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Simple Summary: In this research, we examined how temperature, rain and relative humidity influence the
seasonal population of Aedes albopictus, which was estimated using ovitrap data collected in the period 2010-
2022 by the monitoring network of Emilia-Romagna region, Italy. Main results suggest that the winter-spring
period (January to May) is crucial in determining the size of the first generation and overall seasonal growth
of the species. We found that the monthly densities depend on various combinations of meteorological
parameters.

Abstract: Background: Aedes albopictus, the Asian Tiger Mosquito, has become a prevalent pest in Italy, causing
severe nuisance and posing a threat of transmission of arboviruses introduced by infected travellers. In this
study, we investigated the influence of weather parameters on the seasonal population density of Aedes
albopictus. Methods: A Bayesian approach was employed to identify the best meteorological predictors of
species trend, using the eggs collected monthly from 2010 to 2022 by the Emilia-Romagna regional monitoring
network. Results: The findings show that the winter-spring period (January to May) plays a crucial role in the
size of the first generation and seasonal development of the species. Conclusions: A temperate winter and a
dry and cold March, followed by a rainy and hot spring and a rainy July, seem to favour the seasonal
development of Ae. albopictus.

Keywords: Aedes albopictus; Bayesian model; MCMC; ovitraps; climate change

1. Introduction

Aedes albopictus (Skuse, 1894), a mosquito of Asian origin, was introduced in Italy at the end of
the 1980s, and is now the most abundant species in Italian urban areas [1] and a major threat to public
health.

Ae. albopictus has been responsible for several arbovirus outbreaks in Europe: in France, an
increasing number of autochthonous transmissions of dengue virus (DENV), chikungunya virus
(CHIKV) and Zika virus (ZIKV) have been detected since 2010 [2]; and in Italy, the species has caused
two CHIKV epidemic events, in 2007 (Emilia-Romagna region) and 2017 (Lazio and Calabria
regions)[3,4].

In Italy, the tiger mosquito causes a significant biting nuisance [5] and a constant risk of spread
of arboviruses introduced by infected travellers. For these reasons, it is the subject of intense control
activities both in public and private areas [6].

A National Arbovirus Surveillance implemented after the chikungunya outbreak of 2007
promotes a multidisciplinary approach to the surveillance and control management of arbovirus
vectors [7].

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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In this work, we have analysed the effects of temperature, rain, and humidity on the seasonal
density of Ae. albopictus.

The temperature and precipitation directly or indirectly affect the population dynamics and the
life cycle from egg-hatching to adult mosquitoes [8-10]

Ae. albopictus develop at a temperature of 15-35 °C, with an optimum of about 29-30 °C and a
minimum threshold around 9-10 °C [11,12]. High temperatures result in a reduction in the cycle
length and survival rate while low temperatures increase the cycle length and survival rate. In
females, temperature affects flight activity, host-seeking, and blood-feeding [13,14].

Temperature directly affects the larval cycle, while relative humidity (RH) and rainfall indirectly
affect the larval cycle; in breeding sites, drought and evaporation reduce the carrying capacity of the
larval development environment [15-17]. Rain increases the carrying capacity in urban areas; intense
rains can wash away the young larvae in road drains, which are the principal breeding sites of Ae.
albopictus [1].

Another indirect effect of climate is on the control activity efficacy: high temperatures increase
the microbiological activity and accelerate the degradation of larvicide products, while low
temperatures may reduce the larval feeding activity, thus reducing the dose of ingested larval
insecticide [18,19]. Intense rainfall may wash away the insecticide from road drains, reducing its
efficacy and persistence (personal observation), but may also wash away immatures.

Relative humidity (RH) is a synthetic parameter between temperature and rain and can influence
the survival and field dispersion of the adults [20,21].

2. Materials and Methods

Study area. The study was performed in Bologna (44°29'41” N, 11°2033” E), Modena (44°38'49”
N, 10°55’30” E), Cesena (44° 8'22” N, 12°14'46” E) and Forli (44°13'21” N, 12° 2'26” E) towns, where
the Ae. albopictus monitoring was conducted without interruptions from 2010 to 2022, according to
the validation procedure included in the protocol of the Emilia-Romagna regional Ae. albopictus
monitoring network (E-RMN_AA) [7,22](Figure 1).
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Figure 1. Study areas (blue polygons) and ovitraps (green points) in the Emilia-Romagna region, Italy.
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Ae .albopictus monitoring. In previous studies conducted in Northern Italy, the average Aedes
albopictus egg density collected by ovitraps was correlated with the adult population estimated by
human landing collection (HLC) [21,23]. In this study, data from the ovitrap collection from week 21
to 40 were used as a population estimate.

Monitored urban areas were divided into quadrants by GIS software (QGIS), with each having
one station positioned in a green-shaded area [24].

The ovitrap used (CAA14G model) was a 1.4 L black plastic container holding about 800 mL of
Bacillus thuringiensis var. israelensis solution (1 mL of Vectobac 12AS/ovitrap) (Valent BioSciences,
Sumitomo) and a strip of masonite (15 x 2.5 cm) as an egg deposition substrate.

The monitoring network was organized with summer and winter ovitraps. Summer ovitraps
were activated from week 21 to 40 and sampled every two weeks in Bologna (n.110 ovitraps), Cesena
(n.75 ovitraps), Forli (n.60 ovitraps) and Modena (n.60 ovitraps). Winter ovitraps were activated from
week 41 to week 20 of the next year in Bologna (20 ovitraps), Cesena (10 ovitraps), and Forli (10
ovitraps).

Meteorological data. Daily weather parameters (daily average air temperature at 2 m, daily
average relative air humidity at 2 m, daily cumulated precipitation, and daily average global
radiation) were recorded throughout the course of the study in the four municipalities monitored
(ERGS datasets; Arpae - Regional Agency for Environmental Protection of Emilia-Romagna Region,
[25]). In the three cold months (January, February and March), we considered the number of frosty
days (the number of days with a minimum daily temperature < 0°C).

Statistical Analysis. The number of ovitraps activated in each urban area was determined using
the Taylor Power Law [23] at a precision level of D = 1.5-0.25.

In multiple linear regression analyses, the inference of dependent variable ignores the model
uncertainty from the first selection of relevant predictors, resulting in overconfident parameter
estimates that generalize poorly. To overcome this limitation in the classical linear regression, we
used a Bayesian multi-model linear regression as described in Bergh et al. 2021 [26], a technique that
retains all models for inference, weighting each model’s contribution by its posterior probability.

The Akaike information criterion (AIC) weights were used to guide the choice of prior
distribution on the regression parameters, and Markov chain Monte Carlo (MCMC) methods were
used to update these priors with the observed data in order to obtain the posterior distribution of the
parameters.

The MCMC algorithm involves simulating a Markov chain where each state corresponds to a
set of parameter values. On each iteration, the algorithm draws a new set of parameter values from
a proposal distribution and determines whether to accept or reject the proposal based on the ratio of
the posterior probabilities of the new states to the posterior probabilities of the old states. In this
study, 1000 samples were chosen for MCMC [27-29].

The lag influence of weather parameters on the population dynamics was mitigated using the
monthly average, and the number of eggs was standardized for each area with the average.

We adopted the Spearman rank correlation, which is insensitive to transformation using
monotonic functions. The Spearman correlation between the different weather parameters was
calculated, and the standardized monitoring data were transformed by log(y+1) to normalize the data
and control the variance.

We used the open-source software R (version 4.2.2) [30] and the BAS package [31] for the
statistical analysis.

3. Results

A positive correlation was found between the monthly egg density data. The data collected in
May, June, July and August were correlated with those recorded in the subsequent month; the
correlation decreased during the summer. The correlation between monthly egg densities was
strongest for June and July and weakest for August and September. (Table 1).
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Table 1. The Spearman rank correlation between the monthly average of eggs collected in the four

cities from 2010 to 2022.
May June July August
June 0.65*** —
July 0.49** 0.87%** —
August 0.50%** 0.63*** 0.67%** —
September 0.18 0.31* 0.31* 0.56***

*p<0.05; **p<0.01; **p<0.001.

The data collected showed a growing trend in the average number of eggs during the summer
season (from the ending of May to to the beginning of October) from 2010 to 2022 (R=0.66, F150=38.55
and p<0.001) (Figure 2).

1.6
(0]
oo
©
) { { {
> A ey
©c Y
s L i }
c
= e L {
oo e
T B e e R e Pl i
7 S e e
- | | T L
[~ A S IR S
Y & } i b
© | et
: ¢
c
m©
&
0.4
2008 2010 2012 2014 2016 2018 2020 2022 2024

Year

Figure 2. Standardized seasonal average of the number of eggs collected from 2010 to 2022 in the
summer ovitraps.

As typically happens in temperate regions, a bell-shaped trend of Ae. albopictus eggs, collected
by monitoring during the summer season, was observed (Figure 3).

From the beginning of May the seasonal pattern of eggs laid in the winter ovitraps (n. 40) was
initially exponential, peaking in late July or early August, after which it gradually declined (Figure
3).
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Figure 3. Seasonal trend of the number of eggs/winter ovitrap/14 days in Bologna, Cesena and Forli.

The number of frost days in winter, the average daily temperature and rain in March (T3 and
R3), the temperature and RH in May (T5 and RH5), the mean temperature in June (T6), the rainfall in
July (R7), and the mean RH in September (RH9) were the parameters that most influenced the
summer average (weeks 21 to 40) of the population of Ae. Albopictus, where frost days, T3, R3, T9,
and RH9 had a negative influence and T5, T6, R5, and R7 had a positive effect (Table 2).

The model comparison table tells us which of the models showed the best predictive adequacy.

Table 2. Model comparison for seasonal density from 2010 to 2022 (May to October).

Models P(M) P(Mldata) BFm BFw R?
Null model (incl. T3, R3, T5, RH5, Frost) 0.05 0.02 049 1.00 0.54
R7 +T9 + RH9 0.05 0.25 716 11.08 0.66
RH7 + T9 + RH9 0.05 0.14 3.28 590 0.65
T9 + RH9 0.05 0.10 230 431 0.62

All models include T3, R3, T5, RH5, Frost.

The first two columns are P(M) and P(M | data). P(M) denotes the prior probability of each model.
The column labelled P(Ml|data) denotes the posterior probability of each model after data

observation.
BFwm is a Bayes factor on the model odds, and it is the factor by which the odds in favour of a

specific model increase after data observation.
BFw gives the relative predictive adequacy of the given model compared to the best-fitting

model.
The posterior summary table (Table 3) provides information about each possible predictor in the

linear regression model.

Table 3. Posterior Summaries of Coefficients.

95% Credible

P P
Coeff. Mean SD BPFincusion Interval
(incl) (incl| data)

Lower Upper
Intercept 1.00 0.03 1.00 1.00 1.00 0.95 1.05
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T3 -0.08 0.03 1.00 1.00 1.00 -0.13 -0.03
R3 -0.16 0.02 1.00 1.00 1.00 -0.21 -0.11
T5 0.07 0.02 1.00 1.00 1.00 0.02 0.12
RH5 0.03 0.01 1.00 1.00 1.00 0.01 0.04
R7 0.08 0.04 0.14 0.31 2.90 0.00 0.15
T9 -0.08 0.03 0.41 0.69 3.29 -0.15 -0.01
RH9 -0.03 0.01 0.77 0.94 4.78 -0.05 -0.01
Frost -0.01 0.00 1.00 1.00 1.00 -0.01 -0.00

The equation linking the summer average (Emean) to the spring weather parameters is as follows
(Table 4):

Emean =-0.80 — 0.01 Frost — 0.08 T3 — 0.15 R3 + 0.08 T5+ 0.02 RH5

Table 4. Regression coefficients between the seasonal mean and spring weather parameters.

Predictor Coefficients SE t P
Intercept -0.8 0.94 -0.85 0.399
Frost -0.01 0.00 -3.55 <0.001
T3 -0.08 0.03 -2.78 0.008
R3 -0.15 0.03 -5.49 <0.001
T5 0.08 0.03 294 0.005
RH5 0.02 0.01 3.76 <0.001

The influence of the winter period (frost days in January-March, T3 and R3) on the egg density
in May (M) was evident and partially explains the variability of the data. Significant positive
interactions with temperature (T5) and RH recorded in May (RH5) were found. Low temperature
and RH in May (T5 and RH5) delayed the emergence and maturation of the females as well as the
survival of the first generation (Table 5).

M=-2.15 - 0.01 Frost — 0.27 T3 — 0.37 R3 + 0.28 T5+ 0.03 RH5

Table 5. Posterior summaries of coefficients between weather parameters and the egg density in

May.
Models P(M) P(Mldata) BFum BF10 R2
Null model (incl. T3, R3, Frost) 0.08 0.00 0.00 1.00 0.59
T5 + RH5 0.08 0.66 23.26 63817.39 0.79
T5 + RAD5 0.08 0.15 2.10 14431.56 0.77
T5 0.08 0.13 1.85 12948.66 0.75

Note. All models include Frost, T3, R3.

Table 6. Regression coefficients between the average of eggs in May and spring weather parameters.

Predictor = Coeff SE t p
Intercept -2.15 1.43 -1.50 0.140
Frost -0.01 0.00 -2.64 0.011
T3 -0.27 0.04 -6.48 <.001
R3 -0.37 0.04 -8.83 <.001
T5 0.28 0.04 6.50 <.001

RH5 0.03 0.01 2.75 0.008
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The egg density in June was positively influenced by the egg density in May (M), temperature
and rain in May (T5 and R5), and radiation in June (RAD6), and negatively correlated with the rain
recorded in June (R6) (Table 6).

Table 6. Posterior summaries of coefficients between the population and weather parameters and the

egg density in June.

Models P(M) P(Mldata) BFwm BF1o R?
Null model 0.10 0.00 0.00 1.00 0.00
T5+R5+R6 + RAD6 + M 0.10 0.50 9.10 4280920056.21 0.74
T5+R5+RH5+R6+RAD6+M  0.10 0.20 229 1725052435.16 0.75
T5+R5+T6+R6 +RAD6 + M 0.10 0.19 210 1611936985.26  0.75

The densities of Ae. albopictus in May and June (M]), the rain (R6) and the radiation in June
(RAD®6), and the temperature in July (T7) seemed to influence the mosquito population in July (Table

7).
Table 7. Posterior summaries of coefficients between the population and weather parameters and the
egg density in July.
Models P(M) P(M|data) BFum BF10 R?
Null model 0.06 0.00 0.00 1.00 0.00
T6 + R6 + RAD6 + MJ +
7 0.06 0.24 4.67 433892393.32 0.71
R6 + RH6 + RAD6 + MJ
0.06 0.15 271 279596970.99 0.70
+T7
R6 + RAD6 + MJ + T7 +
0.06 0.12 2.05 219904711.94 0.70
RAD7

The collection of Ae. albopictus eggs generally peaks in August (A), and the egg densities in
previous months (MJ] = May+June+July) play an important role. The July temperature (T7) seemed
to have a negative impact on August population.

Table 8. Posterior summaries of coefficients between the population and weather parameters and the

egg density in August.
Models P(M) PMldata) BFm BF10 R2
Null model 0.09 0.00 0.00 1.00 0.00
T7 + MJJ 0.09 0.42 7.30 2095791453.58 0.66
T7 + RADS + MJ]J 0.09 0.17 2.01 832731457.76 0.67
T7 + T8 + MJ] 0.09 0.15 1.70 723507566.88 0.67

In September, when the females start to lay their winter eggs, the population of the previous
months (MJJA = May+June+July+August) has a minor impact while the temperature of August has a
negative effect. The temperature recorded in September seemed to have a positive impact on the time
of the development cycle and the flight capacity of gravid females.
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Table 9. Model comparison for the mean density in September.

Models P(M) P(Mldata) BFwm BF1o R2
Null model 0.04 0.00 0.01 1.00 0.00
T8 + RH8 + T9 + MJJA 0.04 0.23 7.08 390.42 0.40
T8 + T9 + RAD9 + MJJA 0.04 0.22 6.93 383.82 0.40
T8 + T9 + R9 + RH9 + MJJA 0.04 0.10 2.73 174.87 0.41

4. Discussion

The growth rate of Ae. albopictus population in spring (in temperate areas) or after the dry season
(in tropical countries) is initially exponential and then reaches an equilibrium determined by the
carrying capacity of the environment, the weather condition and the control activities [32].

In this study conducted in four urban areas of the Emilia-Romagna region (Bologna, Modena,
Cesena, and Forli) from 2010 to 2022, we analysed the effects of some weather parameters on the
seasonal densities of Ae. albopictus (estimated by ovitraps of the monitoring network of the Emilia-
Romagna region).

The winter-spring period (January to May) plays a relevant role in shaping the dimension of the
first generation of and the seasonal development of Ae. albopictus.

In all insect populations with exponential growth, the initial density has a decisive impact on
the seasonal trend. The number of frost days in winter, the amount of rainfall, and the temperature
recorded in March seem to affect the number of Ae. albopictus eggs laid in May by the first-generation
females developed from overwintering eggs. In this regard, we can make several assumptions
about how the weather conditions affect the Ae. albopictus population:

1. the number of frost days may affect the egg winter survival rate;

2. heavy rainfall during the hatching period of the initial overwintering eggs in March [33] can
wash away the young larvae from road drains, which are the main breeding sites of Ae. albopictus
larvae in Italy;

3. the low temperature in March could retard the hatching of the overwintering eggs in a period
more favourable and less affected by the sudden drop in temperature typical of this month;

4. the winter and early spring rain may keep the water levels in road drains high and prevent
the activation of the egg hatching process.

In general, temperature seems to have a positive effect on the population, but the effect of rain
on the seasonal trend was not quite clear. In Italy, Ae. albopictus often breeds in water sources that are
independent of rainfall, for example in tanks, vases, or saucers for watering in urban gardens, or in
manholes in courtyards for washing cars.

The rain may have an ambiguous influence on the population dynamics of Ae. albopictus: it may
reduce the efficacy and persistence of products used in the larval control activities, it may activate
egg hatching, and at the same time it may wash out the larvae from road drains. The total amount of
rain as well as its intensity and spatial distribution may play a role that would be difficult to quantify
and include in a model.

5. Conclusion

In summary, a temperate winter and a dry and cold climate in March, followed by several rainy
events and high temperature, may favour the summer development of Ae. albopictus.

Further research on how the control activities of the first-generation of Ae. albopictus in spring
(April in Italy) impact the summer population needs to be conducted in the field, with greater
attention paid to the carrying capacity and density-dependent effects (additive, compensatory and
over-compensatory) on the mosquito population [32].
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https://zenodo.org/record/8090876/files/Supplementary_Materials.zip?download=1, Table S1: ovitraps data and
weather parameters from 2010 to 2022 grouped by municipality. Table S2-S7 Bayesian regression analysis.
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