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ABSTRACT

BACKGROUND

Virus Yellows (VY), a disease caused by several aphid-borne viruses, is a major threat to the global
sugar beet production. Following the ban of neonicotinoid-based seed treatments against aphids in
Europe, increased efforts are needed to monitorand forecast aphid population spread during the sugar
beetgrowingseason. In particular, predicting aphid flight seasonal activity could allow anticipation of
the timing and intensity of crop colonisation and contribute to the proper implementation of
management methods. Forecasts should be made early enough to assessrisk, but can be updated as
the season progresses to refine management. Based on a long-term suction-trap dataset gathered
between 1978 to 2014, we builtand evaluated aset of modelsto predictthe flight activity features of
the main VY vector, Myzus persicae, at any location in the French sugar beet production area (circa
4.10° ha). Flight onset dates, length of flight period and cumulative abundance of flying aphids were
predicted using climaticand land-use predictors as well as geographical position.

RESULTS

Our predictions outperformed current models published in the literature. The importance of the
predictor variables varied according to the predicted flight feature but winter and early spring
temperature always played amajor role. Forecasts based on temperature were made more accurate
by adding predictors relatedto aphid winterreservoirs.In addition, updating the model parametersto
take advantage of new weather dataacquired during the seasonimproved the flight forecast.
CONCLUSION

Our models can be used as a tool for the mitigationin sugarbeet crops.
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1. INTRODUCTION

Virus Yellows (VY) is one of the majoreconomicthreats to sugar beet production worldwide, and can
lead to substantial yield losses 2. The disease is caused by aphid-borne viruses, with the green peach
aphid Myzus persicae being the most efficient vector 3. Disease management has mainly focused on
vector control with aphicides. In Europe, over the last three decades, neonicotinoids (NNIs) and in
particulartheiruse in seed coatings have been very effective in controlling aphids and preventing VY
outbreaks®. However, the adverse effects of theseinsecticides on non-target organisms have been well
documented for bees* and other invertebrates and vertebrates . Their deleterious effects on
pollinators led the European Union to ban the use of NNIs on outdoorcrops, including sugar beet, in
2018. Followingthis ban, aresurgence of thediseaseis underwayin various Europeancountries®’. This
is the case in France, the world’s second largest sugar beet producer®, as shown by the aphid and
yellows observationdata collected on untreated sugar beet crops overthe last 3years °*%). To counter
the risk of collapse of the French sugar beet industry, the use of NNIs-coated seeds has been
reauthorized on a derogation basis for the 2021 and 2022 growing seasons*2. Following a decision of
the European Court of Justice!3, these emergency exceptions can no longerbe implemented. There is
therefore an urgent need to develop effective new tools, such as risk prediction models, to monitor
and control the disease and its main vector.

The susceptibility of sugar beetsto VY-carrying aphids decreasesas the plant develops withearly and
heavy infestations of this spring crop resultingin higherviral infection rates and yield losses!>*®, Thus,
the timing and intensity of crop colonisation by winged aphids are key parameters for disease
development. Accurate forecasting of seasonal aphidflight activityis thus akey stepin anticipating VY
risks. Dependingon populations, M. persicae overwinter on peach trees as eggs or on winter crops or
wild plants as parthenogeneticfemales!’. Winged migrants originating from these reservoirs colonise
crops (sugarbeet butalso many othercrops®) in spring. During spring and summer, aphid populations

reproduce continuously and spread in and among crops. Finally, aphids migrate back to their winter
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hostsinautumn?'’. The phenology of aphid flights thus follows seasonal patternsthat can be described
by theironset dates, duration and cumulative abundance of the aerial aphid pool**?°. Predicting these
flight features allows summarising aphid flight activity in order to forecast VY prevalence: indeed, it
has been shown that M. persicae flight onset dates and abundance are tightly linked to VY incidence
at a regional scale inthe UK2%22,

In order to deploy disease mitigation strategies, predictions of aphid flight activity should be made
sufficientlyearly, using relevant predictors. The role of winter temperatureis known to modulate flight
onsetdates, duration and abundance?°2224 |ikely through its effects on the survivaland development
rates of source populations®. Land use may also significantly determine aphid flight activity?°. The
number of flying migratory M. persicaeis, forinstance, positively correlated withthe surrounding area
planted with rapeseed, which is thought to be a major winter reservoir for this pest?3. Aphid flight
phenologyisalso related to geographiclocation?°2324 Thus, different sources of information must be
combinedto accurately anticipate seasonal aphid activity ata time when measures can still be taken
to reduce aphidinfestation or VY transmission to beets.

Ideally, the accuracy of the forecasting system should improve as the season progresses (e.g.
integrating new weatherdata) to support farmers' operational choicesin real time. Early information
could guide the choice of variety to be sown, as resistantor tolerantvarieties shouldsoon be available?.
In the French beet production area (Fig. 1), this decision is usually made by mid-February. Later, the
modulation of the sowing date and the choice of installinga companion plant (made in early March in
France), two methods likely to limit colonisation by aphids, can be implemented?®?’. Finally, aphid
flight forecasts could help in deciding on the use of curative measures (e.g. insecticides, biocontrol
products)?’-?® after beets have emerged and during their period of highest susceptibility to VY. In
France, this usually occursin mid-April inthe main beet production area.

Inour study, we aimed at predicting the seasonal migration of M. persicae atany location in the French
sugar beet production area. We predicted three different features summarizing seasonal aphid flight

activity (flight onset date, cumulative abundance, flight duration), and for three key periods where
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strategic decisions can be made by beet growers to mitigate the effects of VY (choice of the variety,
sowing date and implementation of curative treatments). Model development and parameter
estimation were based on aerial aphid activity data collected by a French network of suction traps®
that operated for more than 30 years. We builtand compared the performance of several regression
modelsincluding different sources of information (climate data collected over various time windows,
land-use data and geographical position). We assessed the relative importance of each factor in
predicting aphid flights and identified the best models. We verified the improved predictive power of
our models compared to the regression model described by Qi et al. (2004)??, updated in Dewar & Qi
(2021), adapted here to French data and based on winter temperature only. With this analysis, we
contribute tothe development offorecasting tools for the epidemiological surveillance of virus yellows

at differenttimes of the beet growing season.

2. MATERIAL AND METHODS

2.1 Study area

The study focused on the French sugar beet production area, which covers approximately 400 000 ha
cultivated annually® in five administrative regions concentrated in the North and East of France (Fig.
1). The landscape in this area is dominated by arable crops, although permanent grasslands are well
represented in the west (Normandy region). The climate, temperate oceanic according to Kdppen
classification(Cfbclass®?,average annual temperature: 10.6+0.8°C, average annual rainfall: 738 £ 110
mm), varies both longitudinallyand latitudinally and is characterised by rather mild winters compared
to the restof France (Fig. 1). During winter (November to March), the most contrasting sites differ by

a maximum of 3.1°C forthe average temperature and 76.8 mm for the average cumulative rainfall.

< Figure 1>
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2.2 Aphid data

2.2.1 The Agraphid network

Aphid dataused are from the Agraphid trap network?® that was part of the former European networks
Euraphid®!and EXAMINE32, This historical network of 20 suction traps located in France, Belgium and
Switzerland (Fig. 1) was launchedin 1977 and has been capturing aphids and otherinsects since then.
However, the number of traps in operation has variedovertimeand only one trap is still in permanent
operation in 2022, located in western France (Fig. 1), outside the sugar beet production area. These
12.2m suction traps®® were designed to catch representative samples of the aerial aphid population
from a wide area (about 80 to 100 km around3334). Individuals of more than 200 aphid species were
counted and identified daily during the period of operation of each trap.

Of the 20 traps includedinthe network, 8were located in the French sugar beet production area. We
also considered the two Belgiantraps to belongto this zone because of their proximity. These 10traps
operated forvaryinglengths of time overa 36-year period (1978to 2014, Fig. 1), for a total of 156 trap-
years. These datawere used for model fitting and validation (Fig. 1, see §2.4.2). Aphid flight data from
the 10 remaining traps outside the region of interest (181 trap-years) were also used to test model
performances in environmental conditions that are different from those in which they were trained
(Fig. 1, see §2.4.2). This was done as a way to evaluate their potential transferability outside of the

area of interest.

2.2.2 Features of seasonalflight activity
For each trap-year, we extracted daily counts of winged M. persicae from the Agraphid data, and
calculated the features summarising seasonal flight activity in springand summer as follows:

- The onsetofthe flight period was estimated by the date of first capture (DI1c) or the date

of fifth capture (D5c). While D1c has beenusedinsimilarstudies (seee.g.%??), D5cis more
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robust to winter by-catch?®. Both variables were expressed as the year number of days
since January 1 (excluding February 29% for leap years, as the database is coded as such).

- The cumulative abundance of flying aphids (Ab) was calculated as the sum of trap catches
betweenJanuary 1 and June 30. This period has beenshown to be optimal for predicting
beet yellows in England?! and has been retained here for comparison with previous
studies®?2, While flights can occur up to the end of August in the French sugar beet
production area'’, extending the period over which daily abundances are summed did not
change the results significantly (results not shown here).

- The total duration of spring and summer flights (Fd) was estimated following Bell et al.
(2015)2°, by computingthe number of days between the 5th and 95th percentiles of total
aphid captures between weeks 10 (early March; no aphid was captured before this week
inthe areaof interest) to 35 (late August; latest potentialend of summer flight??).

We kept only reliable data and discarded all those that seemed doubtful (e.g. due to a mechanical
problem with the trapping system - see Appendix S1 for details about data exclusion). Where
necessary, we imputed missing daily abundance values by rolling averages over the previous 7 days
and the following 7 days. Because of some variationin the timing of trap malfunctioning events, this
led toslight differences in the number of available trap-yearsamong the variables calculated, but these
were always greater than 292 and 126 for all traps and for those located in the sugar beet area,

respectively (TableS1.4in Appendix S1).

2.3 Environmental data

2.3.1 Meteorological data

The SAFRAN analysis system3>*¢ developed by the French national meteorological service Météo-

France provides time series of different near-surface meteorological variables on an 8km grid across
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France and part of the neighbouring countries (including Belgium) by spatial interpolation. Daily mean
temperature and cumulative rainfall were extracted from SAFRAN for each 8km x 8km cell containing
asuctiontrap for the whole period of interest (1978-2014). These data were used to compute various

meteorological variables, detailed in section 2.4.2.

2.3.2 Land-use data

Data on land areas covered by forest, grassland and crops come from the French3’3° and Belgian®
national censuses. They were extracted at the NUTS-3 scale for France (“departments”) and at the
NUTS-2 scale for Belgium (“provinces”). These administrative areas are of similar size, ranging from
2284 to 8169 km? in our study area. From these data, we calculated several variables identified as
potential predictors of M. persicae flight activity in literature?*?4): the semi-natural land area
(SN_area), whichisthe sum of the areas covered by forest or permanent grassland, the total crop area
(Crop_area), which is the sum of the areas covered by arable land (including temporary crops,
temporary meadows and fallows) or perennial crops, and the area occupied by rapeseed crops
(RSC area), asuspected winter reservoir for M. persicae?3. It should be notedthat rapeseedcrops were
alsoincludedin Crop_areawhere they accounted for4% + 0.03 (SD) of the total areaduringthe study
period, but with weak correlationbetween rapeseedcrop area and total crop area(r=0.17). For some
years in France, where rapeseed area was missing in the national Agreste3’=° census, data provided
by the French Institute of Oilseeds and ProteinCrops, Terreslnovia, were used instead. To homogenise
the estimates between traps, the land-use variables (semi-natural land, crops and rapeseed) were
calculated within an 80 km radius of the trap, by averagingthe values foreach department/province,
weighted by its relative area in the buffer zone. This radius value was set to the size of the area for
which aphids captured by asuction trap are considered representative®. In the absence of information
on land use (Germany, Luxembourg, Spain), the missing part was excluded and the land-use variables
were calculated on the remaining area. This exclusionprocedure concerned 5traps; in the worst case,

35% of the circle area was excluded (westernmost trap).

85UB0|7 SUOWILIOD BAIERID 31qed!|dde au Aq pausenob a1e Sao e VO ‘8sN Jo S9N o} AreiqiauluQ A8|1M UO (SUORIPUOD-PUR-SWLRY/WID A8 | 1M Ae.d Ul |Uoy/Sa1y) SUORIPUOD pUe Swia | 841 89S *[£202/20/60] Uo AriqiTaulluo Ae|im ‘osdiq - Seiu| Aq £59/'SA/200T 0T/10p/wod"AS 1w AreIquluo//sdny woy papeojumod ‘ef ‘866192ST



2.4 Modelling

2.4.1 Overview

Models were fitted to predict flight features (response variables) at each trap-year on trap data
pertaining to the sugar beet production area (Fig. 1, Table S1.3). For each response variable, 3
alternative models were fitted (detailed in the next section), which combined different sets of local
predictorsincluding meteorological, land-use and geographical variables. Each model was then fitted
in 3 different versions, in which the meteorological predictors were computed over optimal time
windows determined over 3 different periods. These periods ended on average dates on which VY
disease management decisions can be made. Although these strategic deadlines can vary from one
regionto another, they are relatively homogeneous in the French sugar beet production area (French
Sugar Beet Technical Institute, ITB, pers. comm.). The first deadline was mid-February (set to the 14%),
the deadline for farmers to choose their beet varieties. The second one was early March (set to the
5%), the deadline forfarmers to adjust the sowing dates and/or decide to sow a companion crop. The
third deadline was mid-April (set to the 15%), when the first leaves appear in the field. This is when
sugar beets become susceptible to yellows viruses and farmers may decide to apply curative

treatments.

2.4.2 Model fitting and model performance

We fitted separate linear models to predict the start of the flight period (DIcor D5c), its duration (Fd)
and the log-transformed cumulative abundance of flying aphids (log +0.01 — the transformed variable
was named logAb). For each flight feature (response variable) and each prediction date (February 14,

March 5 and April 15), the following models werefitted (Table 1):
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Model M;: modelby Qi et al. (2004) applied to the French context

M; was based on the approach developed by Qi et al.?? for England and re-used by Dewar and Qi
(2021)6. Following these authors, the flight features obtained from the Agraphid dataset were
predicted fromthe daily mean temperature averaged overthe periodJanuary 1to February 14.
Model M,: prediction from thermalaccumulation over a critical period (optimized winter time window)
M, is similar to the M; model, but considers all possible time windows over which to calculate the
degree-day accumulation. Foreach response variable, we fitted all possible regressions with the sum
of degree-days above 0°Ccalculated overany time windowbetween 1 Novemberand each prediction
date (deadline) detailed above. Time windows of all possible lengths (including one day length) were
considered, resulting in more than 13000 models for each response variable. Additionally, we also
tested a 4°C threshold as an alternative tothe 0°C threshold, asit is the developmental threshold for
M. persicae estimated by Whalon & Smilowitz (1977)*! . However, using this threshold reduced model
predictive accuracy (results notshown). Model performance was assessed using cross-validation (see
below) and the time window that minimized the root mean squared error of prediction (RMSE,, see
below) was selected, hereafter named “critical period”*2.

Model Ms: prediction from meteorologicalvariables, land-use variables and geographical position

The M; model included meteorological variables (temperature and rainfall), land-use variables and
geographical coordinates as predictors (Table 1), selected following areview of literature20:22:23.254345,
Again, the models were fitted with all possible time windows to calculate meteorological variables.
However, forthe sake of computational time,the same window was used for temperature (cumulative
degree-days) and mean rainfall. For each response and prediction date, the best model was selected

according to the RMSE, criterion following cross-validation.

For model selection, a 10-fold cross-validation procedure, repeated 3 times* was applied. Two metrics
were calculated on held-out samples: the root mean squared error of prediction, RMSE,, and the

normalized root mean squared error of prediction, NRMSE,. NRMSE, is a standardized metrics that
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allows for comparison of model prediction performance for differentresponse variables inde pendently
of theirscale. It was calculated by dividing RMSE, by its interquartile range (i.e. the difference between
25" and 75" percentile*’). The models exhibiting the minimal RMSE, were selected and fitted on the
full datasetand the RMSE of the final models was calculated.In models M;, the relative importance of
predictors was assessed using model coefficients standardised by partial standard deviation®*°, In
addition, to examine the spatial variation in performance, we calculated the RMSE for each trap used
to fitthe models. To assess model performance when increasing distance from the French sugar beet
production area, we also predicted flight features fortrapslocated outside the sugar beet production
area (Table S1.3c) and computed the RMSE, for each of these traps.

All analyseswerecarried out usingthe Rversion 4.2.1 programming environment>’, using the tidyverse
package version 1.3.2°! for data curation, the caret package version 6.0-93°2 for cross-validations and
the MuMIn package version 1.47.1° for the calculation of partial standardized coefficients. The
management and analysis of spatial data were conducted the sf package (version 1.0-8)** and the
rmapshaper package (version 0.4.6)%°. Data visualisation was done thanks to ggplot2 (3.4.2)°°, cowplot
(1.1.1)*7, ggpubr (0.4.0)°%, RColorBrewer (1.1-3)°°, ggh4x (0.2.2)%°, scales (1.2.1)%*, ggsn (0.5.0)%% and

gegnewscale (0.4.8)% packages.

3. RESULTS

3.1 Model comparison

Table 2 displays the root mean squared error of prediction (RMSE,) values obtained for the 3
alternative models (M; to M), and the 4 flight features (the two flight onset dates proxies D1c and
D5c, flight duration Fd and log-cumulative abundance log_Ab), at the 3 selected prediction dates.
RMSE, values showed that M, and M; models almost always outperformed the M; model (Table 2),

except for the log-cumulative abundance prediction on the first prediction date. Models containing
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meteorological, land-use and geographical covariates(M;) always outperformed the models including

temperature predictors only(M;and M,, Table 2).

Predictions also tended to improve with delaying prediction dates forall response variables (Table 2),
although the performance improvement was inferior to the one brought by the choice of a better
model (e.g. M; over M,, Table 2). In the most accurate models (M;), using the later prediction date
allowed reducing RMSE, by 1.7 days for D5c, 1.8 days for Fd and 0.2 for logAb (corresponding to an

approximate 20% reduction in abundance estimation error).

< Table2>

Examination of the normalized root mean squared error of prediction (NRMSE,) criterion (Table 3)
showed that the logarithm of the cumulative abundance (logAb) was the flight feature for which
predictions were the leastaccurate, followed by flight duration (Fd) and flight onset proxies (D1cand
D5c). Prediction accuracy forthe date of 5™ capture (D5c¢) was substantially higherthan for the date of

1** capture (D1c), decreasing the NRMSE, by 31-39% across prediction dates.

< Table3>

In subsequentanalyses, D5c was retained as the sole proxy of flight onset. The relationships between
observed D5c, logAb and Fd and their predictions usingthe best models are shownin Fig. 2 (a, b, c).
Predictions were overall linearly related to observations and matched their range for all response
variables, with homogeneous accuracy across traps. However, a few log-cumulative abundance
predictions departed from the expected y =x relationship for observations corresponding to no aphids
being captured on a given trap-year (resulting in logAb =log (0 + 0.01) = -4.6, Fig. 2c). Note that the
linearrelationship between predicted and observed abundance onthe logarithmicscale implied that
when predicted logAb were back-transformed to actual abundances, errors tended to increase for

higherabundance values (Fig. 2d).
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For D5c and across all prediction dates, prediction errors (expressed as the difference between the
observed and predicted values) ranged from -45 (45 days too early) to 40 (40 days too late, Fig. 2a).
On average, respectively for the best model at each prediction date, predictions deviated from
observed D5c by approximately 11, 12, and 13 days (Mean Absolute Error or MAE) in the Agraphid
dataset. Note that these MAE values are lowerthan RMSE values displayed in Fig. 2a because the latter
gives more weighttolargererrors. For flight duration (Fd), predictions ranged from 52 days too short
to 76 daystoo long (Fig. 2b). On average, they deviated from the observations by approximately 15to
16 days. Back-transformed logAb predictions matched the range of observed cumulative abundance
(Ab) values (from 0to more than 2000 aphids annually caughtin a trap, Fig. 2d). On average, these
predictions mis-estimated the actual values by a factor of 3.2 (indicating that, on average, the
estimated annual aphid abundance was 3.2 times eithertoo low ortoo high) to 3.7, dependingon the
prediction date. However, misestimation of aphid abundance could be as high as a factor of 100. In
some cases, these misestimations resulted in large discrepancies in terms of absolute numbers. For
example, in one instance, the back-transformed cumulative abundance of aphids was predicted as

2126 instead of 286, and in another case, the predicted abundance was 2226 instead of 219.

< Figure 2>

3.2 Relative importance of predictors

The relative importance of the predictor variables and the direction of the association with the
response variables (i.e. flight features) were estimated using their partial standardised coefficients for
each of the best models selected and each prediction date (Fig. 3). Cumulative temperature during the
critical period (T_crit) had the strongest influence on all flight features. Mild winter temperatures
consistently led to early flight onset dates (lower D5c), longer flight durations (higher Fd) and more

abundant aerial aphid populations (higher logAb). Conversely, increased rainfall (R_crit) was
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associated to later, shorter and less abundant flights in most models, but the effects of rainfall were
overall weaker than those of temperature. Land use predictors measured at 80km around the traps
alsoinfluenced flight features. Increasing the area of semi-natural land (SN_area) was associated with
earlier flights, while increasing the area sown to rapeseed crops (RSC area) led to earlier, more
abundantand moderately shorterflights. Finally, geographical position influenced response variables.
Aphid numbers decreased from south to north (increased Latitude) and from west to east (increased
Longitude). Flightsalsotendedto be laterand longerin the East (increased Longitude and LonSq). The
product of latitude and longitude (LatLon) was retained in most models and was overall positively
associated with log-cumulative abundance (logAb), negatively with flight duration (Fd) and had

contrasting effects on flight onset date (D5c) depending on the prediction date.

< Figure3>

3.3 Meteorological critical windows

The critical periods over which temperature accumulation and mean rainfall were calculated in the
best models were overall consistent across flight features (Fig.4; see Fig. S2.1in AppendixS2 for critical
periods forall models).Forthe twofirst predictiondates (February 14 and March 5), the critical period
startedin earlyJanuary (D5c, Fd) or late December (logAb) and ended on the prediction date ora few
days earlier. When predictions were made on the last prediction date (April 15), the critical period
started in mid-November (D5c, Fd) or late December (logAb) and ended two to three weeks before the
April 15deadline. In other words, weather conditionsbetween late March and mid-April did not appear

to influencethe flight features of Myzus persicae observed laterinthe beetarea.

< Figure4>
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3.4 Spatial variation in prediction performance and assessment of model performance

outside the sugar beet production area

For all response variables and predictiondates, the prediction errors (RMSE) were rather homogenous
amongthe trapslocatedinthe sugarbeet production area. In contrast, prediction accuracy tended to
decrease for traps located outside of the sugar beet production area, which were not used to build
models (Fig. 5). Moreover, prediction errors increased with distance to the South or West. The higher
RMSE, forthe trapslocated outside the production areareached5, 2.3 and 6.3 times the mean RMSE
inside the production area, respectively for the flight onset date (D5c, most westerly trap), flight
duration (Fd, most southern trap) and log-cumulative abundance (logAb, most south-westerly trap,
Fig. 5). Using less performant models, M; and M,, allowed decreasing error in log-cumulative
abundance estimation fortraps not pertaining to the productionarea, with RMSE values similar to the
ones obtained in the traps used to build the models (Fig. $3.1in Appendix S3). This was not the case

for D5c and Fd, however (Fig. S3.1).

< Figure 5>

4. DISCUSSION

Using the French historical database of suction trap catches, we were able to accurately predict the
seasonal flight activity features of M. persicae (flight onset date, duration, and log-cumulative
abundance) from simplelinear models based on one orafew predictors. Meteorologicaland land-use
predictors, as well as geographical position, allowed capturing a significant part of the variation of the
three response variables. There are few references on the performance of aphid flight prediction
models butours reached levels comparable to those proposed by Bourhis etal. (2021)%*. Theirneural
network approach resulted in a RMSE, of 20.0 days for the prediction of aphid flight onset dates

(various species including M. persicae), while we obtained values ranging from 14.3 to 23.2 days,
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depending on the proxy used for flight onset date, the prediction date and the predictors selected.
Comparison of models including various response variables, predictors and prediction dates allowed

us to identify possible sources of improvementin aphid flight modelling and its magnitude.

First, we showed that for a given set of predictors, prediction accuracy varied with the flight feature
considered. Using meteorological and land-use predictors, flight onset variableswere more accurately
predicted than flight duration or log-cumulative abundance. Abundance was the least accurately
predicted feature of aphid flight, sometimes leading to notable discrepancies between the observed
and predicted values. This seems to confirm the conclusions of Bell et al. (2023)%°, who recently found
a low to moderate intrinsic predictability of M. persicae aerial numbers using suction-trap data in
England. They suggested that the difficulty in predicting yearly aerial aphid numbers could be due to
the multiplicity of factors acting on flyingindividuals, rendering annual time series highly stochastic®.
Besides, we showedthatforagiven flight feature, the choice of the proxy influences the quality of the
prediction. Indeed, the date of 5™ capture (D5c) was systematically better predicted than the date of
1t capture (DI1c). This could be due to incidental captures of singleaphids before the formation of the
migratory pool, leading to D5cbeing a more robustindicator of the flight onset than D1c?. This should
be particularly relevant in warmer regions were flying aphids are occasionally observed in winter. In
our analysis, predicting D5c rather than D1c led to a reduction in prediction errors by about 5 days,

which shows the operational importance of the choice of the response variables used as proxies.

Although response variables differed in their predictability, refining the predictor set consistently
improved their prediction. Depending on response variables, optimising the time window over which
cumulative degree-days were computed, compared to the use of a fixed time window, reduced
prediction errorup to 20%. The gainin model performance obtained whenoptimising the time window
increased whenpredictinglaterin theseason, suggesting that newly acquired temperaturedatain late
winter and early spring allowed bringing additional information on aerial aphid populations. In most

models, the selected time window at least included the period from early-January to mid-February,
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confirmingthe strongrole of wintertemperature in determining springflight patterns?®24, Thisis likely
dueto the influence of temperature at this period of the year on the survival and development rates
of overwintering parthenogenetic females?*, and possibly on the hatching dates of overwintering
eggs®®. In later-predicting models, selected time windows consistently spanned until early April,
probably reflecting the influence of early springtemperature on the production of winged individuals
forming the aerial pool?. It is noteworthy that screening later than April 15t did not improve models,

suggestingthat temperature conditions are nolonger an influential factor at this point.

Addedtowinterand early springtemperature, other environmental predictors significantly improved
the accuracy of the predictions. Accounting forland-use, rainfall and geographical positionimproved
predictions, but their relative importance depended on the considered response variables. Land use
mainly affected the abundance of the M. persicae aphid pool, as well as the timing of the flight onset.
The area of rapeseed was positively associated with the numbers of M. persicae trapped, as previously
found?. Italso had a positive influence on flight earliness. Rapeseed, isan overwintering hostfor M.
persicae parthenogenetic populations in winter®” and has been increasingly grown in France and other
European countries since the end of the twentieth century® Our results suggest that rapeseed crops
are a source of spring migration, allowing aphid populations to quickly produce large numbers of flying
aphids in early spring. However, there has been no evidence of rapeseed being a host plant of beet
yellowsviruses until now. The role of this aphidreservoirin the epidemiology of the disease therefore
remains uncertain. Similarly, the positive influence of semi-natural land area on flight earliness could
reflectthe role of forests or grasslands as winterreservoirs foraphids. However, the host range of M.
persicae isvery broad, including many wild plants®®, and itis difficult to assess the refuge habitat role
of uncultivated areas without knowing their composition. Rainfall alsoinfluenced aphidflight features,
as in a previous study?3, with more rain leading to later, shorter and less abundant flights. This could
reflectdirect negative effects of precipitation on the survival and development of initial populations®,
or on the take-off of winged aphids®®, but also indirect effects through the modulation of crop growth

or planting dates’. To limitthe computation time, weimposed the same critical period for rainfall and
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temperature. Future research is needed to disentangle the effects on aphids of these two climatic
factors, which may also act through complex interactions’. Finally, the influence of geographical
position variables confirmed that aphid flight features have a strong spatial structure*>’*72, This
persists even when consideringweatherand land use predictors and could be due eitherto the effects
of other spatially structured predictors not taken into account here (e.g. climatic factors at higher
temporal scalesthanyearly weather), orto biological processesoperating on alarge spatial scale such
as dispersal’*’2, The relationship between these geographical predictors and response variables are
purely correlative, which likely explain why models performed poorly when predicting outside of the
spatial area for which they were developed. However, prediction performance was homogeneous
across the French sugar beet production area, preventing the needto build several regional models.
Overall, this suggests that a similar approach could be used in other regions; however, the poor
performance of our models when increasing the distance indicates that they should be fitted using

local data.

Finally, modelperformancesimproved overthe season, encouraging a continuous in-season updating
of meteorological information to predict aphid flight features. However, predictions made at the first
deadline (February 14), correspondingto the time when farmers can choose the beetvariety tosow,
were almostas good as the predictions madeat the last deadline (April 15). This suggeststhat accurate
predictions of M. persicae flight activity can be produced as early as late winter to inform the Virus
Yellows mitigation strategy, when many management actions can still be implemented?52%73, In the
near future, such predictions could be made even earlier by using seasonal weatherforecasts, which
already demonstrated their usefulness as a tool to predict pest population dynamics in other
systems’*. However, this strategy of risk prediction and mitigation assumes a strong correlation
between aphid flight features and disease expression in the field because it ignores the viruliferous
status of aphids?!. Further research is needed to better understand the spatiotemporal dynamics of

the differentvirusesinvolvedin beetyellows and to integrate this knowledge into prediction models.
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Despite the rather satisfactory accuracy of our models’ predictions, from an academic point of
view, several considerations have to be made regarding theirreal-lifeapplication. First, errors are not
negligiblefrom an operational point of view: forinstance, the errorin flight onset prediction (D5c) was
on average two weeks, which impedes the forecasting of a precise colonisation date at a particular
geographical location. The same can be said for errors on flight abundance (on average afactor of e’
=5.5) and flight duration (20 days on average), which are even more complicated to directly translate
in terms of economic risk (see also the last paragraph). However, our models could help anticipating
whether flights will be particularly early, abundant or long in a given year: for instance, a two-week
erroris much lowerthan the range of possiblevariation fromone yearto anotheron agivensite, which
can be up to two months in our dataset. This is of great importance for risk assessment, as the
susceptibility to Virus Yellows decreases during beet development*. In the same manner, our models
can help to identify the patterns of geographical variation in aphid flight features across sugar beet

productionregions, as prediction errors were ratherhomogeneous across traps.

One other practical limitation of our modelling approach in an applied context is that it
requires data that may not be available at the time predictionis needed. In particular, land-use data
needed to run M; model becomes available in national censuses only on n+l1 vyear
(https://agreste.agriculture.gouv.fr/agreste-web/methodon/S-SAA/methodon/), and may be difficult
to estimate from satellite data—in particular rapeseed crop area, usually detected fromits flowers
that start bloomingin April in Western Europe 7®. If practitioners such as the industry or technical
institutes aimed at using such a tool for prediction, they would have to obtain it another way, e.g.
through surveys filled by farmers (in our region of interest, it is often the same farmers who grow
rapeseed and beet, and there are enough of them to be representative of the whole region). If land-
use datais still missing, practitioners couldtry imputing themusing data from previous years: for semi-
natural and crop land area, this should usually not vary a lot from one year to another (never more

than 8% in ourdata), butthis cannotbe ensuredfor oilseed rape crop area depending on the economic
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context (up to 96% inter-year variation in our data). Otherwise the second most performant model,

onlyrelyingon meteorological predictors, should be used instead.

Besides, despite our effort to rigorously measure model prediction performance, one should
remain cautious about the accuracy of model predictionsina context of climate change. Indeed, our
data was available only until 2014, but temperature and precipitation patterns are rapidly changing
and will continue doing so in the next decades, leading to novel weather conditions that are not
represented in our data. Insect populations exhibit complex and non-linear responses to climate
changes, making them prone to shifts in their functioning that are very difficult to predict 7772, This

additional layer of uncertainty should be keptin mind when predicting in new situations.

Finally, we need to improve our knowledge of the relationship between aphid flight features
and colonisation rates in sugar beet fields. Indeed, it remains challenging to interpret predictions of
aphid flight duration and abundance, along with their associated errors, from an operational
standpoint. Itis unclear how these predictions translate into agronomically relevant variables, such as
aphid numbers within sugarbeetfields, levels of Virus Yellows infestation, or the potential effects on
yield. In a study on barley yellow dwarf disease, Fabre et al. (2010)’° estimated an aphid deposition
rate from the comparisons between ground observations and counts of winged individuals in suction
traps. This approach could be applied to Virus Yellows. Predictions from our regression models could

then be used as inputsin process-based models such as Werkeret al. (1998)%! to attain Virus Yellows

level predictionin French sugar beet crops.
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SUPPORTING INFORMATION

AppendixS1 Criteriaapplied fordatainclusion.
Appendix S2 Critical periods for the calculation of meteorological windows for all selected models.

Appendix S3 Spatial variationin predictions from all models.
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FIGURE LEGENDS

Figure 1 French sugar beet production area(in blue) and the Agraphid network. Circles correspond to
traps considered as belonging to the French sugarbeet production areaand were used for both model
fittingand model validation. Triangles correspond to traps used only for testing modelsin conditions
different from those in the French sugar beet production area. Colour of a giventrap and associated
label corresponds to the average temperature (°C) from November 1 to March 30 at that location,
between 1978 and 2022. The horizontal bar represents the years of operation of the trap (in black)

between 1978 and 2022.

Figure 2 Relationship between the flight features observed in each trap (x-axis) and their prediction
from the best model predicting each of them (y-axis) at each prediction date (February 14, Mach 5,
April 15). The flight features represented are, a the date of 5" capture (D5c, expressed as the day
number of the year), b the number of days between the 5™ and 95" percentiles of capturesin spring
andsummer (Fd), cthe log-cumulativeabundance (+0.01) between January 1and June 30(logAb), and
d the cumulative abundance (Ab) back-transformed from logAb. Observations are representative of
aphid aerial samples on an 80km area. The colours of the dots correspond to the 10 traps used for
model fitting. In each facet, the dashed red line corresponds to the identityline y = x. Root mean
squared error of prediction (RMSE,) is measured via cross-validation, while root mean squared error
(RMSE) is obtained after fitting the model on the full dataset. For Ab such metrics are not displayed as

errors should be interpreted multiplicatively (see main text).

Figure 3 Partial standardised coefficients associated with predictors for the best models at each

prediction date and for each aphidflight feature: D5c¢ (date of 5™ capture), Fd (number of days between
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the 5" and 95™ percentileflight), logAb (log-cumulative abundance +0.01) betweenlJanuary 1and June
30. Partial standardised coefficient can be interpreted as the change in y following a 1 standard
deviation change in x, other predictors being held constant (Bring 1994, Cade 2015). The definitionof

predictorsisreportedin Table 2.

Figure 4 Periods on which meteorological variables (sum of degree-days >0°C and mean rainfall) were
calculated in best performing models (M;) at each prediction date and for each aphid flight feature:
D5c = Date of 5™ capture, Fd = number of days between the 5™ and 95" percentile flight, logAb =log-
cumulative abundance (+0.01) between January 1 and June 30. Dashed lines correspond to the 3
prediction dates: February 14 (choice of asugar beet variety, in blue), March 5 (decisions on sugar beet

sowing datesand sowinga companion plant, in green) and April 15(curative measures, inred).

Figure 5 Residual Mean Squared Error (RMSE) or Residual Mean Squared Error of prediction (RMSE,)
obtained when predicting each trap from the Agraphid trapping network, respectively for the traps
located inside (triangles)oroutside (circles)the sugarbeet productionarea. D5c = Date of 5% capture,
Fd = number of days between the 5" and 95" percentile flight, logAb = log-cumulative abundance
(+0.01) between January 1and June 30. To allow meaningful comparison across response variables,

the intensity of the colour gradient depends on how the RMSE, on the independent dataset departs

fromthe RMSE on the training dataset.
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Table 1 Predictive variablesincluded in each model of aphid seasonal flight activity.

Variable name | Variable description Data source Models
TIF14 Mean daily temperature from January 15t | SAFRAN M;
to February 14t
T crit Cumulative degree-days (base SAFRAN Mz, M3, M,
temperature =0°C, no upperthreshold)
overthe critical time window
R_crit Mean of daily rainfall overthe critical SAFRAN M3, M,
time window
Latitude Trap latitude Ms, M,
Longitude Trap longitude M, M,
LatSq Trap latitude squared M;s, M,
LonSq Trap longitude squared M;s, M,
LatLon Trap latitude * trap longitude M;s, M,
RSC area Rapeseedcroparea(inha) aroundatrap | Agreste, Statbel, | Ms;, M,
(80km radius) TerresInovia
Crop_area Crop area(arable land + permanent Agreste, Statbel | M3, M,

crops, in ha) around a trap (80km radius)
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SN_area

Semi-natural land area (forest +
permanentgrasslands, inha)arounda

trap (80km radius)

Agreste, Statbel

M3I M4

Table 2 Root mean squared error of prediction (RMSE,) values (mean £ SEM) for each model, each
response variable (flight feature) and each prediction date. Valuesin bold correspond to the model(s)
with the best predictive capacities at each prediction date, for each flight feature. D1c = Date of first
capture, D5c = Date of fifth capture, Fd = number of days between the 5" and 95" percentiles of
captures of capturesinspringand summer, logAb =log(cumulative abundance from January 1to June

30 + 0.01). RMSE, unitisthe same as the response (note that D1c and D5c are expressed as day of the

yearnumbers).

Responsevariable | Prediction date M1 M2 M3
Dic February 14 23.2(£0.1) 22.8 (£0.9) 21.1 (+0.9)
Dic March 5 23.2(+0.1) 21.2(+0.7) 19.7 (+0.8)
Dic April 15 23.2(£0.1) 20(+£0.7) 18.9 (+0.7)
D5c February 14 19.9 (+0.1) 19.1(+0.7) 16 (+0.6)
D5c March 5 19.9 (+0.1) 17.6 (£ 0.5) 14.9 (+0.6)
D5c April 15 19.9 (£0.1) 16.7 (£ 0.5) 14.3 (£ 0.6)
Fd February 14 22.8(+0.1) 22 (+0.6) 20.2 (+0.6)
Fd March 5 22.8(+0.1) 21.4 (£ 0.6) 19.5 (+0.6)
Fd April 15 22.8(+0.1) 20.8 (£ 0.6) 19.4 (+0.6)
logAb February 14 2.3(x0) 2.3(x0.1) 1.9(x0.1)
logAb March 5 2.3(x0) 2.2 (+0.1) 1.8(+0.1)
logAb April 15 2.3(+0) 2.1(+0.1) 1.7 (x0.1)
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Table 3 Normalized root mean squared error of prediction (NRMSE;) values (mean + SEM) for each
model, each response variable (flight feature) and each prediction date. Valuesinbold correspond to
the model(s) with the best predictive capacities at each prediction date, foreach flightfeature. D1c =
Date of first capture, D5¢ = Date of fifth capture, Fd = number of days between the 5™ and 95%

percentiles of captures in spring and summer, logAb = log(cumulative abundance from January 1to

June 30 + 0.01).

Responsevariable | Prediction date M1 M2 M3

Dic February 14 0.65 (+0.01) 0.64 (+0.04) 0.6 (+0.04)
Dic March 5 0.65 (+0.01) 0.6 (+0.03) 0.56 (+0.04)
Dic April 15 0.65 (+0.01) 0.56 (+0.03) 0.53 (+0.03)
D5c February 14 0.45 (0) 0.44 (+0.02) 0.37 (+0.02)
D5c March 5 0.45 (+0) 0.4 (+0.01) 0.34 (+0.01)
D5c April 15 0.45 (+0) 0.38 (+0.01) 0.33 (+0.01)
Fd February 14 0.64 (+0) 0.62 (+0.02) 0.57 (+0.02)
Fd March 5 0.64 (+0) 0.6 (+0.02) 0.55 (+0.02)
Fd April 15 0.64 (0) 0.59 (+0.02) 0.55 (+0.02)
logAb February 14 0.83 (+0.01) 0.83 (+0.05) 0.69 (+0.05)
logAb March 5 0.83 (+0.01) 0.81 (+0.04) 0.66 (+0.05)
logAb April 15 0.83 (+0.01) 0.76 (+0.04) 0.61 (+0.04)
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Predicting the seasonal flight activity of Myzus persicae, the main aphid vector

of Virus Yellows in sugar beet

LUQUET Martin®, POGGI Sylvain, BUCHARD Christelle, PLANTEGENEST Manuel, TRICAULT Yann

We builtregression models to forecast the main characteristics of aphid flight. Predictions are
updated at strategicmoments for the mitigation of aphid-bornevirus yellows in sugar beet crops.

85UB0|7 SUOWILIOD BAIERID 31qed!|dde au Aq pausenob a1e Sao e VO ‘8sN Jo S9N o} AreiqiauluQ A8|1M UO (SUORIPUOD-PUR-SWLRY/WID A8 | 1M Ae.d Ul |Uoy/Sa1y) SUORIPUOD pUe Swia | 841 89S *[£202/20/60] Uo AriqiTaulluo Ae|im ‘osdiq - Seiu| Aq £59/'SA/200T 0T/10p/wod"AS 1w AreIquluo//sdny woy papeojumod ‘ef ‘866192ST



	ABSTRACT
	KEYWORDS
	1. INTRODUCTION
	2. MATERIAL AND METHODS
	2.1 Study area
	2.2 Aphid data
	2.2.1 The Agraphid network
	2.2.2 Features of seasonal flight activity

	2.3 Environmental data
	2.3.1 Meteorological data
	2.3.2 Land-use data

	2.4 Modelling
	2.4.1 Overview
	2.4.2 Model fitting and model performance
	Model M1: model by Qi et al. (2004) applied to the French context
	Model M2: prediction from thermal accumulation over a critical period (optimized winter time window)
	Model M3: prediction from meteorological variables, land-use variables and geographical position



	3. RESULTS
	3.1 Model comparison
	3.2 Relative importance of predictors
	3.3 Meteorological critical windows
	3.4 Spatial variation in prediction performance and assessment of model performance outside the sugar beet production area

	4. DISCUSSION
	ACKNOWLEDGEMENTS
	CONFLICT OF INTEREST DECLARATION
	5. REFERENCES
	SUPPORTING INFORMATION
	FIGURE LEGENDS



