Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 December 2022 d0i:10.20944/preprints202212.0487.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
INFLUENCE OF CLIMATIC VARIABLES ON INCIDENCE OF WHITEFLY-TRANSMITTED

BEGOMOVIRUS IN SOYBEAN AND BEAN CROPS IN NORTHEN ARGENTINA

Pablo Reyna 1, Franco Suarez 2, Moénica Balzarini ?and Patricia Rodriguez Pardina *

1 Unidad Ejecutora UFYMA - INTA-CONICET
2 Facultad Ciencias Agropecuarias, Universidad Nacional de Cérdoba

* Correspondence: rodriguez.patricia@inta.gob.ar

Abstract:. Over the last 20 years, begomoviruses have emerged as devastating pathogens, limiting
the production of different crops worldwide. Weather conditions increase vector populations, with
negative effects on crop production. In this work we evaluated the relationship between the inci-
dence of begomovirus and climatic conditions before and during the crop cycle. Soybean and bean
fields from the northwest (NW) of Argentina were monitored for 14 years and classified as moderate
(£50%) and severe (> 50%) according to the relative incidence. Two hundred bio-meteorological var-
iables were constructed, summarizing meteorological data in 10-day periods from June to March of
each crop year. The studied variables included temperature, precipitation, relative humidity, wind
(speed and direction), pressure, cloudiness and visibility. For bean, high maximum winter temper-
atures, low spring humidity and precipitation 10 days before planting correlated with severe inci-
dence. In soybeans, high late winter and pre-planting temperatures, and low spring precipitations
were found to be good predictors of high incidence of begomovirus presence. The results suggest
that temperature and pre-sowing precipitations can be used to predict incidence status [predictive
accuracy: 82% (bean) and 75% (soybean)]. Thus, these variables can be incorporated in early warn-
ing systems for crop management decision-making to reduce the virus impact on bean and soybean
crops.
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1. Introduction

Viral diseases are one of several factors that can affect the yield of legume and grain
crops. In Argentina, the most important viral disease in these crops is that caused by be-
gomoviruses. Estimated losses in grain production due to begomoviruses can vary from
40 to 100% depending on the crop, incidence, planting date and cultivar. Begomoviruses
are small, circular, single-stranded DNA viruses (family Geminiviridae; genus Begomovirus)
that infect a wide range of crops in the tropics and subtropics. Epidemics caused by re-
emerging and newly emerging geminiviruses are becoming frequent, even in regions that
were earlier free from these viruses [1]. The incidence and severity of the diseases caused
by begomoviruses have increased considerably in the last two decades. Several crops,
such as bean, soybean, tomato, cotton and cassava, are infected with begomoviruses
worldwide [2].

More than 50 begomoviruses have been detected infecting bean and soybean crops,
with bean golden mosaic virus, sida micrantha mosaic virus, tomato severe rugose virus,
and mungbean yellow mosaic India virus having been found in both crops [3-5], In Ar-
gentina, eight different begomoviruses were identified: bean golden mosaic virus
(BGMYV), tomato yellow spot virus (ToYSV), soybean blistering mosaic virus (SbBMV),
tomato mottle wrinkle virus (ToMoWrV), sida golden mosaic Brazil virus (SiGMBRYV),
tomato yellow vein streak virus (ToYVSV), euphorbia mosaic virus (EuMV), and bean
bushy stunt virus (BbsV) The first three species were detected in both bean and soybean
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crops, whereas ToMoWrV, SiGMBRYV, ToYVSV and BBSV were found only in bean and
EuMYV only in soybean crops [6]

Begomoviruses are transmitted by the whitefly Bemisia tabaci (Gennadius) (Hemiptera:
Aleyrodidae); the presence of whitefly is essential for the occurrence of begomovirus out-
breaks, since the greater the whitefly populations, the greater the incidence of viruses and
the damage they cause [7]. Recent studies suggest that the complex of the whitefly B. tabaci
comprises at least 40 genetically distinct cryptic species [8-10], three of which have been
lately detected in soybean (New world 2-NW2), bean (NW2, Middle East Asia-Minor 1-
MEAM-1 and Mediterranean- MED), tomato (MED) and melon (MEAM-1) in Argentina
[11,12]. The increase in the damage caused by B. tabaci in the last years is due to several
factors, including changes in cropping practices, increased worldwide germplasm ex-
change and intensive use of insecticides [1]. The appearance of whitefly ‘B’ biotype con-
tributed to the emergence and spread of begomovirus diseases, along with other factors,
such as genomic recombination and human activities. Weather conditions can heavily im-
pact whitefly populations, favoring the spread of begomovirus diseases and limiting crop
production.

Common bean (Phaseolus vulgaris L) is one of the most important legumes for direct
consumption worldwide, and a source of protein for millions of people, especially in Latin
America, Africa and the Caribbean [13], In Argentina, dry bean production in 2019
reached 578,713 tons in a cultivated area of 419,927 ha [14]. Argentina is the world’s lead-
ing exporter of Alubia bean and fourth of black, red and cranberry bean varieties, with
exports accounting for 90% of the country production. Bean is grown in the north-western
(NW) region of Argentina, with Salta province being the main producer, followed by the
provinces of Jujuy, Tucuman, Santiago del Estero, Catamarca and north of Cérdoba. The
climate in the NW region is humid subtropical with a dry season (monsoon regime), with
rainfall ranging from 900 to more than 2,000 mm a year.

Argentina is also the world’s third largest producer [14] of soybean (Glycine max (L)
Merr), a legume native to China used as animal feed and for oil and biodiesel production.
Soybean production in Argentina is limited by the 20 °C isoline in January, which is the
limit for thermal insufficiency. Soybean is grown mainly in the Pampas region, but the
cultivated area is extending to NW lands. A large portion of Argentine bean and soybean
crop regions presents probability of occurrence of begomovirus diseases. In this work, we
investigate the relationship between the level of incidence of begomoviruses in bean and
soybean crops in the Argentine NW region, where temperatures are relatively high and
drought is more frequent than in the Pampas. We hypothesized that the relative incidence
of begomoviruses in bean and soybean cropped in the NW of Argentina could respond to
the influence of the weather conditions during the pre-planting period on the vector pop-
ulations.

2. Materials and Methods
2.1. Plant sampling and analysis

To assess the relative incidence of begomoviruses on soybean and bean crops, plots
located in the NW region of Argentina (65.63 "and 60.44" W, and 31.34" and 22.49"S), were
monitored during 14 years. During this period, more than 2000 symptomatic bean and
1400 soybean samples were collected and maintained at -20° C until virus analysis. All
samples were tested with a general probe that detects all begomovirus species, according
to the protocol previously described by [15].

2.2. Obtaining biometeorological variables

Data from several climatic variables were extracted using the library “Climate” in R
[16] and associated with each sampled field. The extracted climatic variables were: Aver-
age temperature (AVT), Maximum temperature (MXT), Minimum temperature (MNT),
Average Dew point temperature (TAAV), Average Humidity (AVH), Minimum average
humidity (MNH), Maximum average humidity (MXH), Wind direction (WDR), Wind In-
tensity (WIn), Atmospheric pressure (ATP), Total precipitation (TPP), Total cloudiness
(TCl), low cloudiness (ICl) and Visibility (VIS). To build bio-meteorological variables, data
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were summarized (by adding up precipitation values and averaging other variables)
by10-day periods spanning the period before and during the crop cycle (from June to
March). The total bio-meteorological variables (p=200) results from multiplying the num-
ber of climatic variables by the number of 10-day periods explored in each growing sea-
son.

Each biometeorological variable was denoted with a code consisting of three letters
and the number of the month. Data collected over two 10-day periods (20 days) were
identified using an underscore with the numbers 1 or 2 to indicate the first or the second
20-day period of the month, respectively. For example, ATP9 = atmospheric pressure of
September, ATP9_1 = atmospheric pressure of the first 20 days of September. When 10-
day subperiods were considered, they were indicated with the letter d plus a number cor-
responding to the 10-day period starting on the crop planting date, e.g., MXT_d1 = maxi-
mum temperature of 10-day period 1, or first 10 days after sowing. A protocol to clean
spatial data [17] comprising homologation of spatial coordinates and removal of outliers
was applied to the climatic datasets.

2.2.1. Dataset of begomovirus in bean crop

The dataset of begomovirus in bean consisted of n=2014 records of begomovirus pres-
ence or absence obtained between 2001 and 2018 in NW Argentina. These data were used
to calculate the relative incidence of begomovirus by adding up the positive samples for
a geographic point and dividing by the sample size. This procedure resulted in 156 geo-
graphic points with disease and climatic data that were further used to explore the cli-
mate-incidence relationship (Figure 1). Geographic points with data from a bean plot were
classified into plots with moderate (<=50%) or severe (>50%) incidence.

2.2.2. Dataset of begomovirus in soybean crop

The soybean dataset included n=1395 records collected between 2000 and 2018. Rel-
ative incidence was calculated as in bean; 96 geographic points were generated for the
analysis of the climate-disease relationship (Figure 1). The climatic variables were ob-
tained for the period between the mid-September and mid-March. Pre-planting winter
months were also considered, with a period of 10 days to summarize the climate data.
These variables were then expressed in months; the climatic variables were also obtained
for every 15 days for September, October and November.
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Figure 1. Geographic points with begomovirus incidence in bean (red, n = 156) and soybean (blue,
n =96) crops in NW Argentina

2.3. Statistical analyses

The biometeorological variables used for modeling relative incidence were obtained
using the Boruta machine learning algorithm [18]. This wrapping method was imple-
mented with another ML algorithm (Random Forest[19]) as a regression method. Random
forest can capture non-linear relationships and interactions among variables to quantify
the importance of each variable in incidence prediction. To fit predictive models, the cli-
matic variables with importance exceeding a given threshold (>10%) were retained. The
Boruta algorithm was applied using the package Boruta [18] of the software R [20], with
the begomovirus incidence categories as dependent variable.

Finally, a logistic regression [21] was performed for each pathosystem to explain the
categories of begomovirus incidence as a function of the selected biometeorological vari-
ables. When the value predicted by the model was >0.5, incidence was predicted as severe.
To further reduce the number of variables in the predictive modeling, a stepwise variable
selection method was applied along with the logistic regression model fitting using the
variables indicated by the Boruta algorithm as important or tentative. The logistic regres-
sion model was fitted with the function train, method glm of the package caret [22] in the
software R [20].

2.4. Model assesement

Different metrics were calculated to evaluate the accuracy of the prediction obtained
with the logistic regression model fitted using the selected biometeorological variables.
These metrics were calculated using the function confusionMatrix of the package caret in
R. The sensitivity of the predicted model (i.e. percentage of positive predictive values or
of severe incidence that are classified as severe) as well as the specificity (i.e. percentage
of values with moderate incidence that are classified as of moderate incidence) were eval-
uated [23]. The ROC (Receiver Operating Characteristics) curves were used to determine
the model discriminant capacity [24]; the curves were calculated using the function accu-
racy of the package rfUtilities [25].
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2.5 Validation of predictors

The predictive capacity of the models generated from the logistic regression analysis
was tested using cross-validation. This procedure selected 30% of randomly selected rec-
ords as a validation group. These records were then excluded from the data set used to
calibrate the model. This procedure was repeated 30 times, by selecting different random
calibration and testing groups. The model fitted for bean was also validated with the da-
taset of the 2019-2020 crop season; during that period, incidence of begomovirus was mon-
itored in the north of the cropping area in Argentina.

3. Results

3.1. Selection of biometeorological variables

The variable selection procedure for bean identified 10 variables as important and 12
as tentative; the remaining ones were of low importance (Figure 2. (a') and 2. (a?)). For
soybean, the Boruta algorithm classified five variables as important and 12 as tentative
(Figure 2. (b') and 2. (b?)).

.
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Figure 2. Classification of variables using the Boruta algorithm. Red: Unimportant variables; Yellow:
Tentative variables; Green: Important variables. (a'): General classification for bean. (a?): Tentative
and important variables in bean. (b'): General classification for soybean. (b?): Tentative and im-
portant variables in soybean.

3.2. Regression models fitted to predict begomovirus incidence

In the case of bean, the fitted logistic regression [Accuracy: 0.80, Sensitivity: 71%,
Specificity: 86%] modeled the logarithm of the chances of severe incidence based on the
variables maximum temperature in the first 10-day period of June (MXT6_1), maximum
temperature in July (MXT7), mean temperature in July (AV17), maximum temperature in
August (MXT8), mean temperature in August (AVTS), average humidity in September
(AVHDY), and total precipitations in the first 10-day period (TPP_d1), before sowing date
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(Table 1). The Probability of high incidence of begomovirus derived from the fitted model
is:

Prob(Incidence > 50%) =

9.07-0.36 MXT6_1+2.14 MXT7-2.32 AVT7-2.20 MXT8+3.64 AVT8+ —0.42 AVH9 —0.015 TPP_d1

M
exp
1+ exp®07-0.36 MXT6 1+2.14 MXT7-232 AVT7-2.20 MXT8+3.64 AVT8+ —0.42 AVH9 —0.015 TPP_d1

For the begomovirus pathosystem in soybean, the fitted predictive model [Accuracy:
75%, Sensitivity: 72%, Specificity: 89%] included the following climatic variables of high
predictive capacity: mean temperatures in the first 20 days of September (AVT9_1), total
precipitations in the last 20 days of September (TPP9_2) and mean temperature in the last
20 days of October (AVT10_2) (Table 1). The Probability of high incidence of begomovirus
derived from the fitted model is:

Prob(Incidence > 50%) =

exp10'05+0'30 AVT9_1-0.16 TPP9_2—0.62 AVT10_2 (2)

1+ exp10.05+0.30 AVT9_1-0.16 TPP9_2—-0.62 AVT10_2

Table 1. Regression coefficients that explain the logarithm of the chances of severe incidence of be-
gomovirus in bean and soybean cultivated in NW Argentina.

Estimate  Std. Error z value Pr(>lzl)

Intercept 9.0749 10.0292 0.905 0.365545
MXT6_1 -0.3599 0.1233 -2.920 0.003506 *

MXT7 2.1496 0.7224 2.976 0.002925 o
AVT7 -2.3241 0.6961 -3.338 0.000842  ***
Bean

MXT8 -2.1989 0.5513 -3.989 6.64e-05 o
AVTS 3.6146 0.8607 4.200 2.67e-05 o
AVH9 -0.4208 0.0998 -4.213 2.52e-05 ek

TPP_dl1 -0.0152 0.0071 -2.132 0.033041 *

Intercept 10.050 4918 2.044 0.040994 *

AVT9_1 0.303 0.123 2.456 0.014043 *

Soybean

TPP9_2 -0.160 0.047 -3.376 0.000734  ***

AVT10_2 -0.622 0.231 -2.691 0.007125 o

Meaning of symbols: “***:0; ***: 0.001 **: 0.05°.": 0.1 ": 1

The associated ROC curves showing good capacity to differentiate sites with high
probability of severe incidence from those with high probability of moderate incidence
are shown in Figure 3. The bean model was evaluated with 10 new records of be-
gomovirus incidence from the north of Argentina after downloading the climatic variables
of the 2019-2020 crop season; classification was correct in 90% of the cases.
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Figure 3. ROC curve and area under the curve (AUC). (a) Bean. (b) Soybean.

4. Discussion

The main cause of the occurrence of most plant viruses is the anthropogenic intro-
duction of parasites, although severe weather events are also important drivers of disease
emergence [26]. Emerging virus diseases, like those caused by geminiviruses in plant sys-
tems, is challenging food production in tropical and subtropical areas, where high tem-
peratures and droughts are frequent. Geographic distribution of plant diseases is largely
related to the environmental conditions prevailing in the cropping area. These diseases
cause economic losses through the reduction of grain quantity and quality, and the in-
crease in production costs from the use of agrochemicals or seeds bred for resistance to
pathogens [27-29].

Both pathosystems analyzed in this work include begomovirus, an agent associated
with important yield losses in a subtropical area of Argentina, where bean is produced
and soybean is increasingly cultivated. The results suggest that maximum winter temper-
ature, relative humidity in September and precipitations 10 days before planting date are
variables with high capacity to predict the level of begomovirus incidence in bean crops.
Similarly, for soybean, our findings indicate that mean temperatures in September and
October, and total of precipitations in the last 20 days of September are the variables that
best explained begomovirus incidence, since soybean is commonly planted in September
and October in NW Argentina.

It is known that the importance, distribution and incidence of numerous viruses are
directly associated with the distribution and population dynamics of the insect vector
[11,30,31]. According to [7], for begomovirus, these vector features largely depend on the
weather conditions that favor vector reproduction: generally warm temperatures, moder-
ate relative humidity and relatively low to moderate precipitations

In agreement with other works, the models fitted in this work indicate an increase in
begomovirus incidence in these crops when pre-planting months are warm. [32] suggest
that whitefly populations are affected by extreme low temperatures, low relative humid-
ity (<60 %) and persistent precipitations. It is well known that whiteflies do not adapt to
elevations higher than 1000 m asl due to climatic limitations. Temperature is one of the
most critical variables for the life development of the insect vector, influencing coloniza-
tion, behavior and distribution [32]. In general, B. tabaci incidence is higher in regions with
a dry season of at least 4 months, precipitation records below 80 mm during that season,
and a monthly mean temperature of at least 21 °C in the warmest months of the year [33].
As global warming increases, so does the probability of the occurrence of these climatic
conditions in bean and soybean subtropical cropping areas, like those in NW Argentina
[34].

On average, the vector life cycle ranges between 17 and 27 days, but it can be com-
pleted over 12-14 to 43-49 days, depending on warm or cool weather conditions, respec-
tively [35] The temperature range for development is very wide, with 16 and 24 °C being
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the most favorable temperatures. Temperatures below 9 °C and above 40 °C are lethal to
the insect. Regarding relative humidity, optimum values between 30 and 60% have been
reported [36-38]. In the study area, relative humidity ranges between 35 and 65%; values
close to the maximum values of that range in spring were negatively associated with virus
incidence.

Information about geminivirus and climate is abundant, but few works have per-
formed predictive models of incidence based on climatic conditions, suggesting that the
impact of biological correlations on management is underestimated. The models fitted
using the begomovirus-climate relationship in this work show high predictive capacity of
severe incidence of the virus. Since the variables with greatest contribution are recorded
in pre-planting periods, the models could be incorporated to warning systems that also
consider other factors, such as crop susceptibility, availability of alternative hosts that al-
low vector feeding and reproduction, and agronomic management of the affected plots.
The inclusion of predictive models in early warning systems for decision making has
helped to reduce the risk of virus infection in other crops [39]. Nevertheless, this type of
predictive models should be used taking into account that the prediction of the probability
of disease development in a crop is characteristic of and exclusive to each pathosystem
and can be altered by other factors not included in the model.

5. Conclusions

This work demonstrated that biometeorological variables are correlated with the
level of begomovirus incidence in bean and soybean crops. In addition, those variables
can be used to generate warning systems that allow producers to implement agronomic
practices, such as selection of varieties and planting dates, to reduce the effect of the virus
on bean and soybean crops. For bean, high maximum temperatures in winter, low humid-
ity in spring and precipitations 10 days before planting are correlated with severe inci-
dence. In soybean, high temperatures in late winter and before planting, and low precip-
itations in spring were good predictors of a high incidence of begomovirus presence.
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