecasting methods to prevent in-
sect outbreaks. Especially methods that predict the best moment to proceed with interventions
in the pest population. The possible types of interventions are well-studied in the Integrated
Pest Management (IPM) field. So, the vast number of alternative solutions, such as biological,
physical, chemical and biotechnology control approaches (Grijalva et al., 2024; Mateos Ferndndez
et al., 2022; Taggart et al., 2024) provides an excellent toolkit for growers; however, methods sup-
porting accurate decisions for preventing insect outbreaks still lead to open research questions,
helping the discovery of the appropriate solution to be applied in the field to reduce crop losses.

There are several approaches to implementing outbreak forecasting. One alternative is to



predict the event using an algorithm to classify a binary problem (outbreak and non-outbreak)
or provide forecasts for the abundance of insects. Based on event prediction, machine learning
algorithms have demonstrated high performance for classifying insect outbreaks (Jiang et al.,
2024; Palma et al., 2023; Ramazi et al., 2021). Also, machine learning has demonstrated promis-
ing results for forecasting insect abundance (Ceia-Hasse et al., 2023; Chen et al., 2019; Kishi et al,,
2023; Rouabah et al., 2022; Scavuzzo et al., 2018; Zhao et al., 2020). The findings have shown that
in some cases, machine learning methods achieve higher performance than traditional methods
when analysing different types of time series (Biittner and Rabe, 2021; Hamdoun et al., 2021;
Khedmati et al., 2020; Maaliw et al., 2021; Masini et al., 2023; Spiliotis et al., 2020). These al-
gorithms can include multiple exogenous time series to obtain forecasts of a target time series,
and recent reviews highlighted the efficiency of high-dimension algorithms, such as Lasso-type,
Random Forests and Ensemble-based algorithms (Masini et al., 2023). These examples inspire
the application of machine-learning algorithms to insect abundance forecasting in more depth.
Climate covariates are also collected over time in many insect monitoring systems. Since
insects are poikilothermic organisms subject to meteorological variations on different tempo-
ral scales, climate coraviates may play an important role in their development. Meteorological
variables such as temperature and rainfall are among the main abiotic factors that influence in-
sect population dynamics. Among the complex pests affected by short- and long-term climate
changes, aphids are the most sensitive and are commonly used as a study model (Engel et al,,
2022). This brings additional opportunities to enhance insect abundance forecasting. However, it
introduces more complexity to the analysis, considering the multiple combinations of lags from
each climate time series (Brabec et al., 2014) that can be used as features of machine learning
algorithms. To address this problem, this paper introduces a novel approach for predicting in-
sect abundance by combining statistics, machine learning, and time series analysis techniques.
Our primary contribution is to provide a novel approach combining Takens’ embedding theo-
rem and Granger’s causality to automatically select the lags of time series of insect abundances

and climate variables to aid forecasting. We introduce a framework for understanding the causal



effects of climate on insect abundance, considering multiple lags. Then, we use LightGBM, Lasso-
regularised linear regression, and Random Forest algorithms to predict crop pest dynamics based
on the forecast-focussed causal analysis. Finally, we combine these techniques for predicting in-
sect abundance, illustrating our findings with two real-time series of aphid populations in the
State of Rio Grande do Sul (RS) in Southern Brazil, and a simulation study based on Poisson and

negative binomial autoregressive models with exogenous time series.

2 Methods

2.1 Reconstructing time series dependencies

Before proceeding with any learning strategy applied to temporal data, we must reconstruct it by
unfolding time dependencies among observations (Mello and Ponti, 2018). For instance, classical
time series modelling approaches such as AR, ARMA, and ARIMA perform such reconstruction
implicitly while modelling the influences that past observations have on current ones. In this
context, we apply Takens’ embedding theorem to explicitly reconstruct each observation x(t)
from a time series X with T observations, for all t = 1,...,T, in a phase space coordinates ® in

the form:
¢r = (x(),x(t+71),...,x(t+ (tm — 1)), (1)

having m as the embedding dimension or the number of spatial axes, and T as the time delay in
between consecutive observations, finally ¢; corresponds to a position vector or state in a phase
space @, i.e., (¢1,¢2,...,¢T,(Tm,7)) c ®.

In our particular scenario, given our interest in analysing cause-effect relationships among
time series observations, we employed Granger’s causality (Pearl et al., 2000; Shojaie and Fox,
2022) to map how a given exogenous or explanatory variable (another time series such as tem-
peratures, rainfall, etc.) influences or anticipates events on the target time series (e.g. population

size of insects) which is based on a set of past observations with the time delay T = 1, so that



consecutive past observations are used to inform the machine learning approaches, following the
suggestions of Rios and de Mello (2013). The embedding dimension m can be estimated using
Autoregressive models (AR) (Box et al., 2015). Granger’s causality allows the identification of the
time delay between the exogenous series and the target series. In addition to such reconstruction,

Granger’s method requires the following additional steps:

1. Take the target time series Y (insect abundances over time) and employ first-order differ-
ences while it contains a relevant non-stationary component, which can be detected based

on the Augmented Dickey-Fuller Test;

2. Take every exogenous time series X;, where i = 1,...,I and I is the number of exogenous
times series. For each Xj, ensure it is stationary by performing the same steps considered

in the previous item;

3. Employ the cross-correlation function (CCF) on every pair on the stationary versions of
an exogenous X; and the target time series Y to measure the time delay for which the
exogenous series has the greatest correlation (maximal correlation MC(X;,Y) = arg max )

CCF(X;,Y)
with a future observation of the target time series;

4. Take time delay T = 1 and estimate the embedding dimension m by using the AR model

on every time series (exogenous and target);

5. Employ Takens” embedding theorem to reconstruct all time series (exogenous and target),

resulting in one data frame or panel per series;

6. The maximal correlation MC(X;,Y) is then used as a criterion to join data frames into a

single dataset D and perform learning.

It is worth detailing how those data frames are merged based on the maximal correlation
of every exogenous time series X; with the target series Y described as MC(X;,Y). Suppose
MC(Xiaintan, Y) = —5, this means every current value of Y, this is Y(t), is most likely to depend

on Xpainfan (£ — 5). Consequently, they should be aligned before proceeding with modelling.
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Figure 1: Flowchart of the necessary steps to reconstruct time series dependencies using Takens’

embedding theorem and Granger’s causality.

Suppose Mpjntail = 3 and Miarget = 2, then we will have data frames built as follows: i) ev-
ery row of the rainfall data frame will contain (Xyainfan (f — 2), Xrainfan (! — 1), Xrainfan (#)); and ii)
every row of the target data frame will contain (Y (t — 1), Y(#)). Now, taking into consideration
MC(Xainfan, Y) = —5, we must merge those data frames to produce (Xainfan (t — 7), Xrainfan (f —
6), Xrainfan (f —5), Y (t — 1), Y(t)) in which the three columns associated with the exogenous series
were time displaced so that Xiqinfan(f — 5) is used to bring as much information as possible to
predict Y(t). The same steps must be performed on all exogenous variables to obtain a single
data frame D, plugging all explanatory time series into our target series. Any machine learning
method can be used to forecast Y(t) after combining all explanatory time series into the target
series based on the described method. Here, we present forecasting results based on three al-
gorithms commonly used for this context: LightGBM, Random Forests and Lasso-regularised
linear regression. Algorithm 1 illustrates the steps used by the proposed approach, and Figure 1

presents a flowchart highlighting the approach.



Algorithm 1 Time series reconstruction pseudo algorithm detailing the proposed approach.

1: Input: Target time series Y, exogenous time series {X1, Xo,..., Xj, ..., X1}

2: Output: Reconstructed dataset D for learning

3: Step 1: Make Y stationary

4:  Apply first-order differences to Y until stationarity is achieved based on the Augmented
Dickey-Fuller Test

5: fori =1to I do

6:  Step 2: Make X; stationary

7: Apply first-order differences to X; until stationarity is achieved based on the Augmented

Dickey-Fuller Test
8: end for
9: Step 3: Determine maximal correlation delays

10: fori =1to I do

11: Compute Cross-Correlation Function (CCF) between X; and Y
12: Find time delay 7" = arg max

CCF(X,,Y)
13: end for

14: Step 4: Estimate embedding dimension

15 Set time delay 7 = 1

16: for each time series in {Y, X3,...,X;} do

17: Fit an Auto-Regressive (AR) model to estimate embedding dimension m

18: end for

19: Step 5: Reconstruct time series using Takens’ embedding

20:  Apply Takens’ embedding theorem to each stationary time series with embedding dimen-
sion m and delay T

21:  Create a data frame or panel for each reconstructed series

22: Step 6: Merge datasets based on maximal correlation

23:  Use MC(X;,Y) to join all reconstructed data frames into a single dataset D

24:  Apply the chosen learning algorithm on the reconstructed dataset D to obtain forecasts.

8
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Figure 2: All exogenous and target time series used to illustrate the proposed approach.

2.2 Insect time series datasets

To compare the performance of the selected algorithms against each other, we used two real
datasets of 211 observations each, including the total number of sampled aphids obtained from
a monitoring system in Coxilha (528°11'16.9” W52°19'31.7") and Passo Fundo (528°13'36.6”
W52°24’13.4") in the State of Rio Grande do Sul in Southern Brazil (Engel et al., 2022). Each ob-
servation of the insect abundance time series contains climate covariates. In Table 1, we present
a sample from the time series collected over the weeks related to the datasets and in Figure 2 we
present a visualisation of the time series used in this paper. Both regions use the same climate
time series, given that the sampling areas are separated by approximately 12 kilometres. Thus,

the main difference is the aphids” population dynamics.



Table 1: A sample of 4 weeks showing the features collected for Coxilha and Passo Fundo regions.
The dataset contains the region (region), year (year), week (w), the temperature (tmin and tmax),
rainfall (pmm), relative humidity (ur), wind speed (wmax and wmean), the temperature at 5 and

10 cm of the soil (stbcm and st5cm), and the aphid community total abundance (aphids).

region year w tmax tmin tmean  pmm ur wmax wmean stbem  stl0cm  aphids

Coxilha 2015 1 28.03 1835 2227 162.00 79.10 12.31 312  7.09 2596 102
Coxilha 2015 2 30.80 19.30 2348 33.60 78.00 14.12 420 653  26.80 105
Coxilha 2015 3 2694 18.03 21.67 11410 84.00 11.97 281 487 24.69 23

Coxilha 2015 4 2824 1731 2221 1740 78.14 11.39 314 920 26.64 100

Passo Fundo 2015 1 28.03 1835 2227 162.00 79.10 1231 312 7.09 2596 0
Passo Fundo 2015 2 30.80 19.30 2348 33.60 78.00 14.12 420 653  26.80 0
Passo Fundo 2015 3 2694 18.03 21.67 114.10 84.00 11.97 281 487  24.69 0

Passo Fundo 2015 4 2824 1731 2221 1740 7814 11.39 314 920 26.64 12

2.3 Simulation study

The simulation study aims to gather insights into the requirements of the proposed method.
Specifically, we aim to determine if the presence of climate time series impacts the performance
of the proposed method when analysing the target time series. To conduct the simulation study,
we begin by estimating the parameters of an Autoregressive model with exogenous time series
(ARX) based on the Passo Fundo region dataset, including the insect abundance and climate
time series. Let y(t) be an observation from a discrete time series of insect densities Y, x;(t) be
an observation from a time series of climate features X;, where i = {1,...,9} (ie. the climate

variables presented in Table 1). The autoregressive model of order p with exogenous time series

10



can be written as:

y(t) =CHwy(t—1)+wy(t—=2)+ ...+ wpy(t — p) +
GlB”xl(t) + ngpr(t) +...+ gngJCg(t) + 2)

9103(1(1’) + 911X2(t) +...+ 918X9(f) + €(t),

where €(t) ~ N(0,0%), BPx;(t) = x;(t — p) is the backshift operator, Q = (wy,...,w,)" are the
autoregressive coefficients for the target time series Y, ©® = ((91,...,018)T are the coefficients
related to each climate time series X; and their lags. To estimate the coefficients of the presented
model, we first transformed the time series of insect densities by taking Y’ = log(Y + 0.1).
Then, all the coefficients were estimated using the package fable (O’Hara-Wild et al., 2023) for
R software (R Core Team, 2023).

To explore different scenarios of insect dynamics, we used two distributions for generating Y
and Y’. For the first scenario, we assumed that Y(¢ +1) ~ Poisson(A = exp(y/(t) —0.1)). For the
second distribution we assumed that Y(t +1) ~ Negative binomial(A = exp(Y’(¢t) —0.1),6 =
1.8) to introduce overdispersion to the simulation. To investigate the impact of climate time
series on the method performance, we first tested a scenario where we do not estimate any
of the ® parameters, representing no influence of climate time series on the simulated insect
abundance. For the second scenario, we estimated 61,6, 03,60y, 05, 619, 011, 012, 613, 614 (related to
tmax, tmin, tmean, pmm, ur climate time series and their lags p), representing the influence of
half of the climate time series on the simulated insect abundance. Finally, for the third scenario,
we estimated all ® parameters related to the climate time series, representing the influence of
all climate time series and their lags p on the simulated insect abundance. We used for each
scenario p = {1,3,5}. For each combination of scenario and value of p, we generated 50 time

series for both distributions, Poisson and negative binomial. Also, each simulated time series

had 211 observations.
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2.4 Forecasting performance of machine learning algorithms

To compare the performance of our novel method, we (i) used only the target time series (pop-
ulation of insects), with up to 3 or 6 lags behind to forecast future observations, (ii) used all
climate time series as predictors with no lags, and (iii) all climate time series with target time
series (population of insects) up to 3 or 6 lags behind to forecast future observations. We carried
out an exploratory analysis using lags from 1 to 8 and decided to present the results utilising lags
3 and 6 to summarise the results without detracting from the central message of this paper. We
performed validation by obtaining one-step ahead forecasts for the entire time series (apart from
the first 30 and 60 observations used for training the learning algorithms). For all time series of
the case and simulation study, we trained Random Forests, Lasso-regularised linear regression
and LightGBM algorithms for each approach (including all climate time series with no lags, time
series reconstruction, taking the naive approach with up to 3 or 6-step lagged target series, and
all climate times with up to 3 or 6-step lagged target series) and obtained their performance
based on the Root Mean Squared Error (RMSE).

In addition, the proposed method provides a data frame D that selects climate, target time
series and their lags during the reconstruction process, as described in Section 2.1. So, a data
frame D with these features is created for every forecast during the one-step-ahead forecasting.
To analyse the selection procedure that creates D on the forecasting performance of the proposed
method, we collected the number of selected features of D (the sum of the number of climate,
target time series and their lags) for every forecast. Also, we collected the forecasting absolute
error computed by the difference between the Random Forests” prediction and observed insect
abundance. Finally, we analysed the correlation between the number of selected features of D
(the sum of the number of climate, target time series and their lags) and the absolute error of the
Random Forests algorithm.

We presented the forecasts of the Random Forests algorithm due to its inherent capability

to incorporate non-linear relationships, allowing us to explore non-linear associations of most
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features provided by D. Lasso-regularised linear regression would solely include linear associa-
tions, and the penalty provided by the L1 regularisation would decrease the number of features
used in the forecasting, impacting the visualisation of the time series selection on the forecasting
performance. The Light GBM could also be used based on these points. However, considering
that the Random Forests algorithm has been commonly reported in papers with entomologi-
cal applications (Chen et al., 2019; Masini et al., 2023; Palma et al., 2023; Valavi et al., 2021),
we solely report the results with this learning algorithm. Finally, we used the programming
language R to implement all methods and the proposed approach. To allow for full reproducibil-
ity of the findings, we have made the code available at https://github.com/GabrielRPalma/

TimeSeriesReconstruction.

3 Results

3.1 Case study

Figure 3 shows, as an overall result, that as the initial number of training samples increases, the
RSME reduces in most scenarios. Considering all scenarios, approaches, and learning algorithms,
the average RMSE reduced from 58.4 to 54.0 when the initial training sample increased. Overall,
the average RMSE for Random Forests, Lasso-regularised linear regression and LightGBM were
54.3, 53.9 and 60.5. The average RMSE considering all datasets and algorithms for the proposed
method, all climate time series with no lags, all climate time series with up to 3 or 6-lagged target
series, and taking the naive approach with up to 3 or 6-lagged target series were, respectively,
50.1, 70.6, 54.3, 55.0, 52.2, and 55.0.

For Lasso-regularised linear regression, the average RMSE considering all datasets for the
proposed method, all climate time series with no lags, all climate time series with up to 3 or
6-lagged target series, and taking the naive approach with up to 3 or 6-lagged target series
were, respectively, 51.4, 63.5, 53.1, 53.8, 50.5 and 51.1. For Random Forests, the average RMSE

considering all datasets for the proposed method, all climate time series with no lags, all climate
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Figure 3: Root Mean Squared Error (RMSE) metric obtained by the Random Forests, Lasso-
regularised linear regression, and LightGBM algorithms for each dataset (Coxilha and Passo
Fundo with aphid’s abundances), approach (including all climate time series with no lags, time
series reconstruction, taking the naive approach with up to 3 or 6-step lagged target series, and
all climate times with up to 3 or 6-step lagged target series) and the initial number of training

samples used for each learning algorithm.

time series with up to 3 or 6-lagged target series, and taking the naive approach with up to 3 or
6-lagged target series were, respectively, 49.1, 69.5, 52.6, 54.5, 49.3 and 50.7. The same scenarios
for LightGBM resulted in 49.7, 79.0, 57.1, 56.8, 56.9, and 63.3.

Figure 4 shows that the Pearson correlation increases in most scenarios as the initial number
of training samples increases. Considering all scenarios, approaches, and learning algorithms,
the average correlation increased from 0.05 to 0.06 when the initial training sample increased.
Overall, the average correlation for Random Forests, Lasso-regularised linear regression and

LightGBM were all equal to 0.06, when rounding up to two decimal places. The average corre-
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Figure 4: Pearson correlation metric obtained by the Random Forests, Lasso-regularised linear
regression, and LightGBM algorithms for each dataset (Coxilha and Passo Fundo with aphid
abundances), approach (including all climate time series with no lags, time series reconstruction,
taking the naive approach with up to 3 or 6-step lagged target series, and all climate times with
up to 3 or 6-step lagged target series) and the initial number of training samples used for each

learning algorithm.

lation considering all datasets and algorithms for the proposed method, all climate time series
with no lags, all climate time series with up to 3 or 6-lagged target series, and taking the naive
approach with up to 3 or 6-lagged target series were, respectively, 0.07, 0.00, 0.07, 0.06, 0.08, and
0.07.

For Lasso-regularised linear regression, the average correlation considering all datasets for
the proposed method, all climate time series with no lags, all climate time series with up to 3 or
6-lagged target series, and taking the naive approach with up to 3 or 6-lagged target series were,

respectively, 0.05, 0.00, 0.06, 0.06, 0.09 and 0.05. For Random Forests, the average correlation
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considering all datasets for the proposed method, all climate time series with no lags, all climate
time series with up to 3 or 6-lagged target series, and taking the naive approach with up to 3 or
6-lagged target series were, respectively, 0.07, 0.00, 0.07, 0.06, 0.09 and 0.07. The same scenarios

for LightGBM resulted in 0.08, 0.00, 0.07, 0.07, 0.07, and 0.04.
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Figure 5: Scatter plots of the Random Forests’ forecasting absolute error and the number of
selected features of D (the sum of the number of climate, target time series and their lags) per

forecast by our approach for the datasets of Coxilha and Passo Fundo regions.

Figure 5 shows that for Coxilha, the obtained correlation between the number of selected
features of D (the sum of the number of climate, target time series and their lags) based on the

reconstruction approach and the absolute error of each prediction based on Random Forests for
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each dataset for 30 and 60 initial training samples are, respectively, —0.06 and —0.06. For Passo

Fundo, the obtained correlation between both variables for 30 and 60 initial training samples are

—0.04 and —0.01.

3.2 Simulation study

Table 2 presents the estimated parameters of the autoregressive model with exogenous time series

described in Equation 2 and their standard errors for the simulation study. Figure 6 illustrates the

time series generated based on the Poisson and negative binomial ARX by presenting a sample

of one time series per case of the simulation study.

Scenarios p  Intercept w w ws ws ws 0, 0 0 0 0 0
1 058(0.10)  0.60 (0.06) - p . -
1 3 049 (0.10) 0.50 (0.06)  0.24 (0.07) - 0.08 (0.07) - - - -
5 0.51(0.10) 0.51(0.07)  0.23 (0.08) -0.08 (0.08)  0.04 (0.08) —0.04 (0.07) - - - -
1014549 059 (0.06) - - ~016(0.19) —001(024) 0.18(038) —0.00 (0.00) —0.00 (0.03) -
2 3 327(446) 049(0.07) 022 (0.08) —0.11 (0.08) - 015(018)  0.01(023) —012(0.36) —0.00(0.00) 0.04 (0.03) -
5 _155(455) 043(0.07) 022(0.08) —0.02(0.08) 0.04(0.08) —0.04(007) 001 (0.18) 003 (022) 002035 —0.00(0.00) 000 (0.03) -
1  5.61(5.80) 0.59 (0.06) - - —0.11 (0.20)  0.09 (0.26) 0.05 (0.41)  —0.00 (0.00) —0.04 (0.03) —0.00 (0.09)
3 3 —1.01(4.86) 0.49(0.07) 0.22(0.08) —0.13(0.08) —0.124 (0.18) —0.04 (0.23) —0.09 (0.36) —0.00 (0.00)  0.05 (0.03) 0.04 (0.09)
5 246 (5.19) 0.43 (0.08)  0.24 (0.08) —0.02 (0.09) —0.01(0.08) —0.044 (0.08) —0.03(0.18) —0.02(0.23) 0.01 (0.36)  —0.00 (0.00) —0.01 (0.03)  0.06 (0.08)
Scenarios  p 07 (3 23 610 O 012 013 b1 015 16 017 015
1 R R B R R R R
1 3 - - - - - - - - -
5 R - B R - _ _ R R
1 —0.01 (0.19) —0.16 (0.25)  0.26 (0.37) —0.00 (0.00)  0.01 (0.03) - - - -
2 3 0.01 (0.18) 0.00 (0.22) 0.06 (0.35) —0.00 (0.00) —0.01 (0.03) - - - -
5 0.02(0.17)  —0.08 (0.22)  0.13 (0.35) —0.00 (0.00)  0.00 (0.03) - - - -
1 -026(022) —009(0.09 0.00(0.10) 007019 —006(0.25 023(040) —0.00(0.00) 0.01(0.03) —0.19(0.09 000(0.22) 005009 —0.14 (0.12)
3 3 -021(021) 000(0.08) 007(0.10) 0.07(019) 012(023) 002(036)  000(0.000 —0.03(0.03) —0.14(0.08) —002(020) 0.02(0.08) —0.14(0.10)
5 -026(020) —0.03(008) 015(0.10) 0.09(0.18)  007(023) 002(035)  000(0.00) —002(0.03) —015(0.08) 0.05(020) 0.01(0.08) —0.14(0.10)

Table 2: Estimated ARX parameters and standard errors (between parenthesis) for scenario 1 (no

influence of climate time series on simulated insect abundances), scenario 2 (influence of five

climate time series on simulated insect abundances), and scenario 3 (influence of all climate time

series on simulated insect abundances) with lags, p = {1, 3,5}.

Considering all scenarios, approaches and learning algorithms, the obtained average RMSE
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Figure 6: A sample of one simulated time series built upon Poisson and negative binomial ARX
considering the lags p = {1,3,5} and the scenarios: 1 - No influence of climate time series
presented in Table 1 on simulated insect abundances; 2 - influence of five climate time series
presented in Table 1 on simulated insect abundances; and 3 - Influence of all climate time series

presented in Table 1 on simulated insect abundances.

for the Poisson ARX was 24.3 with a standard deviation (sd) of 19.40 for training the learning
algorithms with 30 initial samples and an average of 25.1 (sd = 20.70) for 60 initial samples. The
obtained average RMSE for the negative binomial ARX was 39.1 (sd = 30.80) for training the
learning algorithms with 30 initial samples and an average of 40.2 (sd = 32.40) for 60 initial sam-
ples. Given the slight difference between initial training samples on the forecasting performances

(Pearson correlation and RSME), we solely present in Figure 7, Figure 8, Figure 9 and Figure 10
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the performance of the learning algorithms trained with 30 initial training samples used to start

the one-step ahead forecasting for Poisson and negative binomial ARX.
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Figure 7: Root Mean Squared Error (RMSE) metric obtained by the Random Forests, Lasso-
regularised linear regression, and LightGBM algorithms for each approach (including all climate
time series with no lags, time series reconstruction, taking the naive approach with up to 3 or
6-step lagged target series, and all climate times series with up to 3 or 6-step lagged target series)
considering the simulation study where the initial number of training samples is 30 and insect

abundance is generated based on the Poisson ARX.

In Figure 7, the performance of the learning algorithms for the simulation study is presented
based on the Poisson ARX. Overall, the average RMSE for Random Forests, Lasso-regularised
linear regression and LightGBM were, respectively, 23.7 (sd = 18.80), 23.5 (sd = 19.00) and 25.8
(sd = 20.20), indicating that for the majority of the scenarios, values of p and approaches the
learning algorithms have similar performances. However, some scenarios, such as Scenario 2,

Lasso-regularised linear regression and Random Forests, perform better than LightGBM.
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For scenario 1, where there is no influence of climate time series on the generation of insect
abundances based on Poisson ARX, the average RMSE considering all values of p for the pro-
posed method, all climate time series with no lags, all climate time series with up to 3 or 6-lagged
target series, and taking the naive approach with up to 3 or 6-lagged target series were, respec-
tively, 1.97 (sd = 0.30), 2.22 (sd = 0.34), 1.91 (sd = 0.32), 1.78 (sd = 0.25), 1.89 (sd = 0.34) and
1.75 (sd = 0.25). For scenario 2, where there is an influence of five climate time series based on
Poisson ARX, the average RMSE considering all values of p for the proposed method, all climate
time series with no lags, all climate time series with up to 3 or 6-lagged target series, and taking
the naive approach with up to 3 or 6-lagged target series were, respectively, 28.1 (sd = 8.26), 40.5
(sd = 15.70), 21.9 (sd = 7.34), 20.9 (sd = 5.88), 26.5 (sd = 8.28) and 25.7 (sd = 7.38). For scenario
3, where there is an influence of all climate time series based on Poisson ARX, the average RMSE
considering all values of p for the proposed method, all climate time series with no lags, all cli-
mate time series with up to 3 or 6-lagged target series, and taking the naive approach with up to
3 or 6-lagged target series were, respectively, 43.3 (sd = 8.31), 56.2 (sd = 12.2), 38.7 (sd = 7.67),
36.8 (sd = 5.93), 42.3 (sd = 8.81) and 41.5 (sd = 7.96).

In Figure 8, the performance of the learning algorithms for the simulation study is presented
based on the negative binomial ARX. Overall, the average RMSE for Random Forests, Lasso-
regularised linear regression and LightGBM were, respectively, 37.2 (sd = 28.90), 38.5 (sd =
30.60) and 41.7 (sd = 32.40), indicating that for all scenarios, values of p and approaches the
learning algorithms have similar performances. For scenario 1, where there is no influence of
climate time series on the generation of insect abundances based on negative binomial ARX,
the average RMSE considering all lags for the proposed method, all climate time series with no
lags, all climate time series with up to 3 or 6-lagged target series, and taking the naive approach
with up to 3 or 6-lagged target series were, respectively, 2.60 (sd = 0.70), 2.75 (sd = 0.80), 2.51
(sd = 0.70), 2.43 (sd = 0.69), 2.49 (sd = 0.70) and 2.44 (sd = 0.72).

For scenario 2, where there is an influence of five climate time series based on negative

binomial ARX, the average RMSE considering all lags for the proposed method, all climate time
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Figure 8: Root Mean Squared Error (RMSE) metric obtained by the Random Forests, Lasso-
regularised linear regression, and LightGBM regression algorithms for each approach (including
all climate time series with no lags, time series reconstruction, taking the naive approach with
up to 3 or 6-step lagged target series, and all climate times with up to 3 or 6-step lagged target
series) considering the simulation study where the initial number of training samples is 30 and

insect abundance is generated based on the negative binomial ARX.

series with no lags, all climate time series with up to 3 or 6-lagged target series, and taking the
naive approach with up to 3 or 6-lagged target series were, respectively, 53.0 (sd = 19.60), 56.0
(sd = 19.80), 50.9 (sd = 19.00), 50.2 (sd = 19.30), 53.1 (sd = 21.20) and 52.1 (sd = 20.20). For
scenario 3, where there is an influence of all climate time series based on negative binomial ARX,
the average RMSE considering all lags for the proposed method, all climate time series with no
lags, all climate time series with up to 3 or 6-lagged target series, and taking the naive approach
with up to 3 or 6-lagged target series were, respectively, 62.4 (sd = 19.30), 66.0 (sd = 19.70), 62.6
(sd = 19.30), 59.9 (sd = 18.50), 62.9 (sd = 20.70) and 60.4 (sd = 19.10).
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Figure 9: Pearson correlation metric obtained by the Random Forests, Lasso-regularised linear
regression, and LightGBM algorithms for each approach (including all climate time series with
no lags, time series reconstruction, taking the naive approach with up to 3 or 6-step lagged target
series, and all climate times series with up to 3 or 6-step lagged target series) considering the
simulation study where the initial number of training samples is 30 and insect abundance is

generated based on the Poisson ARX.

In Figure 9, the correlation metric obtained by the learning algorithms for the simulation
study is presented based on the Poisson ARX. Overall, the average correlation for Random
Forests, Lasso-regularised linear regression and LightGBM were, respectively, 0.27 (sd = 0.22),
0.29 (sd = 0.22) and 0.22 (sd = 0.19), indicating that for all scenarios, values of p and approaches
the Lasso-regularised linear regression and Random Forests algorithms have higher average cor-
relation. For scenario 1, where there is no influence of climate time series on the generation of
insect abundances based on negative binomial ARX, the average RMSE considering all lags for

the proposed method, all climate time series with no lags, all climate time series with up to 3 or
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6-lagged target series, and taking the naive approach with up to 3 or 6-lagged target series were,
respectively, 0.04 (sd = 0.05), 0.00 (sd = 0.00), 0.06 (sd = 0.06), 0.08 (sd = 0.05), 0.07 (sd = 0.07)
and 0.1 (sd = 0.05).

For scenario 2, where there is an influence of five climate time series based on Poisson ARX,
the average correlation considering all lags for the proposed method, all climate time series
with no lags, all climate time series with up to 3 or 6-lagged target series, and taking the naive
approach with up to 3 or 6-lagged target series were, respectively, 0.41 (sd = 0.08), 0.16 (sd =
0.14), 0.61 (sd = 0.08), 0.64 (sd = 0.07), 0.46 (sd = 0.08) and 0.49 (sd = 0.06). For scenario 3,
where there is an influence of all climate time series based on negative binomial ARX, the average
correlation considering all lags for the proposed method, all climate time series with no lags, all
climate time series with up to 3 or 6-lagged target series, and taking the naive approach with up
to 3 or 6-lagged target series were, respectively, 0.23 (sd = 0.05), 0.04 (sd = 0.02), 0.39 (sd = 0.07),
0.43 (sd = 0.07), 0.26 (sd = 0.06) and 0.28 (sd = 0.05).

In Figure 10, the correlation metric obtained by the learning algorithms for the simulation
study is presented based on the negative binomial ARX. Overall, the average correlation for
Random Forests, Lasso-regularised linear regression and LightGBM were, respectively, 0.04 (sd =
0.05), 0.04 (sd = 0.05) and 0.27 (sd = 0.4), indicating that for all scenarios, values of p and
approaches the Lasso-regularised linear regression and Random Forests algorithms have higher
average correlation. For scenario 1, where there is no influence of climate time series on the
generation of insect abundances based on negative binomial ARX, the average RMSE considering
all lags for the proposed method, all climate time series with no lags, all climate time series with
up to 3 or 6-lagged target series, and taking the naive approach with up to 3 or 6-lagged target
series were, respectively, 0.01 (sd = 0.02), 0.00 (sd = 0.00), 0.02 (sd = 0.03), 0.03 (sd = 0.03), 0.03
(sd = 0.03) and 0.03 (sd = 0.03).

For scenario 2, where there is an influence of five climate time series based on negative
binomial ARX, the average correlation considering all lags for the proposed method, all climate

time series with no lags, all climate time series with up to 3 or 6-lagged target series, and taking
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Figure 10: Pearson correlation metric obtained by the Random Forests, Lasso-regularised linear
regression, and LightGBM algorithms for each approach (including all climate time series with
no lags, time series reconstruction, taking the naive approach with up to 3 or 6-step lagged target
series, and all climate times series with up to 3 or 6-step lagged target series) considering the
simulation study where the initial number of training samples is 30 and insect abundance is

generated based on the negative binomial ARX.

the naive approach with up to 3 or 6-lagged target series were, respectively, 0.04 (sd = 0.05), 0.01
(sd = 0.01), 0.06 (sd = 0.06), 0.07 (sd = 0.05), 0.05 (sd = 0.05) and 0.06 (sd = 0.05). For scenario
3, where there is an influence of all climate time series based on negative binomial ARX, the
average correlation considering all lags for the proposed method, all climate time series with no
lags, all climate time series with up to 3 or 6-lagged target series, and taking the naive approach
with up to 3 or 6-lagged target series were, respectively, 0.02 (sd = 0.04), 0.00 (sd = 0.00), 0.04
(sd = 0.05), 0.07 (sd = 0.05), 0.03 (sd = 0.04) and 0.05 (sd = 0.04).

Figure 11 shows the average correlation between the number of selected features of D (the
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Figure 11: Boxplots of the correlation between the Random Forests’s forecasting absolute error
and the number of selected features of D (the sum of the number of climate, target time series and
their lags) per forecast by our approach for the simulated study. The correlations are presented
for the case where the Random Forests algorithm was trained with 30 and 60 initial observation

to start the one-step ahead forecasting. The dashed line indicates the correlation equal to zero.

sum of the number of climate, target time series and their lags) and the absolute prediction
error using our approach with Random Forests to obtain forecasts. Overall, the percentage of
negative correlations considering all scenarios and values of p based on the Poisson ARX for 30
and 60 initial samples to start the one-step ahead forecasting were 63.9% and 69.0%. Based on
the negative binomial ARX for 30 and 60, initial samples to start the one-step ahead forecasting

were 61.6% and 71.3%. Also, the average correlations considering all scenarios and values of p

25



based on the Poisson ARX for 30 and 60 initial samples to start the one-step ahead forecasting
were —0.02 (sd = 0.07) and —0.05 (sd = 0.09). Based on the negative binomial ARX for 30
and 60 initial samples to start the one-step ahead forecasting were —0.02 (sd = 0.07) and —0.03
(sd = 0.08). It indicates that the correlation is close to zero, and most correlations are negative.

For scenario 1, the percentage of negative correlations considering all values of p based on the
Poisson ARX for 30 and 60 initial samples to start the one-step ahead forecasting were 55.5% and
48.6%. Based on the negative binomial ARX for 30 and 60 initial samples to start the one-step
ahead forecasting were 49.3% and 50.7%. Also, the average correlations considering all values of
p based on the Poisson ARX for 30 and 60 initial samples to start the one-step ahead forecasting
were —0.01 (sd = 0.07) and 0.00 (sd = 0.07). Based on the negative binomial ARX for 30 and 60
initial samples to start the one-step ahead forecasting were 0.01 (sd = 0.08) and 0.01 (sd = 0.08).

For scenario 2, the percentage of negative correlations considering all values of p based on the
Poisson ARX for 30 and 60 initial samples to start the one-step ahead forecasting were 66.0% and
70.8%. Based on the negative binomial ARX for 30 and 60 initial samples to start the one-step
ahead forecasting were 83.3% and 91.3%. In addition, the average correlations considering all
values of p based on the Poisson ARX for 30 and 60 initial samples to start the one-step ahead
forecasting were —0.04 (sd = 0.08) and —0.08 (sd = 0.10). Based on the negative binomial ARX
for 30 and 60 initial samples to start the one-step ahead forecasting were —0.05 (sd = 0.06) and
—0.08 (sd = 0.08).

For scenario 3, the percentage of negative correlations considering all values of p based on the
Poisson ARX for 30 and 60 initial samples to start the one-step ahead forecasting were 70.0% and
87.5%. Based on the negative binomial ARX for 30 and 60 initial samples to start the one-step
ahead forecasting were 52.0% and 72.0%. The average correlations considering all values of p
based on the Poisson ARX for 30 and 60 initial samples to start the one-step ahead forecasting
were —0.01 (sd = 0.04) and —0.07 (sd = 0.07). Based on the negative binomial ARX for 30 and 60

initial samples to start the one-step ahead forecasting were 0.00 (sd = 0.05) and —0.03 (sd = 0.05).
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4 Discussion

We presented a new approach for reconstructing time series dependencies using Takens” embed-
ding theorem and Granger’s causality. The approach can automatically select target and climate
time series, including their lags, and we propose using machine learning algorithms that “learn”
from the reconstructed time series to forecast insect abundance. We applied our proposed meth-
ods to two different datasets of insect time series and climate covariates associated with every
observation of insect abundance. Also, a simulation study was introduced to explore the novel
approach. The case study illustrates that the proposed approach is competitive compared with
the other approaches presented in this paper, regardless of the performance metric used. Also,
the correlations presented by Figure 5 bring insights concerning the effect of the number of se-
lected features on the forecasting performance, indicating that more features do not negatively
impact the overall performance. The approaches using a combination of climate and the target
time series performed better than those using solely the climate time series. It indicates the
importance of using the target time series as features for the machine learning algorithms for
forecasting insect abundance.

The selection of the presented performance metrics aids the understanding of the behaviour of
the forecasts in a direction by looking at the Pearson correlation and proximity of the forecasts by
analysing the RMSE (although other complementary performance metrics could be used). How-
ever, the presented ones allowed compare forecasts provided by the approaches (Koutsandreas
et al., 2022). In terms of RMSE performance, the simulation based on Poisson ARX emphasised
the importance of adding the target time series as features for the machine learning methods.
When the importance of the climate time series was highlighted in scenarios 2 and 3, the poor
performance of the approach that uses all climate time series solely with no lags to predict insect
abundance is more evident compared to the others. For the simulation study based on nega-
tive binomial ARX, most approaches obtained similar performances due to the super dispersion

provided by the negative binomial distribution. It indicates that when the association of climate
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and the target time series are blurred by super dispersion, the implemented approaches perform
similarly.

The correlation highlighted that by increasing the values of p, the approaches considering
the lags 3 and 6 tend to have a higher correlation based on the Poisson ARX. This result is
highlighted by Scenario 1. However, when we analyse the RMSE for these approaches, we can
see that their average values are smaller than our proposed approach, which indicates that the
direction of the insect dynamics can be better captured but not its absolute values. Moreover, the
same conclusions can be applied to the simulation results related to the negative binomial ARX,
mostly in Scenario 1, and for most of the other scenarios, the performances among the approaches
were similar, showing the feasibility of our method. The other scenarios for both ARX models
also indicate the feasibility of our method with competitive performances with these alternatives.

Figure 11 highlights the effect of the number of selected features of D (the sum of the number
of climate, target time series and their lags) on the forecasting performance of the proposed
approach based on the Random Forests’ forecasting absolute error. Our results showed that most
simulation scenarios’ correlations are closer to zero or negative. We only observed negative and
positive correlations with relatively higher intensity in scenario 2. It indicates the importance
of selecting the lags and climate time series for forecasting insect abundances. Therefore, our
approach provides selection criteria for lags and climate time series that impact the forecast
performance of the Random Forests algorithm in the minority of the simulated scenarios. The
impact is translated into selecting fewer climate time series in scenarios where they present an
influence on the simulated insect abundance.

Our results indicate that the proposed method is competitive with the other approaches to ap-
plying machine learning to forecast insect abundances. Other researchers have proposed causal
discovery methods for time series analysis based on different methodologies (Assaad et al., 2022;
Eichler, 2013; Eichler and Didelez, 2010; Glymour et al., 2019; Runge et al., 2023, 2019; Yuan
and Shou, 2022). Moreover, several authors have been exploring the application of deep learning

models with attention mechanism (Vaswani, 2017) and variations of the transformer architectures
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to time series (Ahmed et al., 2023; Tong et al., 2023). However, combining machine learning algo-
rithms and causal discovery based on Takens” embedding theory targeting forecasting presents
a novel contribution to entomologists applying a learning-based algorithm to forecasting insect
abundance. Thus, our work will be a basis for developing new techniques in this domain. Fu-
ture work includes the investigation of potential improvements to our proposed approach by

introducing deep learning mechanisms.

5 Conclusion

The proposed approach presented a competitive performance with commonly used approaches
to forecast insect abundance in terms of predictive power. It shows the feasibility of applying this
approach to forecasting insect pest abundance, and therefore, this study constitutes a basis for
developing new techniques to predict insect outbreaks. Also, the feature selection of our method
does not negatively influence the forecasting capability of the Random Forests algorithm, indicat-
ing that even if a climate time series does not influence the target time series, our methodology
can select features that maintain a competitive forecasting performance compared to approaches

presented in our study.

6 Acknowledgments

This publication has emanated from research conducted with the financial support of Science
Foundation Ireland under Grant 18/CRT/6049. The opinions, findings and conclusions or rec-
ommendations expressed in this material are those of the authors and do not necessarily reflect
the views of Science Foundation Ireland and Mercado Livre.

7 Declarations

Ethical Approval Not applicable.

29



Competing interests Not applicable.

Authors’ contributions G.R.P,, WA.C.G. and REM. conceived and designed the research.
E.E. and D.L. collected the data. C.M., E.E. and D.L. provided insights into the discussion of
results. G.R.P. and REM. created the methodology and analysed the data. G.R.P., REM., CM.
and R.A.M. led the writing of the manuscript. All authors contributed to the overall writing.
G.R.P. and R.A.M. created the R implementation of the methodology.

Funding Science Foundation Ireland under Grant 18/CRT/6049

Data Availability All code and data used in this study are available at https://github.com/

GabrielRPalma/TimeSeriesReconstruction.

Literature Cited

Ahmed, S., Nielsen, I. E., Tripathi, A., Siddiqui, S., Ramachandran, R. P, and Rasool, G.
(2023). Transformers in time-series analysis: A tutorial. Circuits, Systems, and Signal Processing,

42(12):7433-7466.

Assaad, C. K., Devijver, E., and Gaussier, E. (2022). Entropy-based discovery of summary causal

graphs in time series. Entropy, 24(8):1156.

Bell-Doyon, P., Mazerolle, M. ]., Bélanger, L., Fenton, N. J., et al. (2024). Differential impact
of clearcut and insect outbreak on boreal lichens and bryophytes 50 years after disturbance.

Biological Conservation, 295:110672.

Box, G. E., Jenkins, G. M., Reinsel, G. C., and Ljung, G. M. (2015). Time series analysis: forecasting

and control. John Wiley & Sons.

Brabec, M., Honé€k, A., Pekdr, S., and Martinkova, Z. (2014). Population dynamics of aphids on
cereals: digging in the time-series data to reveal population regulation caused by temperature.

PloS one, 9(9):e106228.

30



Brown, C., Lynch, L., and Zilberman, D. (2002). The economics of controlling insect-transmitted

plant diseases. American Journal of Agricultural Economics, 84(2):279-291.

Bueno, R. C., de Freitas Bueno, A., Moscardi, E, Parra, ]J. R., and Hoffmann-Campo, C. (2010).
Lepidopteran larva consumption of soybean foliage: Basis for developing multiple-species

economic thresholds for pest management decisions. Pest management science, 67:170—4.

Biittner, D. and Rabe, M. (2021). Sales forecasting in the electrical industry-an illustrative com-
parison of time series and machine learning approaches. In 2021 9th International Conference on

Traffic and Logistic Engineering (ICTLE), pages 69-78. IEEE.

Ceia-Hasse, A., Sousa, C. A., Gouveia, B. R., and Capinha, C. (2023). Forecasting the abundance

of disease vectors with deep learning. Ecological Informatics, 78:102272.

Chen, S., Whiteman, A., Li, A, Rapp, T., Delmelle, E., Chen, G., Brown, C. L., Robinson, P,
Coffman, M. J., Janies, D., et al. (2019). An operational machine learning approach to pre-
dict mosquito abundance based on socioeconomic and landscape patterns. Landscape Ecology,

34:1295-1311.

Eichler, M. (2013). Causal inference with multiple time series: principles and problems. Philo-
sophical Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences,

371(1997):20110613.

Eichler, M. and Didelez, V. (2010). On granger causality and the effect of interventions in time

series. Lifetime data analysis, 16:3-32.

Engel, E., Lau, D., Godoy, W. A., Pasini, M. P, Malaquias, J. B., Santos, C. D., Pivato, J., and
Pereira, P. R. d. S. (2022). Oscillation, synchrony, and multi-factor patterns between ce-
real aphids and parasitoid populations in southern brazil. Bulletin of Entomological Research,

112(2):143-150.

31



Glymour, C., Zhang, K., and Spirtes, P. (2019). Review of causal discovery methods based on

graphical models. Frontiers in genetics, 10:524.

Grijalva, I., Skidmore, A. R., Milne, M. A., Olaya-Arenas, P, Kaplan, I, Foster, R. E., and Yaninek,
J. S. (2024). Integrated pest management enhances biological control in a us midwestern agroe-
cosystem by conserving predators and non-pest prey. Agriculture, Ecosystems & Environment,

368:109009.

Hamdoun, H., Sagheer, A., and Youness, H. (2021). Energy time series forecasting-analytical and
empirical assessment of conventional and machine learning models. Journal of Intelligent &

Fuzzy Systems, 40(6):12477-12502.

Heck, M. (2018). Insect transmission of plant pathogens: A systems biology perspective. MSys-

tems, 3(2):10-1128.

Hoffmann, G., Shukla, A., L6pez-Gonzilez, S., and Hafrén, A. (2023). Cauliflower mosaic virus
disease spectrum uncovers novel susceptibility factor nced9 in arabidopsis thaliana. Journal of

Experimental Botany, 74(15):4751-4764.

Jiang, Y., Wang, Z., Zhang, Z., Ding, X, Jiang, S., and Huang, J. (2024). Enhancing forest insect
outbreak detection by integrating tree-ring and climate variables. Journal of Forestry Research,

35(1):106.

Khedmati, M., Seifi, F, and Azizi, M. (2020). Time series forecasting of bitcoin price based
on autoregressive integrated moving average and machine learning approaches. International

Journal of Engineering, 33(7):1293-1303.

Kishi, S., Sun, J., Kawaguchi, A., Ochi, S., Yoshida, M., and Yamanaka, T. (2023). Characteristic
features of statistical models and machine learning methods derived from pest and disease

monitoring datasets. Royal Society Open Science, 10(6):230079.

32



Koutsandreas, D., Spiliotis, E., Petropoulos, F., and Assimakopoulos, V. (2022). On the selection

of forecasting accuracy measures. Journal of the Operational Research Society, 73(5):937-954.

Lantschner, V., Aukema, B., and Corley, J. (2019). Droughts drive outbreak dynamics of an

invasive forest insect on an exotic host. Forest Ecology and Management, 433:762-770.

Lindroth, R. L., Zierden, M. R., Morrow, C. J., and Fernandez, P. C. (2024). Forest defoliation by
an invasive outbreak insect: Catastrophic consequences for a charismatic mega moth. Ecology

and Evolution, 14(8):e70046.

Lynch (2009). Spruce aphid, elatobium abietinum (walker): Life history and damage to engel-
mann spruce in the pinaleno mountains, arizona. The Last Refuge of the Mt. Graham Red Squirrel:

Ecology of Endangerment.

Lynch, A. (2018). Socioecological impacts of multiple forest insect outbreaks in the pinalefio

spruce—fir forest, arizona. Journal of Forestry, 117.

Maaliw, R. R., Ballera, M. A., Mabunga, Z. P,, Mahusay, A. T., Dejelo, D. A., and Sefio, M. P.
(2021). An ensemble machine learning approach for time series forecasting of covid-19 cases.
In 2021 IEEE 12th Annual Information Technology, Electronics and Mobile Communication Conference
(IEMCON), pages 0633-0640. IEEE.

Masini, R. P.,, Medeiros, M. C., and Mendes, E. F. (2023). Machine learning advances for time

series forecasting. Journal of economic surveys, 37(1):76-111.

Mateos Ferndndez, R., Petek, M., Gerasymenko, I, JuterSek, M., Baebler, S, Kallam, K.,
Moreno Giménez, E., Gondolf, ]., Nordmann, A., Gruden, K,, et al. (2022). Insect pest manage-

ment in the age of synthetic biology. Plant Biotechnology Journal, 20(1):25-36.

Mello, R. and Ponti, M. (2018). Machine Learning: A Practical Approach on the Statistical Learning

Theory. Springer.

33



Miiller, J., BuSler, H., Goiner, M., Rettelbach, T., and Duelli, P. (2008). The european spruce
bark beetle ips typographus in a national park: from pest to keystone species. Biodiversity and

Conservation, 17(12):2979-3001.

Nair, K. (2001). Pest outbreaks in tropical forest plantations: is there a greater risk for exotic tree

species? Center for International Forestry Research, pages 1-82.

O’Hara-Wild, M., Hyndman, R. ]., Wang, E., Bergmeir, C., Caceres, G., Hensel, T.-G., Petzoldt, T.,

and Wang, E. (2023). fable: Forecasting Models for Tidy Time Series. R package version 0.3.3.

Ono, M. A, Ferreira, E. N. L., and Godoy, W. A. C. (2014). Black wattle insect pests currently in

brazil. Glo Adv Res | Agric Sci, 3(12):409-414.

Palma, G. R., Godoy, W. A,, Engel, E., Lau, D., Galvan, E., Mason, O., Markham, C., and Moral,

R. A. (2023). Pattern-based prediction of population outbreaks. Ecological Informatics, 77:102220.

Pearl], J. et al. (2000). Models, reasoning and inference. Cambridge, UK: CambridgeUniversityPress,
19(2):3.

Perring, T. M., Gruenhagen, N. M., and Farrar, C. A. (1999). Management of plant viral diseases

through chemical control of insect vectors. Annual review of entomology, 44(1):457-481.

R Core Team (2023). R: A Language and Environment for Statistical Computing. R Foundation for

Statistical Computing, Vienna, Austria.

Ramazi, P, Kunegel-Lion, M., Greiner, R., and Lewis, M. A. (2021). Predicting insect outbreaks
using machine learning: A mountain pine beetle case study. Ecology and evolution, 11(19):13014—

13028.

Rios, R. A. and de Mello, R. F. (2013). Improving time series modeling by decomposing and

analyzing stochastic and deterministic influences. Signal Processing, 93(11):3001-3013.

34



Rouabah, A., Meiss, H., Villerd, ]J., Lasserre-Joulin, F., Tosser, V., Chabert, A., and Therond,
O. (2022). Predicting the abundances of aphids and their natural enemies in cereal crops:

Machine-learning versus linear models. Biological Control, 169:104866.

Runge, J., Gerhardus, A., Varando, G., Eyring, V., and Camps-Valls, G. (2023). Causal inference

for time series. Nature Reviews Earth & Environment, 4(7):487-505.

Runge, J., Nowack, P, Kretschmer, M., Flaxman, S., and Sejdinovic, D. (2019). Detecting

and quantifying causal associations in large nonlinear time series datasets. Science advances,

5(11):eaaud996.

Santos, S., Specht, A., Carneiro, E., Paula-Moraes, S., and Casagrande, M. (2017). Interseasonal
variation of chrysodeixis includens (walker, [1858]) (lepidoptera: Noctuidae) populations in

the brazilian savanna. Revista Brasileira de Entomologia, 61.

Scavuzzo, J. M., Trucco, E, Espinosa, M., Tauro, C. B., Abril, M., Scavuzzo, C. M., and Frery, A. C.

(2018). Modeling dengue vector population using remotely sensed data and machine learning.

Acta tropica, 185:167-175.

Shojaie, A. and Fox, E. B. (2022). Granger causality: A review and recent advances. Annual Review

of Statistics and Its Application, 9:289-319.

Singh, T. and Satyanarayana, J. (2009). Insect outbreaks and their management. Integrated Pest

Management: Innovation-Development Process: Volume 1, pages 331-350.

Singh, V. V,, Naseer, A., Mogilicherla, K., Trubin, A., Zabihi, K., Roy, A., Jakus, R., and Erbilgin,
N. (2024). Understanding bark beetle outbreaks: exploring the impact of changing temperature
regimes, droughts, forest structure, and prospects for future forest pest management. Reviews

in Environmental Science and Bio/Technology, pages 1-34.

Smyrnioudis, 1., Harrington, R., Clark, S., and Katis, N. (2001). The effect of natural enemies on

35



the spread of barley yellow dwarf virus (bydv) by rhopalosiphum padi (hemiptera: Aphididae).

Bulletin of Entomological Research, 91(4):301-306.

Spiliotis, E., Makridakis, S., Semenoglou, A.-A., and Assimakopoulos, V. (2020). Comparison
of statistical and machine learning methods for daily sku demand forecasting. Operational

Research, pages 1-25.

Taggart, P. L., Cooke, B., Peacock, D. E., West, P., Sawyers, E., and Patel, K. K. (2024). Do land
managers apply best-practice integrated pest management: a case study of the european rabbit.

Journal of Pest Science, pages 1-16.

Tong, J., Xie, L., Yang, W., Zhang, K., and Zhao, J. (2023). Enhancing time series forecasting: a
hierarchical transformer with probabilistic decomposition representation. Information Sciences,

647:119410.

Valavi, R., Elith, J., Lahoz-Monfort, J. J., and Guillera-Arroita, G. (2021). Modelling species

presence-only data with random forests. Ecography, 44(12):1731-1742.
Vaswani, A. (2017). Attention is all you need. Advances in Neural Information Processing Systems.

Wallner, W. (1987). Factors affecting insect population dynamics: Differences between outbreak

and non-outbreak species. Annual Review of Entomology, 32:317-340.

Yuan, A. E. and Shou, W. (2022). Data-driven causal analysis of observational biological time

series. Elife, 11:€72518.

Zanuncio, T., Zanuncio, J., Freitas, E.,, Pratissoli, D., Sediyama, C., and Maffia, V. (2006). Main
lepidopteran pest species from an eucalyptus plantation in minas gerais, brazil. Revista de

biologia tropical, 54:553-60.

Zhao, N., Charland, K., Carabali, M., Nsoesie, E. O., Maheu-Giroux, M., Rees, E., Yuan, M.,
Garcia Balaguera, C., Jaramillo Ramirez, G., and Zinszer, K. (2020). Machine learning and

dengue forecasting: Comparing random forests and artificial neural networks for predicting

36



Journal Pre-proof

dengue burden at national and sub-national scales in colombia. PLOS Neglected Tropical Dis-
eases, 14(9):e0008056.

&
o)
\
>
S
~
N\
N

37



Highlights

Forecasting insect abundance using time series embedding and
machine learning

Authors: Gabriel R. Palma, Rodrigo F. Mello, Wesley A.C. Godoy, Eduardo Engel, Douglas
Lau, Charles Markham and Rafael A. Moral

e We propose a new approach to forecast insect abundance by combining statistics, ma-
chine learning, and time series embedding.

e We illustrate the approach using simulated and real time series of aphid counts in wheat
crops in Southern Brazil, including climate covariates.

e The approach yielded a competitive performance while automatically selecting the vari-
ables used for a prediction, such as insect abundance, climate covariates and their lags.
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