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Abstract: The planthopper Pentastiridius leporinus, commonly called reed glass-winged
cicada, transmits the pathogens “Candidatus Arsenophonus phytopathogenicus” and “Can-
didatus Phytoplasma solani”, which are infesting sugar beet and, most recently, also potato
in the Upper Rhine valley area of Germany. They cause the “Syndrome Basses Richesses”
associated with reduced yield and sugar content in sugar beet, leading to substantial mon-
etary losses to farmers in the region. No effective solutions exist currently. This study
uses statistical models to understand to what extent the abundance of cicadas depends
on climate regions during the vegetation period (April-October). We further investigated
what influence temperature and precipitation have on the abundance of the cicadas in
sugar beet fields. Furthermore, we investigated the possible impacts of future climate on
cicada abundance. Also, 22 °C and 8 mm/day were found to be the optimal temperature
and precipitation conditions for peak male cicada flight activity, while 28 °C and 8 mm/day
were the optimum for females. By the end of the 21st century, daily male cicada abundance
is projected to increase significantly under the worst-case high greenhouse gas emission
scenario RCP8.5 (RCP-Representative Concentration Pathways), with confidence intervals
suggesting a possible 5-15-fold increase compared to current levels. In contrast, under the
low-emission scenario RCP2.6, male cicada populations are projected to be 60-70% lower
than RCP8.5. An understanding of the influence of changing temperature and precipitation
conditions is crucial for predicting the spread of this pest to different regions of Germany
and other European countries.

Keywords: reed glass-winged cicada; sugar beet; yield; Germany; climate regions; weather;
climate; temperature; precipitation; climate change scenarios; generalized linear mixed
models; negative binomial

1. Introduction

Insect abundances in agro-ecosystems are subject to fluctuation due to land-use change,
weather, and climate. Gebert et al. (2024) and Rumohr et al. (2023) showed that habitat
and meteorological variables affect the insect abundance [1,2]. Recently, a planthopper,
Pentastiridius leporinus (Linnaeus, 1761), commonly known as reed glass-winged cicada,
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gained relevance in the Upper Rhine valley region of Germany as it is a vector for two
pathogens, “Candidatus Arsenophonus phytopathogenicus” and “Candidatus Phytoplasma
solani”. These pathogens are associated with the “Syndrome Basses Richesses (SBR)” in
sugar beet (Beta vulgaris) [3,4]. The life cycle of the insect includes five instars of nymphs,
with the fifth instar overwintering in the soil and emerging as adults in the spring. Adults
are active from late spring through to summer. Populations tend to peak in June or July
under local climatic conditions. Overwintering occurs in the field beneath host crops
and has implications for control strategies. Historically occurring in Southern Europe,
P. leporinus has spread to the north in recent decades and is now common in several German
federal states, such as Rhineland-Palatinate, Baden-Wurttemberg, and Hesse.

Recent sightings of the planthopper in potato fields in the same region were associated
with signs of yellowing, wilting, and rubbery tubers [5]. These observations led to an
investigation into the effects of weather and climate on cicada abundance. Linking reed
glass-winged cicada abundance with climate regions has particular significance within the
ongoing climate change [6,7]. In previous studies involving butterflies, it was demonstrated
that the distribution and abundance of these insects are influenced by warming and drying
environments [8]. Moriyama and Numata (2019) analyzed the climate-driven acoustic
divergence in true cicadas (Hemiptera: Cicadidae), indicating a complex linkage of climate
with insect features [9]. While Pentastiridius leporinus belongs to a different Hemipteran
family (Cixiidae), the study refers to the broader principle that temperature and precipita-
tion can exert profound influences on insect ecophysiology. Jamieson et al. (2012) stressed
that climate warming and altered precipitation may fundamentally change interactions
between plants and insects, and more attention should be provided to plant-insect and
multitrophic level interactions [10].

In an effort to provide insights into the implications of regional weather conditions
and climate change on cicada abundance in the Upper Rhine valley, Southwest Germany,
we studied the connection between climate regions, meteorological variables, and the
abundance of reed glass-winged cicada in sugar beet fields. Two important scientific
questions will be answered in the study. (1) Does cicada abundance depend on climate
regions? (2) Do the temperature and precipitation in the vegetation period influence the
cicada population?

This investigation is concerned only with abiotic climatic factors—precipitation and
temperature—because they directly influence the activity and growth of P. leporinus. Al-
though other agronomic and environmental factors, such as natural enemies, availability
of the host, planting density, and soil characteristics, certainly influence the dynamics of
P. leporinus, they are beyond the scope in the context of the current work and deserve
attention in the future.

2. Materials and Methods
2.1. Geographical Framework

Data were collected in the areas surrounding the Rhine river, including Northern
Baden-Wiirttemberg, Southeastern Rhineland-Palatinate, and Southern Hessen. The orog-
raphy of the study area is influenced by distinct features, such as the slate mountains
of “Taunus”, the “Pfdlzerwald”, the “Saar-Nahe-Bergland”, the “Odenwald”, and the
“Spessart”. Additionally, extensive valley and basin landscapes contribute to highly hetero-
geneous climatic conditions in the region [11]. Dominant soils in the study area, according
to the World Reference Base for Soil Resources (WRB) [12], are Cambisols, which cover
23.9% of the area and have been derived from sandy terrace deposits. Luvisols cover 14.4%
of the area and usually occur in fertile loess deposits. They form the most important arable
soils along the Rhine [13]. In the south, Fluvisols (14.0%) are found in the alluvial sandy
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loamy deposits, where agriculture is only marginal. Analogously, Fluvisols or Gleysols
occupy an area of 11.3% in particularly clay-rich sediment floodplains, which often record
periodic waterlogging. In the Hessian part of the study area south of the Main River,
sugar beet is mainly grown on Cambisols derived from clayey sands. Occasional Luvisols,
developed on clay loams and clay silts, are also present, particularly in the foothills of
the Odenwald.

The study area of the SONAR (Sortenwahl fiir Nachhaltigkeit und Resilienz) project was
divided into 15 different natural regions [14]. Natural regions are areas with distinctive
features defined by their soil types, climatic regime, hydrologic regime, and type of vege-
tation. Natural regions capture the intrinsic ecological and physical characteristics of an
area, which permits finer detail in analyzing the impacts of climate. The natural regions
referenced in this study are designated as presented in Figure 1, with each region chosen
due to its distinct environmental characteristics within the Rhine valley area.

Climate regions
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Figure 1. Overview of the natural regions and climate regions. Natural regions were grouped into
climate regions based on mean daily temperature and accumulated precipitation over growing season
(April-October) from 1991-2020 in the Rhine valley region of Germany. Natural regions 5, 10, and 14
have high mean daily temperature and accumulated precipitation over growing season (1991-2020),
while region 2 has lower mean daily temperature and moderate precipitation.

The 15 natural regions in the study area were grouped into 8 climate regions based on
mean daily temperature and accumulated precipitation over the growing season for the cli-
mate period 1991-2020 using the HYRAS dataset from the German Weather Service (DWD).
HYRAS is a raster dataset of various hydrometeorological quantities created for Germany
and the adjacent river basins and is based on observational data from ground-based weather
stations. It is often used for climate and hydrological research on precipitation patterns,
temperature variations, and related climatic impacts [15]. This dataset contains data from
1951-2020. The temperature data are available on a grid of 5 km x 5 km; the precipitation
data are on a grid of 1 km x 1 km. Mean daily temperature in the growing season from
1991-2020 varies from 15 °C in the “Rheinheimer-Hiigelland” in the north to 16.1 °C in the
“Vorderpfélzer Tiefland” in the southwest of the considered region. Accumulated precipi-
tation over the growing season from 1991-2020 varies from 342 mm in the “Ingelheimer
Rheinebene” in the northwest to 460 mm in the “Hardtebene” in the southeast. Based
on these values, the data are grouped into three (temperature) and four (precipitation)
categories (see Figure 1, center).
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The combination of these categories yielded a matrix with 12 possible climate regions.
Only eight different climate regions were realized from the 15 natural regions studied
herein. In these eight climate regions, trials were conducted only in seven climate regions
from 2020 to 2023 (Figure 2). The numbers of sugar beet sampling locations were not
evenly distributed across climate regions (see Figure 2). The field in each trial location is
divided into multiple long strips laid out side-by-side. Each strip is replicated five times
with different varieties of sugar beet as treatment. At these trial locations, three sticky traps
were placed at the edge of the whole field instead of each strip to capture cicadas. These
traps are explained in detail in Section 2.2.
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Figure 2. Climate regions as defined in Figure 1 during the growing season (April-October) from
1991-2020. The numbers (1-8) correspond to the climate regions shown in Figure 1. Red points
indicate cicada strip trial locations from 2020 to 2023 (see Section 2.2).

The projected changes within the climate regions are assessed by three different sce-
narios (RCP2.6, RCP4.5, and RCP8.5) of a regional multi-model ensemble. These scenarios,
known as Representative Concentration Pathways (RCP), are greenhouse gas emission
trajectories formally adopted by the Intergovernmental Panel on Climate Change (IPCC).
RCP2.6 is a low-emission scenario where the emissions are controlled and the temperature
rise is only moderate over these years. RCP4.5 is a moderate-emission scenario. RCP8.5
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is a high-emission scenario that has a steep increase in temperature, thus showing severe
warming if high emissions continue [16]. Figure 3 shows that under RCP4.5 and RCP8.5,
temperatures across the climate regions are expected to steadily rise until 2100. However,
the rate and variability in the change of temperature are different. The mean temperature
in the RCP8.5 scenario across all climate regions in the study area is projected to increase
by about 2 °C by 2100 (Figure 3).
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Figure 3. Projected mean daily temperature at 2 m height during growing season under three RCP
scenarios for each climate region in the study area using regional multi-model ensemble. Moving
averages with a 30-year window were calculated for each ensemble member and each climate region.
The shaded regions represent highest and lowest simulations from model ensemble.

Unlike mean daily temperature, there is no clear trend in rainfall accumulated over the
growing season in the future (Figure 4). Precipitation in the late 21st century shows a slight
downward trend in most climate regions, especially under RCP8.5. There are regional
differences in the amount of precipitation accumulated over the growing season, with some
areas like “Nordliche Oberrheinniederung”, “Ingelheimer Rheinebene”, and “Wetterau”
experiencing low rainfall.



Agriculture 2025, 15, 1323 6 of 26

= Alzeyer Hugelland and Rheingau = Haardtrand and Vorderpfélzer Tiefland
£ 330 £ 900
a0 Scenario <850 Scenario
2750 Semem—emae O T ROP26 B a0~ SO — RCP2S
= = RCP45 & 750 = RCP45
% 700 — RCP85 % = RCP85
® 650 g 700
o 2050 2060 2080 2090 2100 a 2050 2060 2070 2080 2090 2100

Year Year
. Hardtebenen, Hessiche Rheinebene and T Ingelheimer Rheinebene
£ Neckar-Rhein-Ebene =
glggg Scenario E—aoo Scenario
D000 = — RCP26 T Semm—Seo—orwSSoo— T P
3 = = RcCP45 °F 350 = ROPS 5
= Egg = RCP85 Q325 '
g 2050 2060 2080 2090 2100 a“ 2050 2060 2070 2080 2090 2100

Year Year
_ Main-Taunusvorland and Untermainebene ___ Messeler Hiigelland, Vortaunus and Rheinheimer
E [S Hiigelland
— i £
5 900 Scenario =z 1500 Scenario
3 e — ot Egﬁi'g 2 e — RCP26
= 800 — & 1300 = RCP45
g ~ E1200 = RCP85
@ 2050 2060 2080 2090 2100 E 2050 2060 2070 2080 2090 2100

Year Year
z Nérdliche Oberrheinniederung < Wetterau
E . E .
“;475 Scenario = 450 Scenario
8 ———— T = ROP26 2 s e e ROP2D
2425 = RCP45 & 400 = RCP45
% 400 = RCP85 % 375 = RCP85
] @ 350
o 2050 2060 2080 2090 2100 o 2050 2060 2070 2080 2090 2100

Year Year

Figure 4. Projected precipitation accumulated in the growing season under three RCP scenarios for
each climate region in the study area using regional multi-model ensemble. Moving averages with a
30-year window were calculated for each ensemble member and climate region. The shaded regions
represent highest and lowest simulations from model ensemble.

2.2. Data Collection (Cicada Field Samples)

The cicada data were collected by the Association of Hessian-Palatinate Sugar Beet
Growers e.V. in two campaigns, SONAR (2022-2023) and NIKIZ (2020-2022), at 12 trial
locations in 2020, at 16 trial locations in 2021, at 30 trial locations in 2022, and at 19 trial
locations in 2023. In the last week of April, three sticky traps were set up at each trial
location. The sticky traps were not set up separately for each strip. Instead, they were
placed at the edge of whole field. The sticky traps were attached just above the height of the
crop at all times. These sticky traps were attached to a wooden slat on a nail at a distance
of 10 m, 30 m, and 50 m from the edge of the field as shown in Figure 5. The sticky traps
were checked twice a week until cicada were first found at the respective location. After the
start of the flight, the sticky traps were replaced once a week and cicada were counted in
the laboratory. While sticky traps captured a variety of non-target insects, only specimens
of Pentastiridius leporinus were counted and sexed based on morphological characteristics.
Furthermore, SONAR includes solely sugar beet fields, whereas few NIKIZ areas in 2020
and 2021 are winter wheat fields. Our analysis is based on cicadas caught across all three
traps, which are placed at each trial location. The data were checked for inaccuracies. We
were unable to authenticate the accurate coordinates of two locations in the NIKIZ data for
2020. In these cases, we utilized the coordinates of the nearest city, town, or village center.
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Figure 5. Schematic representation of sticky traps placed at 10 m, 30 m, and 50 m from the edge of
the field at trial locations to trap cicadas.

2.3. Data Preparation

For the analysis of cicada abundance, we used climate data from different time spans
and different resolutions, as illustrated in Table 1. The data of climate regions were
combined with cicada count data by a spatial join in ArcGIS Pro [17] where the features
in the join features were matched if a target feature’s center falls within them. The joined
climate region and cicada data were then merged with temperature and precipitation
shapefiles using natural regions as common spatial identifier. Mean daily temperature
and cumulative precipitation were obtained for the years 2020-2023, where the cicadas
were counted. Projection data from Global and Regional climate model combinations
were shown in Table 2. The projection data received were already bias-adjusted. They
provide daily minimum, maximum, and mean air temperature at 2 m of height and
daily precipitation.

Table 1. Climate and weather data for the analysis.

Variables

Time Span Data Source

Mean temperature and cumulative
precipitation in the growing season
(April-October) are averaged for 30 years
across each natural region.

Data source: HYRAS. The data is
1991-2020 based on measured weather data and
gridded to 5 km resolution.

Daily mean, minimum, and maximum Data source: HYRAS for daily
temperature and daily cumulative 2020-2023 precipitation and ERAS5 for daily
precipitation across each natural region. temperature.

Daily mean, minimum, and maximum
temperature and daily cumulative 2020-2100

Multi-model ensemble of future
climate projections based on three
greenhouse gas emissions (RCP2.6,

precipitation across each natural region. RCP45, and RCP8.5).

Table 2. Global and regional (GCM-RCM) climate model combinations were used for projections of
future climate in our study region.

GCM-RCM Combination RCP2.6 RCP4.5 RCP8.5
ICHEC-EC-EARTH_r12il1p1_CLMcom-CCLM4-8-17 X X X
ICHEC-EC-EARTH_r12i1p1_KNMI-RACMO22E X X X

ICHEC-EC-EARTH_r12i1p1_SMHI-RCA4 X X X
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Table 2. Cont.
GCM-RCM Combination RCP2.6 RCP4.5 RCP8.5
MIROC-MIROC5_rlilpl_CLMcom-CCLM4-8-17 X - X
MPI-M-MPI-ESM-LR _rlilpl_SMHI-RCA4 X X X
MPI-M-MPI-ESM-LR_r1ilpl_UHOH-WRF361H X - X

Note: “X” available, “-” Not available.

2.4. Statistical Models

Generalized Linear Mixed Models (GLMM) were used in the analysis. GLMMs are an
extension of generalized linear models (GLMs). They include both fixed effects (predictors
with constant influence across observations) and random effects (predicted effects vary by
grouping factor, like location or time) [18]. GLMs and GLMMs often deal with response
variables that do not naturally align with a simple linear relationship, such as count data,
binary data, or proportions. The frequency distribution of our cicada count data is right-
skewed. There is a substantial proportion of zeros in the data because cicadas do not fly in
the very beginning of the growing season when sticky traps are set up. This proportion
changes over time with extreme counts on some days. We used a GLMM with a negative
binomial distribution (log-link function) for analyzing our count data with overdispersion.
Overdispersion occurs when the variance of the response variable is larger than expected
under a Poisson model. The negative binomial model accounts for this extra variability [19].
Data evaluation was done separately for male and female cicadas.

2.4.1. Model 1

A GLMM was set up with expected count of cicada in each trap interval. The outcome
variable is observed reed glass-winged cicada count (RGWCijklo), and the categorical
variable climate region (c) is fixed factor. The categorical factors year y, month m, and the
location | were considered random. Model 1 reads:

log(E[RGWCijklo} ) = Tijkto = & + Ci + cym + clyy + 108 (Sjuao) (1)

where 7;jy, is linear predictor linked to the expected value (mean; E[.]) of the observed
count RGWCjjy, using a log-link in the ith climate region, in the jth year, in the kth month,
at the /th location, and oth trap interval, while & is the overall intercept, c; represents a
fixed effect of the ith climate region, cym;;, represents a random intercept for year-month
combinations jk within climate region i, cl; represents a random intercept for the /th
location within climate region i, and J;jx, refers to the time interval in days for the ith
climate region, jth year, kth month, /th location, and oth trap interval. The offset lo g(5ijklo)
was used to normalize parameters in the linear predictor to a count per day, effectively
adjusting for different length of time intervals when comparing counts across different
periods or locations.

The observed count was assumed to be distributed as negative binomial (N.B) with
mean Ji;jx, and dispersion parameter ¢, which is the scale parameter:

RGWCijrio ~ N-B(ijkio, )

Both mean and dispersion parameter determine the variance of the observations. This
is where residual error occurs. The data were on the original measurement scale when
fitting the GLMM. An inverse log-link function, i.e., the exponential function, was used
to transform the means from model scale back to the original scale. These means are
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10g(E[RGWCjgo])= at-Bae * Mty +B g2 * MEy + Brp*Mpyjg + Bpg,2 * Mpiyg

assessed on a count-per-day basis. To distinguish these from the means corresponding to
the observed counts, we denote these means using a tilde:

Hijero= €"ie = et reiteymiteli
where ;ijkl is the expected count per day in the ith climate region, jth year, kth month, and
Ith location. Considering the random factors location, year, and month, we computed the
expected mean count for the ith climate region as

‘ZNL _ ea+c,-+var(clil)/2+var(cymi]-k)/2
i

;i _ iy pvar(cly) /2 pvar(cymy)/2

These equations consider that under the assumption of normality of the random
effects, the expected counts have a log-normal distribution. The “glmmTMB” package in
R 4.4 [20] was used to fit the GLMM and “Emmeans” package [21] to calculate marginal
mean cicada responses for each climate region. The back-transformed marginal means
were termed as model means. Pairwise comparisons of expected mean cicada counts were
performed using the Tukey HSD (Honestly Significant Difference) test to assess significant
differences between climate regions. Means for each climate region were then plotted.
The resultant estimates of the expected mean E[RGWC ijki 0} were compared visually with
trial results for each climate region. The variance components var(cl;;) and var(cymijk)
obtained from the GLMM focus on the multiplicative effect (how much higher or lower
counts are relative to the mean). Since the variances are obtained on the log-link scale, they
are dimensionless.

The Wilcoxon signed-rank test, a non-parametric alternative to the paired two-sample
t-test, was conducted before this analysis to compare male and female cicada samples from
the same traps in the climate regions. This test considers the dependent nature of the data,
as each trap simultaneously records both male and female individuals. The analysis was
performed to test whether male and female cicadas were statistically different in the various
climate regions [22].

In this analysis, months, years, and locations were considered as random effects to
account for repeated measures, since they are hierarchically nested within climatic regions.
Climatic region was set as a fixed effect as it is related directly to our research question.

2.4.2. Model 2

Model 2 was set up to test the quantitative relationships between climatic variables and
cicada counts. In ecology, associations between climate factors and species responses tend
to be nonlinear. Adding quadratic terms provides a model with the flexibility to describe
curvilinear relationships. To investigate how temperature and precipitation influence the
cicada populations, we replaced the categorical fixed effect climate region variable from
Model 1 with linear and quadratic terms of temperature and precipitation. There was no
significant interaction found between temperature and precipitation. Model 2 reads:

)
+ Cyml-]-k + Clil + log(fsijklo)

where log(E[ RGWCijy,]) represents the logarithm of the expected count of cicada in the ith
climate region in the jth year, in the kth month, at /th location, and oth trap interval with
covariates from climate region, while By is the regression coefficient for mean temperature,
Mty represents the temperature in the ith climate region, in the jth year, kth month, and
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at Ith location; By is the regression coefficient for precipitation, and Mp;jy represents
the precipitation in the ith climate region, in the jth year, kth month, and at /th location,
while « is the intercept term, cym;; represents a random nesting effect of climate region i,
year j, and month k, and cl;; represents the random nested effect of climate region i and
location /, and log(d;jx1,) represents an offset that is used to normalize parameters of the
linear predictor to counts per day.

First, we analyzed Model 2 with long-term averages of temperature and precipitation
over 30 years (1991-2020) in the growing season (April-October) for each climate region
as input data. Then, we analyzed with daily mean temperature and daily precipitation
(2020-2023) in the growing season (April-October) for each climate region as input data.
To ensure consistency and comparability, before the analysis, temperature and precipitation
were separately standardized using dataset-specific means (18.20 °C, 2.09 mm) and standard
deviations (4.02 °C, 4.25 mm) to ensure consistency and comparability. This transformation
ensures that both variables have a mean of zero and are scaled to unit variance relative
to their observed variability. Parameter estimates were obtained for the standardized
predictors. The standardized predictors were named as “Scaled mean temperature” and
“Scaled precipitation” in the analysis. With both long-term averages and daily weather data,
we calculated marginal R? (R%,) and conditional R? (R?) using the “MuMIn” R package.
The marginal R? shows the proportion of variance explained by fixed effects only, while
the conditional R? includes both fixed and random effects and, thus, is a measure of total
variance explained.

We calculated mean expected cicada count and 95% confidence intervals using “Em-
means” package. This was done by generating a sequence of 100 equally spaced values
between the minimum and maximum scaled temperature and precipitation values from
the input daily and the long-term climate data, respectively. The scaled input data values
were then back-transformed to their original scale using the means and standard deviations
from their respective datasets. The observed data points were normalized to count per day
by dividing the cicada counts (RGWCjjy,) by the observation day interval (J;jx,)- Then, we
averaged the counts per day and grouped them by temperature and precipitation values,
respectively, so that we got mean cicada count per day in accordance with the observed
data. The observed data and predicted response curves were then plotted against the range
of predictor variables for the whole study area, not specifically for any climate region.

2.4.3. Model Validation

Model validation was done using the “DHARMa” package (Residual Diagnostics for
Hierarchical Models) in R to assess the model fit and potential issues [23]. This R package
generates simulated residuals to check some of the important assumptions of the model,
such as dispersion, residual randomness, and distribution. “DHARMa” performs disper-
sion test for overdispersion or underdispersion of the residuals, a Kolmogorov-Smirnov
test to assess the deviations of the residual distribution from the expected distribution, and
an outlier test to detect significant outliers.

2.4.4. Projections

Model 2 was used to project future male and female cicada abundance. Mean daily
temperature and precipitation data from the three climate projection scenarios under
regional multi-model ensemble (Table 2) were used for the cicada projection. We used daily
weather data in Model 2, but monthly climate projection data to predict conditional means.
Only climate region-specific projections were employed so that the predictions reflect the
average behavior across all locations within a particular region rather than predictions
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for specific locations. From the predicted values and standard errors, the 95% confidence
intervals were calculated based on a negative binomial distribution.

Model predictions obtained were mean trends and were not easily related to actual
field observations. Observed cicada counts reached high levels during specific conditions
(e.g., up to 300 counts per week or 50-60 counts per day in traps of some locations).
However, the raw model predictions were considerably lower in counts and did not
represent this biological reality. Scaling adjusted the mean predictions to align well with
observed peaks. Predictions were adjusted using region-specific scaling factors derived
from the ratio of the lowest value of the 95th percentile of maximum daily cicada counts
to the mean daily counts for each region from the observed data. The scaled predictions
for individual regions were aggregated across all regions for each year and RCP scenario
to represent the entire study area. This adjustment is intended only for demonstration
purposes to show the maximum daily counts that can be expected in the future. This
adjustment did not interfere with the model fitting process or violate statistical assumptions
since it is only applied to predictions after the modeling.

3. Results
3.1. Does Cicada Abundance Differ Between Climate Regions?

Figure 6 shows expected mean cicada counts per day across the seven climate regions,
based on Model 1. For both male and female cicadas, there were no significant differences
between climate regions. The number of male captures was higher than the female captures.
Based on the Wilcoxon signed-rank test, male and female cicada captures are statistically
different at p-value < 0.001.

Male Female

Messeler Hugelland,
a | Vortaunus and Rheinheimer+
Hugelland

4 3 Nérdliche_i
Oberrheinniederung | |

»

Alzeyer Hugelland and |
Rheingau

Ingelheimer Rheinebene I——a—{

Hardtebenen, Hessiche
Rheinebene and-
Neckar-Rhein-Ebene

49:4
Climate region

Haardtrand and |

&

Rheingau Vorderpfalzer Tiefland
Main-Taunusvorland and | ' Main-Taunusvorland and | {
Untermainebene | { Untermainebene }—3‘{
0 5 10 00 05 10 15

Expected mean cicada
count per day

Expected mean cicada
count per day

Figure 6. Model 1 means of male and female cicada counts across the climate regions. Error bars
represent 95% confidence intervals. Letters indicate the results from pairwise comparison of expected
mean cicada count. Regions sharing the same letter do not have statistically significant differences at
p =0.05.



Agriculture 2025, 15, 1323

12 of 26

Table 3 shows the variance components of Model 1 on the log-link scale. The variance
among the climate regions was accounted for by a random effect. However, there was no
variance in cicada counts between climate regions left if the other factors temperature and
precipitation were also accounted for. The biggest variance contribution originates from
the nested year and month effect in the climate region followed by the effect of location.

Table 3. Variances components of Model 1. The contribution of climate region is negligible. Year and
month produce higher variance than location. Variance components reported are on the log-link scale
and are dimensionless.

Variance Components Male Cicadas Female Cicadas
Climate region (c) 0 0
Climate region: Year: Month (cym) 6.60 525
Climate region: Location (cl) 0.42 0.64

Table 4 compares Model 1 means with observed sample means. Model 1 means were
back-transformed from the log-link scale. The model means for male cicadas in some
regions is up to 70% higher and, in others, up to 72% lower than the observed counts. For
female cicadas, the model means are up to 100% higher in some regions and, in others, up
to 67% lower than observed counts. In only two-to-three regions, respectively, the model
means correspond well to the observed results.

Table 4. Comparison of Model 1 means with observed sample means of male and female cicada
counts. Model 1 means are in exponentiated form.

Male Cicadas (Count per Day) Female Cicadas (Count per Day)
Climate Regions Observed Model 1 Observed Model 1
Backtransformed Backtransformed
Sample Means Sample Means
Means Means

Alzeyer Hiigelland and Rheingau 0.91 0.48 0.14 0.08

Haardtrand and Vorderpfazer Tiefland 0.74 0.72 0.05 0.07
Hardtebenen, Hessiche Rheinebene

and Neckar-Rhein-Ebene 0.90 1.50 0.07 0.07
Messeler Hiigelland, Vortaunus and

Rheinheimer Hiigelland 144 2.02 0.13 0.29

Nordliche Oberrheinniederung 1.16 1.11 0.13 0.15

Ingelheimer Rheinebene 1.14 0.76 0.04 0.08

Main-Taunusvorland and 1.39 0.39 0.06 0.02

Untermainebene

3.2. To What Extent Do Mean Temperature and Precipitation of Climate Regions Influence
Cicada Populations?

3.2.1. Impact of Long-Term Averages (1991-2020) on Cicadas

Cicada abundance did not significantly vary between climatic regions. Therefore,
we investigated whether the 30-year means of temperature and precipitation influenced
cicada abundance separately. Table 5 shows the parameter estimates of Model 2, when
long-term averages of temperature and precipitation over a 30-year period (1991-2020)
during growing season (April-October) for each climate region were used as explanatory
variables. The estimates presented in Table 5 are on the log-link scale and were derived for
the scaled predictors. Table 5 shows that neither mean temperature nor precipitation had a
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significant influence on cicadas. Similar to Model 1, the major proportion of variance in
Model 2 originates from the year and month (cym) nesting effect.

Table 5. Parameter estimates and variance components of Model 2 (on the log-link scale) with male
and female cicadas as response variables. As explanatory variables, we used 30-year means (1991-
2020) of temperature and precipitation in the growing season (April-October) for each climate region.

Parameter Male Cicadas Female Cicadas
Fixed Effects Estimate Standard p-Value Estimate Standard p-Value
Error Error
Intercept («) —2.30 0.36 <0.001 *** —4.45 0.48 <0.001 ***
Scaled mean temperature (,,;) 0.31 0.23 0.17 ns 0.12 0.26 0.65 ns
(Scaled mean temperature)? (8 M) 0.32 0.16 0.05 0.33 0.18 0.07
Scaled precipitation (Ba1p) 0.07 0.29 0.80 ns —0.03 0.31 0.91 ns
(Scaled precipitation)? (B M pz) —0.17 0.24 0.47 ns —0.21 0.28 0.45ns
Random effects Variance Standard Deviation Variance Standard Deviation
Climate region: Year: Month (cym) 6.75 2.60 5.28 2.30
Climate region: Location (cl) 0.38 0.62 0.62 0.79

Significance levels: “***” 0.001, **” 0.01, *" 0.05, *.” 0.1, ‘ns’ 1 (ns—not statistically significant).

3.2.2. Impact of Daily Weather on Male Cicadas During 2020-2023

Table 6 shows the parameter estimates and variance components of Model 2 when the
daily weather data (2020-2023) were used. Daily mean temperature and daily accumulated
precipitation had a significant non-linear effect on male cicadas. The variance on the log—
link scale for climate region, year, and month (cym) nesting effect is greater than that for
climate region and location (cl) effect. The variability across months and years within
climate regions is more pronounced compared to the variability between specific locations

within a region.

Table 6. Parameter estimates and variance components (on the log-link scale) with male cicadas as
response variable and daily weather of 2020-2023 as data in Model 2.

Fixed Effects Estimate Standard Error p-Value
Intercept () -1.77 0.25 <0.001 ***
Scaled mean temperature (,;;) 0.58 0.04 <0.001 ***
(Scaled mean temperature)? (3 M) —0.29 0.02 <0.001 ***
Scaled precipitation (Bx1p) 0.25 0.05 <0.001 ***
(Scaled precipitation)? (B, pz) —0.08 0.01 <0.001 ***
Random effects Variance Standard Deviation
Climate region: Year: Month (cym) 5.48 2.34
Climate region: Location (cI) 0.43 0.66

Significance levels: “***” 0.001, **” 0.01, *" 0.05, “.” 0.1, ‘ns’ 1 (ns—not statistically significant).

Figure 7 shows the influence of daily mean temperature and daily precipitation on
male cicada flight activity through quadratic response curves. The male cicadas’ flight
activity was optimum around a 22 °C daily mean temperature in the growing season.
Towards lower and higher temperatures, male cicada counts decrease.
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Figure 7. Effect of daily mean temperature and daily precipitation on male cicada flight activity.
The y-axes show the predicted mean male cicada count per day across all traps accounting for their
heterogeneity across climatic regions, location, and years. The x-axes in the plot (a) indicate daily
mean temperature, whereas as in plot (b), they represent the daily precipitation.

The influence of precipitation on male cicada counts also shows an optimum shape.
The optimum is at about 8 mm daily precipitation. Male cicada flight activity was high
when there was zero to moderate rainfall. It decreased to zero as precipitation increased.

3.2.3. Impact of Daily Weather on Female Cicadas During 2020-2023

Daily mean temperature and daily precipitation also exhibited a significant non-linear
effect on female cicadas from 2020-2023 (Table 7). The variance for year and month
(cym = 3.60) nesting effect within climate regions is more pronounced than the location
(cl = 0.65) effect.

Table 7. Parameter estimates and variance components (on the log-link scale) with female cicadas as
response variable and daily weather of 2020-2023 as data in Model 2.

Fixed Effects Estimate Standard Error p-Value
Intercept («) —4.12 0.24 <0.001 ***
Scaled mean temperature (,;,) 0.84 0.06 <0.001 ***
(Scaled mean temperature)® (8,,,) —0.16 0.03 <0.001 ***
Scaled precipitation (Bx1p) 0.16 0.07 0.02*
(Scaled precipitation)? (B, pz) —0.06 0.02 0.003 **
Random effects Variance Standard Deviation
Climate region: Year: Month (cym) 3.60 1.89
Climate region: Location (cl) 0.65 0.80

Significance levels: “***” 0.001, **” 0.01, *" 0.05, . 0.1, ‘ns’ 1 (ns—not statistically significant).
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Female cicada flight activity peaked around 28 °C (Figure 8). Their activity is low
when it is cold. Female cicada flight activity was high from zero-to-moderate rainfall. It
was optimum when daily precipitation was around 8 mm/day. Female numbers declined
when it rained a lot.
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Figure 8. Effect of daily mean temperature and daily precipitation on female cicada flight activity.
The y-axes show the predicted mean female cicada count per day across all traps accounting for their
heterogeneity across climatic regions, location, and years. The x-axes in the plot (a) indicate daily
mean temperature, whereas in plot (b), they represents the daily precipitation.

3.2.4. Comparison of Long-Term Average and Daily Predictor Variables

Table 8 compares R? values of Model 2 when using daily weather data (2020-2023)
and long-term climate averages (1991-2020). Marginal R-squared (R%) considers only
fixed effect variances, whereas conditional R-squared (Rg) considers both fixed effects and
random effect variances. The marginal R?is considerably higher for daily data, with 7.1%
for the male and 12.2% for the female cicada, in comparison with long-term averages data
at 2.5% for males and 1% for female cicadas. With daily data, temperature and precipitation
could capture the responses of cicadas better. Long-term averages diluted the effects of
short-term weather events that are critical for activity, reducing their explanatory relevance.
Because of the substantially higher marginal R?, we restricted the following analysis to
using only daily weather data.

Table 8. Coefficients of determinations (R?) for Model 2 for long-term climate averages and daily
weather data.

Male Cicadas Female Cicadas
Data Source
RE, R? RE, R?
Long-term averages of temperature and
precipitation over 30 years (1991-2020) 0.02 083 0.01 078
Daily temperature and cumulative daily 0.07 0.83 012 0.78

precipitation (2020-2023)
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3.3. Projection of Cicada Abundance Using Climate Projections

Multi-model ensemble simulations (Table 2) of future monthly temperature and pre-
cipitation were used to predict the cicada abundance until 2100. Due to the model offset,
the predictions obtained were daily counts. In Figures 9 and 10, cicada predictions were
visualized for each climate region, along with the 95% confidence intervals. Climate change,
particularly under the worst-case scenario (RCP8.5), will produce increased cicada counts
in future. This was observed by examining the upper limit of the 95% confidence interval
(shaded in red), which represents the maximum likely predicted daily abundance of male
cicadas. Figure 9 shows the mean count of male cicadas reaching a peak of 8-12 counts per
day in certain regions under the RCP8.5 scenario. By the end of the century, under RCP2.6,
male cicada counts were projected to be four-to-five cicadas per day, which is lower by
60-70% compared to the RCP8.5 scenario.
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Figure 9. Effect of future climate projections on male cicada abundance based on Model 2. The
y-axes show the predicted mean male cicada count per day across all traps in the growing season
under three RCP scenarios, and x-axes show years until 2100. Colored lines and the corresponding
shaded regions represent the predictions and 95% confidence intervals under RCP 2.6 (green), RCP
4.5 (blue), and RCP 8.5 (red). RCP8.5 is a worst-case greenhouse gas emission scenario, where mean
temperatures rise by 2 °C in all climate regions of the study area by 2100.

Figure 10 shows that the female cicada counts by the end of the 21st century in RCP8.5
scenario are projected to reach one-to-two counts/day, which is 10 times higher than today’s
number. This increase is similar to that of male cicadas. However, the count of female
cicadas per day is 70-80% lower than that of males. The low-emission scenario RCP2.6
shows a decrease in female cicada count per day up to 70% when compared to RCP8.5.
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Figure 10. Effect of future climate projections on female cicada abundance based on Model 2. The
y-axes show the predicted mean female cicada count per day across all traps in the growing season
under three RCP scenarios, and x-axes show years until 2100. Colored lines and the corresponding
shaded regions represent the predictions and 95% confidence intervals under RCP 2.6 (green), RCP
4.5 (blue), and RCP 8.5 (red).

Since the above predictions are mean counts averaged across the growing season
and, hence, do not represent the full natural variability, we scaled the mean predictions
in Figures 9 and 10 to maximum values and aggregated the resulting counts across the
whole study region. Figure 11 shows the rescaled daily maximum male and female cicada
counts averaged across the growing season until 2100 for the study area under three climate
scenarios. For male cicadas, the projections under RCP2.6 can reach up to 100 counts
per day during 2020-2030. While these unusually high values represent uncertainties in
the climate projections (see Section 4.2), beyond this initial period, RCP2.6 male counts
stabilize, fluctuating between 0-30 counts per day for the rest of the century. In contrast,
RCP4.5 shows similar moderate activity, rarely reaching 30 counts per day, while RCP8.5
resulted in elevated counts at the end of century, with the adjusted predictions reaching up
to 40 counts per day.

A similar pattern emerges for female cicadas (right panel), although at a lower magni-
tude. Under RCP8.5, daily counts fluctuate up to five counts per day, with occasional peaks
reaching seven female cicadas per day. Conversely, RCP4.5 results in moderate activity,
with up to five counts per day, although this is infrequent. Finally, RCP2.6 shows subdued
activity, with daily counts ranging between 0 and 3 counts per day, with rare peaks of four
counts per day.
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Figure 11. Projected daily maximum male and female cicada counts based on observations from
2020-2023 for the study area.

4. Discussion
4.1. Influence of Climate Regions

Our analysis using Model 1 showed that the abundance of both male and female
cicadas (P. leporinus) did not vary significantly between climate regions in the Upper Rhine
valley. Climate regions were defined based on the combinations of long-term average
temperature and precipitation (Figure 1). Due to the lack of significant variation between
climate regions, we investigated whether the individual climate factors (30-year means of
daily temperature and accumulated precipitation (1991-2020) during the growing season)
independently influenced cicada counts using Model 2. However, we found that neither of
them was significant, implying that long-term climate averages during 1991-2020 did not
strongly affect cicada abundance.

Variance components in Table 3 were presented on the log-link scale as a log-link func-
tion was used in the model. This approach is standard for GLMMs as it keeps the variance
components additive on the log scale [24]. The discrepancies between the model prediction
and the trial measurements in Table 4 indicate the weaknesses of the model in representing
cicada counts in the climate regions. These discrepancies may originate from uncertainty in
model parameters due to incomplete datasets in 2020 and 2021 and unbalanced sampling
across the climate regions, as well as from environmental and biophysiological factors not
considered by Model 1. Future studies should look into the effects of vegetation structure,
soil, predator-prey dynamics, and pesticide use since these could influence the distribution
and behavior of P. leporinus.

4.2. Influence of Temperature and Precipitation

Cicadas were more sensitive to short-term weather variations rather than long-term
climatic averages. A moderate rise in daily mean temperature in the growing season of
2020-2023 increased the male cicada flight activity. This is consistent with their thermophilic
nature. Conversely, high temperatures impeded cicada activity, likely due to thermal stress
or the impact of convective storms and heavy rains often linked with hot days during
this timeframe. High temperature had a stronger positive effect on female cicada activity
compared to males, aligning with our observation that male cicada counts peaked in
June, while females peaked in July. Notably, July temperatures were higher than in June
during 2020, 2022, and 2023. This temporal divergent behavior between male and female
activity is consistent with the established role of temperature as a primary determinant of
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Hemipteran phenology. Whereas the study of Moriyama and Numata (2019) is about true
cicadas (Cicadidae), it shows that temperature is a basic environmental variable affecting
insect ecophysiology, ranging from activity patterns to development schedules [9].

Sticky traps recorded a greater number of male cicada specimens when compared
with females. The high counts of capture recorded do not necessarily represent the actual
sex ratios in the field populations but may reflect differences in behavior of males and
females. In certain hemipteran species, i.e., cicadas and planthoppers, males have longer or
more active flight behaviors when mating seasons are on, thereby putting them at a higher
chance of being caught [25]. While the general flight activity of P. leporinus has not been
fully clarified, this description is reasonable in light of what has been found in comparable
species, e.g., Hyalesthes obsoletus [26,27]. For instance, male insects have generally sustained
flights, seeking mates and defending territories, thereby increasing chances of capture in
the course of these activities. The unusual peak in 2022 for predictions under RCP2.6 in
Figures 9-11 was likely due to short-term fluctuations in temperature and precipitation in
the climate model “MIROC-MIROCS5_rlilpl_CLMcom-CCLM4-8-17”, which may have
introduced temporary anomalies in the projected cicada counts. In particular, during the
growing season, the median monthly temperatures in different climate regions increased
from about 16-17 °C in 2021 to almost 19-20 °C in 2022, while the cumulative monthly
rainfall declined from 80-100 mm to about 50-70 mm. This drastic shift towards warmer
and drier climatic conditions is in agreement with the expected climatic optimum for cicada
abundances, thus explaining the spike in the model-predicted abundances in 2022, as per
the RCP2.6 scenario.

Under RCP8.5, a rise in mean counts for both male (8-14 counts/day) and female
cicadas (1-2 counts/day) was observed in response to rising temperatures across climate
regions. Conversely, fluctuations in mean precipitation within the climate regions introduce
uncertainty. In contrast to RCP8.5, the predicted counts in RCP2.6 were 60-70% lower.
Figures 9 and 10 show that the impact of climate change on cicadas is not uniform and var-
ied between different climate regions. This may be due to differences in the number of trial
location samples used in the model. For example, regions such as “Alzeyer Hiigelland and
Rheingau” with more than 10 trial locations showed more pronounced counts compared to
the regions with fewer samples, such as “Main-Taunusvorland and Untermainebene”, with
only one trial location. The unbalanced sampling may have affected the regional differences
observed in the predictions in Figures 9 and 10. This points to the necessity of balanced data
to achieve robust regional comparisons in future. This points to the necessity of balanced
data to achieve robust regional comparisons in future. To check if this imbalance compro-
mised the predictive performance, we compared the male model performance using Root
Mean Squared Error (RMSE) in well-sampled, poorly sampled, and combined datasets.
While poorly sampled regions had higher RMSE values (13.6 counts/day), their inclusion
in the combined model did not reduce the overall predictive accuracy substantially, as the
combined model RMSE (10.6 counts/day) was close to that for the well-sampled group
(10.4 counts/day). Albeit sample representation was low in certain regions, overall model
predictions were very robust. However, predictions in the poorly sampled climate regions,
such as “Ingelheimer Rheinebene”, “Main-Taunusvorland and Untermainebene”, and
“Messeler Hiigelland, Vortaunus, and Rheinheimer Hiigelland” (Figures 9 and 10) should
be viewed with caution.

4.3. Limitations of Model 2

Figure 12 shows “DHARMa” diagnostic plots for Model 2 for both male and female
cicadas when daily weather was used as predictors [23]. The Kolmogorov-Smirnov (KS)
test from Figure 12 reveals significant deviations (p < 0.001) from the expected residual
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distribution for both male and female cicada models. This is further supported by the
observed patterns in the quantile-quantile plot (QQ plot), which show discrepancies
between observed and expected residual distributions, particularly at the tails. This is a
sign that the model may be missing to capture the full variability of the underlying data.
There is also a significant presence of outliers (p < 0.01) in our data that the model finds
challenging to accommodate. In our case, these are high cicada counts. Therefore, they
were not removed.

Male cicadas
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Figure 12. “DHARMa” diagnostic plots for the Model 2 with daily weather data. Red line in QQ-
plot represents an ideal case wherein residuals perfectly align with the expected negative binomial
distribution. The Kolmogorov-Smirnov (KS) test, dispersion test, and outlier test results are indicated
in the QQ plots. The dashed red line in Residual vs. Model predictions plot indicates a smoothed
trend line showing how residuals behave across predicted values. Deviations from the solid red line
of expected uniformity highlights the non-random residual pattern.

Our model performed well for lower counts but had some difficulties in representing
the extreme values. The obvious nonrandom pattern in the residuals suggests that the
quadratic terms do not capture all of the nuances of the relationship, or that additional
predictors such as vegetation structure, land use, or local pesticide application might have
affected the counts. The female version of the model handles the variability better than
its male counterpart. Residual patterns and some significant outliers (p < 0.01) indicate
that further refinements may be necessary. To explore this, we used a generalized additive
model with penalized splines for the temperature and precipitation variables. However, the
predictive performance of this spline-based model was poorer than that of the quadratic
model, with a higher RMSE (15.6 and 2.2 counts/day compared to 10.6 and 1.6 counts/day
for male and female models). The quadratic model was, therefore, selected as the better,
more parsimonious option. However, future studies employing an expanded dataset—
specifically one containing ecological or management variables—could benefit from the
use of flexible modeling approaches, such as hierarchical splines, thus increasing predictive
accuracy [28].
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4.4. Implications for Crop Diseases

Peak activity for male cicadas occurred at approximately 22 °C, while for female
cicadas, it occurred at 28 °C. However, excess precipitation above 8 mm reduced activity
for both male and female cicadas to zero. From a plant protection perspective, there are
implications of our findings: increased temperatures lead to higher cicada activities in
sugar beet fields and may allow the pest to thrive, multiply, and spread into adjacent farms
and infest them, leading to crop losses [29,30]. Heavy rainfall could temporarily act as
a natural control mechanism, which might reduce the spread as waterlogged conditions
can adversely impact flight behavior and also nymphal survival [31]. This fluctuating
relationship between temperature, precipitation, and the populations of cicadas shows
that more dynamic and adaptive approaches will be required by the farmers to manage
the consequences.

The increasing prevalence of the reed glass-winged cicada, Pentastiridius leporinus, and
its close relative glass-winged cicada, Hyalesthes obsoletus, as vectors of plant pathogens
“Candidatus Phytoplasma solani” and “Candidatus Arsenophonus phytopathogenicus” for
diseases in sugar beet and potato crops presents a serious concern for agricultural health
and food security [5]. Reed glass-winged cicadas are reaching high population densities
in sugar beet fields and potato fields [32,33]. The lack of permitted pesticides for cicadas
creates a precarious situation for farmers, who may be ill-equipped to manage the risks
posed by these vectors effectively [4]. Our results suggest that climatic conditions, in
particular warmer and moderately dry growing seasons, are conducive to high cicada
densities. This will mean that the disease transmission risk may be increased due to high
cicada densities during such climatically favorable windows, which are likely to increase in
frequency under climate change. The erratic nature of pathogen transmission, influenced by
environmental factors and the presence of reservoir plants, complicates efforts to establish
reliable control measures [34,35].

At the moment, there is no established risk or action threshold for the reed glass-
winged cicada. For the sake of comparison, the risk threshold for planthopper Psammotettix
alienus is 30 counts per week in yellow sticky traps in France [36]. This leathopper is a
distant relative of the P. leporinus and is responsible for transmitting the Wheat dwarf
disease. This disease is also relevant in Germany. These leafhoppers are responsible for
sucking phloem sap from the vegetative sections of wheat with their mouthparts, thereby
transmitting the wheat dwarf virus. Our model outputs from Figure 11, which projected
expected daily counts of P. leporinus under different climatic scenarios, could provide a
basis for developing such risk thresholds.

The economic ramifications of sugar beet are profound, with reports indicating yield
losses of up to 30% due to SBR, characterized by yellowing leaves, stunted growth, and
diminished root development [5,37]. Farmer statistics in the region Hesse show a decrease
of 17.43% in polarized sugar content from 2020 to 2023, from 17.7 to 14.6%. In the Palatinate
region, a decrease of 17.4% was observed from 17.5 to 14.7%. In the Rhine-Hesse region,
a higher decrease of 20.2% from 18.9 to 14.3% was observed. When averaged across the
three regions, the overall decrease of polarized sugar content in the study area during
2020-2023 was approximately 18.4%. Notably, our model’s forecasted cicada peak density
is in 2022, during this period of sugar downturn. While we do not claim direct causation,
the time coincidence suggests that years of high vector activity, as forecast by our model,
can have an effect on crop-quality loss. This reinforces the model’s applicability for pest
risk forecasting to select suitable agricultural management measures.

Lang et al. (2025) extrapolated P. leporinus propagation based on data from Pfitzer et al.
(2022) [4,38]. According to them, maximum rates of reproduction are typically reached
within 3—4 years following the species’ establishment within a new area. The reproductive
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timeline outlined by Lang et al. (2025) could be further altered by the rise in temperatures
and changes in the pattern of rainfall [38]. High mean daily temperatures, as mentioned
in our study, will likely speed up the female developmental rate, which will lead to peak
cicada population within a time frame less than the 3—4 years estimated by Lang et al.
(2025), perhaps within 2-3 years. Such an alteration will significantly raise the chances of
more frequent and intense cicada outbreaks with important implications for sugar beet
and other vegetable crop yields (potatoes, carrots, beetroots, etc.) [38]. Lang et al. (2025)’s
6-year cicada population projection shows a population of more than 67 million individuals,
indicating the potential for rapid outbreaks [38]. These assumptions emphasize the need
for early identification within the first 34 years to curb the growth of P. leporinus before it
reaches maximum reproductive capacity.

There is currently no general solution for the cicada problem. Because the cicadas
need their plants to overwinter in the field, a promising practical solution is to leave fields
fallow over winter [33]. This entails some economic loss and, more importantly, fallowing
must be conducted in concerted action by farmers over a few square kilometers because the
cicadas are very mobile when they fly out in spring. This approach is currently being tested
in some federal states. Our current modeling results focused on weather variables of the
growing season. They highlight the strong association of precipitation, temperature, and
cicada populations. However, it is likely that weather conditions of the previous winter can
also influence their population dynamics. This question will be evaluated in a follow-up
study in which we consider the lagged effects of extreme weather conditions experienced
during the overwintering stage (winter and spring) on cicada populations in the following
growing season.

Further, research is underway to develop SBR-tolerant cultivars, which is a positive
development. In this context, our modeling of climate-driven fluctuations in cicada abun-
dance offers a valuable tool for anticipating high-risk years for vector pressure. Identifying
climatic windows when cicada populations are likely to surge, such as the unusually wet
2021 growing season, followed by the warm and dry 2022 growing season, can inform
timely disease monitoring and management strategies. This is particularly relevant for
integrated pest and disease control in sugar beet systems under climate change. While
phytoplasmas are the primary concern, cicadas could also facilitate the entry of other
pathogens through feeding wounds [38]. SBR infection weakens sugar beets, making it
easier for opportunistic fungi to infect them. A prominent example of a secondary fungus
in SBR-infected sugar beets is Macrophomina phaseolina [39]. Moderate daily precipitation
(up to 8 mm), as discussed in our study, could potentially supply critical moisture for
both cicadas and opportunistic fungi like Macrophomina phaseolina to develop and pros-
per. This shared climatic suitability could also enhance disease pressure on vulnerable
agricultural crops. The implications of these diseases extend beyond individual crops to
regional economic well-being. The interconnectedness of agricultural systems means that
the decline of sugar beet and potato yields could disrupt supply chains, affecting not only
farmers but also consumers and related industries [40,41]. As climate change continues
to alter environmental conditions in the agroecosystems, as mentioned in our study, the
potential for increased vector populations and pathogen transmission becomes even more
pronounced, necessitating targeted measures and innovative solutions [42,43].

4.5. Limitations and Future Directions

This study focused particularly on the effects of two key abiotic climate drivers—
temperature and precipitation—on Pentastiridius leporinus density. While these are known
factors of insect development and behavior, other significant factors such as vegetation
structure, soil, predator-prey dynamics, and pesticide use were not focused on due to data
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limitations. Also, climate variables were only examined during the growing season (April
to October), while P. leporinus overwinters in the soil as fifth instar nymphs.

The exclusion of winter and early spring climatic data is a limitation in this study
since overwintering conditions may influence emergence success and subsequent adult
abundance. This limitation will be addressed in a follow-up study in which we investi-
gate the lagged effects of weather extremes across multiple seasons on growing season
cicada abundance.

Another limitation of the current research is the absence of data on site-specific crop
rotation history and antecedent land use. As P. leporinus overwinters within the soil, crops
in the previous years may have a critical effect on nymph survival rates and, consequently,
on the resultant adult emergence. For example, Pfitzer et al. (2024) demonstrated that
substituting sugar beet with maize or leaving the soil bare led to a considerable decrease
in adult cicada emergence [33]. The inclusion of field history in future analyses will
enhance predictive capacity, especially when modeling year-to-year dynamics. Hence,
future field campaigns should document plot-based crop history because this knowledge
can substantially improve ecological models.

5. Conclusions

This study investigated the effect of climate region, temperature, and precipitation
on the abundance of the reed glass-winged cicadas (Pentastiridius leporinus)—a vector of
serious crop diseases. Real-time cicada count data from the sugar beet fields were analyzed
with daily weather data using GLMMs. Our findings emphasize the possible consequences
of changing weather and climate in the Upper Rhine valley region, creating conditions
conducive to cicada growth and reproduction.

The results statistically confirmed that males and female cicadas have different tem-
perature preferences, which may affect how they mate, where they emerge, and the overall
structure of their population. Moderate precipitation was also confirmed to be another
key factor for cicada survival. An increased cicada population will affect productivity,
disease transmission, and the health of the sugar beet plant. The threat posed by severe
cicada outbreaks will be greater and more frequent with the progression of climate change,
thereby demanding continuous monitoring. Early monitoring of newly colonized locations
during the first few years will be crucial to predict infestation severity.

In light of the challenges posed by the reed glass-winged cicada, which is exacerbated
by climate change, it is crucial to accelerate the efforts to develop resistant crop varieties
and implement integrated pest management strategies. The plight of farmers facing the
dual threats of crop diseases and economic instability emphasizes the need for collaborative
efforts to combat the emerging threats.
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