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 A B S T R A C T

The invasive Asian tiger mosquito (Aedes albopictus) is a major public health concern in Italy, particularly in 
the Po Valley, where it has contributed to repeated outbreaks of mosquito-borne diseases over the past two 
decades. In response, the Emilia-Romagna region (Northern Italy) has maintained an intensive surveillance 
program based on oviposition traps since 2010, generating a rich long-term observational dataset for this 
invasive species.

This study aims to develop a forecasting model that estimates abundance at both monitored and 
unmonitored locations, directly supporting regional mosquito control efforts. We implemented a stacked 
machine learning framework to forecast weekly Ae. albopictus distribution and abundance using ovitrap data 
and ecologically relevant environmental covariates, with the aim of quantifying spatial and temporal data 
needs under realistic surveillance constraints. Therefore, we evaluate model performance across a structured 
set of training-window configurations that vary both the temporal depth and the spatial coverage of the input 
data.

Our evaluation across configurations reveals that broader spatial coverage can compensate for a shorter 
recent temporal window. Configurations spanning only two recent years but incorporating more sampling 
locations matched or exceeded the predictive performance of configurations with longer historical records, 
suggesting that recency and spatial breadth are important for forecasting under stable environmental con-
ditions. Regardless of the training-window scenario, all models consistently reproduced the seasonal and 
spatial patterns of Ae. albopictus. These findings offer practical guidance for designing operational mosquito 
surveillance and forecasting systems and support the use of abundance-based predictions to inform public 
health planning and vector control strategies.
1. Introduction

The Asian tiger mosquito, Aedes albopictus (Skuse, 1894), is a vector 
of arboviruses such as Chikungunya, Dengue, and Zika, and it is also 
one of the most rapidly spreading invasive species in the world (Bene-
dict et al., 2007; Delatte et al., 2008; Boes et al., 2014; Kraemer et al., 
2015). Due to its ability to establish in new environments and transmit 
pathogens (Benedict et al., 2007), its rapid spread across Italy has raised 
significant public health concerns and required robust surveillance and 
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control strategies (Rezza et al., 2007; Venturi et al., 2017; Brady and 
Hay, 2019; Barzon et al., 2021; De Carli et al., 2023; Branda et al., 
2024; Sacco et al., 2024). The urgency of this issue was exemplified 
by the response of the Emilia-Romagna region (Italy) to the 2007 
Chikungunya outbreak, which underscored the need for efficient and 
targeted monitoring systems to prevent future epidemics (Canali et al., 
2017; Angelini et al., 2008). However, implementing such systems 
using traditional surveillance methods requires substantial financial 
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and logistic resources, increasing the demand for cost-effective and 
scalable approaches (Caputo and Manica, 2020).

To address these challenges, statistical modelling has emerged in 
the past two decades as an effective tool for predicting the geographic 
distribution and phenology of the species (Lippi et al., 2023). Spatio-
temporal analysis, in particular, plays an important role in vector-borne 
disease surveillance by enabling decision-makers to allocate resources 
effectively and respond to outbreaks (Desjardins et al., 2018). Among 
the various statistical approaches, ecologists often employ correlative 
models to infer species phenology and spatial–temporal variations. 
These models establish statistical relationships between a response vari-
able (e.g., species abundance or presence-absence) and predominantly 
abiotic covariates (Guisan et al., 2017; Edwards and Crone, 2021; 
Torina et al., 2023).

Existing correlative models for estimating Ae. albopictus distribu-
tion vary in scope and complexity. Some models generate predictions 
without explicitly accounting for temporal and seasonal variability, 
not necessarily capturing population dynamics over time (Ding et al., 
2018). Furthermore, many others focus on large-scale or global predic-
tions (for example, see Kraemer et al. (2015) and Ding et al. (2018)), 
which, while valuable for broad epidemiological insights, may lack 
the spatial resolution necessary for practical, localised interventions. 
In this context, the work by Carrieri et al. (2023) represents a valuable 
contribution to the field, as it is one of the first attempts to apply 
a robust statistical framework to model Ae. albopictus egg abundance 
in the Emilia-Romagna region. Their study applied a Bayesian multi-
model linear regression to estimate seasonal densities of Ae. albopictus
eggs in the Emilia-Romagna region. While this approach relies on 
predefined equations and prior knowledge, requiring careful parameter 
estimation to ensure accuracy, it may be constrained by its underlying 
model structure.

Unlike parametric models that impose predefined relationships, 
machine learning (ML) identifies patterns directly from the data, which 
can be complex and non-linear, thus potentially reducing bias and im-
proving predictive performance. Indeed, ML-based models have shown 
superior performance in predicting species distributions, identifying 
ecological niches, and modelling seasonal fluctuations (Chen et al., 
2019; Bonannella et al., 2022; Ceia-Hasse et al., 2023; Oeser et al., 
2024; Da Re et al., 2025). However, despite these advantages, ML 
models remain sensitive to the variability introduced by different al-
gorithmic choices (Benkendorf and Hawkins, 2020; Bazzichetto et al., 
2023; Da Re et al., 2024b), which may produce different results, there-
fore model selection plays a fundamental role in predictive accuracy 
(Araújo and New, 2007; Pearson et al., 2006; Marmion et al., 2009). To 
address these challenges, ensemble learning techniques have emerged 
as an effective strategy to enhance model robustness and accuracy. 
While traditional aggregation methods, such as simple and weighted 
averaging, have been widely used (Marmion et al., 2009; Hao et al., 
2019), studies suggest that stacking, or stacked generalisation, offers 
superior performance (Araújo et al., 2005; Araújo and New, 2007). 
Here, stacking is adopted as a pragmatic design choice aimed at op-
erational stability and predictive consistency, rather than algorithmic 
novelty.

This study aims to develop a stacked ML forecasting model that 
could directly support regional mosquito control efforts through the 
provision of predicted abundances for the upcoming active season. 
A fundamental practical challenge for any such system concerns the 
configuration of the training data: surveillance programmes differ sub-
stantially in how long they have been operating and how many mon-
itoring stations they deploy. Local public health authorities seeking 
to implement comparable forecasting systems must therefore make 
pragmatic decisions about the temporal depth and spatial coverage of 
data that may be used to train a predictive model. To address this 
operational question, we draw on the georeferenced database of Ae. 
albopictus egg observations collected between 2010 and 2023 in Emilia-
Romagna and evaluate model performance across a structured set of 
2 
operational training-window scenarios that vary both the temporal 
depth and the spatial coverage of the input data.

More specifically, the configurations analysed here are designed to 
reflect realistic surveillance constraints, not to isolate the statistical 
effect of sample size per se. All training windows are temporally 
contiguous and immediately precede the evaluation period, a design 
chosen because operational forecasting systems typically rely on the 
most recent available data, and because newly established programmes 
are by definition constrained to whatever historical record they have 
accumulated at the time of deployment. Within this operational fram-
ing, the study pursues three objectives: (1) to characterise how model 
predictive performance varies across training-window scenarios that 
differ in temporal depth; (2) to characterise analogous variation across 
scenarios that differ in the fraction of sampling locations included; 
and (3) to generate short-term forecasts of mosquito egg distribution 
and abundance to support public health preparedness. Our results 
are especially informative for local public health authorities that are 
considering the launch of similar forecasting systems, as they provide 
concrete, operationally grounded guidance on the data configurations 
that can sustain reliable predictions.

2. Methodology

2.1. Ovitrap data

This study focuses on the Emilia-Romagna region in northern Italy, 
situated in the Po Valley (Fig.  1). Emilia-Romagna experiences a hu-
mid subtropical climate (Köppen Cfa) in the lowlands transitioning 
to temperate oceanic conditions (Cfb) at higher elevations (Nistor, 
2016). Annual precipitation ranges from below 800 mm in the plains 
to 2000 mm in the Apennine foothills, with a bimodal distribution 
peaking in spring (April-May) and autumn (October-November). The 
region exhibits pronounced spatial climate variability driven by its 
geomorphology, which transitions from the Po River floodplain through 
intensively cultivated plains to the northern Apennine ridge, with 
strong altitudinal control on temperature and precipitation patterns 
(Nistor, 2016). This environmental heterogeneity, combined with dense 
urbanisation in lowland municipalities and extensive agricultural land 
use, creates diverse habitat availability for Ae. albopictus across the 
region.

Since 2010, regional authorities have monitored Ae. albopictus popu-
lations using ovitraps, which are dark water-filled containers equipped 
with a surface for mosquito egg deposition. These traps are used to 
obtain a proxy for mosquito egg-laying activity and are inspected 
biweekly following standardised local protocols. Egg counts provide a 
reliable measure of mosquito activity and serve as a key tool in the 
region’s surveillance efforts.

Mosquito monitoring in Emilia-Romagna is coordinated by Local 
and Regional Public Health departments, with municipalities respon-
sible for operational activities (Carrieri et al., 2011). The program 
involves ten municipalities deploying a total of 755 georeferenced 
ovitraps annually from late May (week 21) to early October (week 40). 
The locations of all the ovitraps are shown in Figure S1. During each 
survey, the status of each ovitrap is evaluated following the Regional 
Surveillance Operative protocol (Di Luca, 2022). If a trap is found dry 
or overturned, its deposition substrate (a masonite stick) is excluded, 
and the data point is recorded as missing (NA). The collected sticks 
are sent to the Regional Environmental Protection Agency laboratories, 
where mosquito eggs are identified and counted using a stereomicro-
scope. A quality control process is then applied to the egg count data 
(Carrieri et al., 2017). After passing the quality check, the data are 
published on the regional portal www.zanzaratigreonline.it.

For data integration into the machine learning model, the egg 
counts of Ae. albopictus collected through ovitraps were set as the 
target variable. Temporal resolution was standardised to a weekly 
period using the spreader function from the dynamAedes R package 

http://www.zanzaratigreonline.it
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Fig. 1. Left: Location of Emilia-Romagna within Italy. Right: Grid used for aggregating ovitrap data, matching the resolution of the climatic datasets (approximately 
5 × 5 km). Black dots indicate the sampling locations (SLs), representing the aggregated ovitrap data.
(Da Re et al., 2022). The spatial resolution (approximately 5 × 5 km) 
was set consistently with the meteorological dataset (Antolini et al., 
2015). Ovitrap data were aggregated accordingly, with a similar pre-
processing pipeline as the one described in Da Re et al. (2025), where 
the median egg count is calculated from the ovitraps available in each 
grid cell, referred to as a sampling location (SL) throughout this study. 
Each SL is identified by a unique numerical ID and represents the 
average egg observations within the grid cell. A total of 79 SLs are 
distributed across the study area.

2.2. Covariates

The study incorporates key environmental factors known to in-
fluence mosquito activity and development. Three primary covariates 
were included: air temperature, photoperiod (the number of daylight 
hours), and precipitation.

Air temperature is a dominant driver of mosquito physiology, in-
fluencing larval development rates, adult survival, and oviposition 
activity, and thus strongly constraining both the timing and magnitude 
of seasonal abundance (Toma et al., 2003; Roiz et al., 2010; Becker 
et al., 2020). Photoperiod provides a stable seasonal cue that regulates 
diapause induction and termination in Ae. albopictus, thereby shaping 
the onset and cessation of oviposition independently of short-term 
climatic variability (Roiz et al., 2011; Romiti et al., 2021; Carrieri 
et al., 2023). Precipitation influences the availability and persistence 
of breeding sites, particularly in urban environments where container 
habitats dominate, and modulates egg survival and larval success, 
albeit in a non-linear and context-dependent manner (Roiz et al., 2010; 
da Cruz Ferreira et al., 2017; Becker et al., 2020).

Daily air temperatures and precipitation data were extracted from 
ERG5, a meteorological dataset developed by the HydroMeteoClimate 
Service of Emilia-Romagna Regional Environmental Protection Agency 
(ARPAE). Currently, ERG5 covers the period from 2001 to the present 
and provides several spatially interpolated climate variables at a 5 × 5 
km resolution based on data from ARPAE’s meteorological network 
(Antolini et al., 2015), which is the standard adopted by the regional 
environmental authority for operational and environmental monitoring 
planning purposes.

To account for the delayed and cumulative effects of environmental 
conditions on mosquito populations, we derived rolling averages of 
3 
each covariate, following the approach described in Da Re et al. (2025). 
Specifically, covariates were represented using rolling means to account 
for short-term temporal integration. Temperature and photoperiod vari-
ables were summarised as the median across the focal week (i) and 
the preceding one or two weeks (i–1, i–2), while precipitation variables 
were computed as the cumulative total over the same periods.

In addition to environmental variables, we incorporated seasonality 
and cyclic patterns via Fourier series using sine and cosine harmonics 
(Hyndman and Athanasopoulos, 2018). This approach outperforms 
dummy variables for high-frequency data, capturing annual trends with 
one harmonic pair and shorter-term seasonality with another. The four 
terms, added alongside other predictors, significantly improved the 
model’s ability to capture cyclic fluctuations in median weekly egg 
counts.

To factor in the influence of urbanisation on mosquito distribution 
(Perrin et al., 2022) and to mitigate spatial sampling bias (Gutierrez-
Velez and Wiese, 2020; Whitford et al., 2024), since monitoring sites 
are primarily located in major cities (Figure S1), we included a urbani-
sation index derived from the ESA CCI Land Cover database (www.esa-
landcover-cci.org, Defourny et al. (2012)). This dataset provides annual 
gridded maps with 22 global land cover classes. Urban areas are coded 
as value 190, based on data from the Global Human Settlement Layer 
(Pesaresi et al., 2016) and the Global Urban Footprint (Esch et al., 
2017). To construct the urbanisation index, we first extracted all pixels 
labelled as urban (value 190) to create a binary map (1 = urban, 0 =
non-urban). We then rescaled this map from its original 1 km resolution 
to 5 km, calculating the proportion of urban cover within each grid cell 
using the terra::zonal function. The resulting index assigns each 
grid tile a value between 0 (completely non-urbanised) and 1 (fully 
urbanised), with annual updates reflecting changes over time.

Accounting for this urban zonation is particularly important given 
the well-established influence of urbanisation on Ae. albopictus distri-
bution (Li et al., 2014; Manica et al., 2016; Westby et al., 2021; Torina 
et al., 2023), and the known risks that uncorrected spatial bias poses 
to model generalisability and inference (Reddy and Dávalos, 2003; 
Kadmon et al., 2004; Anderson and Gonzalez Jr., 2011; Kramer-Schadt 
et al., 2013; Yackulic et al., 2013).

https://dati.arpae.it/dataset/erg5-interpolazione-su-griglia-di-dati-meteo
http://www.esa-landcover-cci.org
http://www.esa-landcover-cci.org
http://www.esa-landcover-cci.org
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2.3. Modelling framework

Stacking is an ensemble learning technique that combines predic-
tions from multiple base models to mitigate overfitting and improve 
generalisability (Wolpert, 1992; Marmion et al., 2009). Unlike bagging 
or boosting, which focus on reducing variance or bias, stacking inte-
grates diverse models, allowing a meta-learner to determine the optimal 
way to merge their outputs (Bonannella et al., 2022, 2023; Oeser et al., 
2024). Building on the methodology described in Da Re et al. (2025), 
we implemented a stacked model using four machine learning algo-
rithms as base learners: XGBoost (Chen and Guestrin, 2016), Random 
Forest (Breiman, 2001), Gradient Boosting Machine (Friedman, 2001), 
and Cubist (Kuhn et al., 2024). These models were then combined 
into a unified ensemble using a linear meta-learner, specifically a 
regularised linear regression model trained to optimally weight the 
base learners’ predictions. This meta-model was implemented using 
the mlr3 library (Bischl et al., 2016; Lang et al., 2019). The overall 
ensemble architecture is illustrated in Fig.  2(a).

To ensure consistent configuration and hence comparability across 
all base models, hyperparameters were optimised once using 10-fold 
cross-validation with 10 evaluations. However, we acknowledge the po-
tential for overfitting by using this approach, particularly when training 
models on smaller datasets. These limitations are further explored in 
the ‘‘Discussion’’ section.

Once the ensemble was constructed and optimised via hyperpa-
rameter tuning, it underwent training, validation, and testing (Fig. 
2(b)). Each base learner’s predictions were assigned varying weights, 
reflecting their relative contributions to the final model output.

2.4. Operational training-window configurations

To assess how model performance varies with different configu-
rations of training data, we applied a spatio-temporal subsampling 
strategy that is designed to mirror operational constraints. This in-
volved iteratively selecting subsets of the dataset to create multiple 
training sets of varying sample sizes for each model, determined by 
the temporal depth of the available historical record and the fraction 
of sampling locations used. The training process covered four temporal 
windows, the longest spanning from 2011 to 2022, followed by progres-
sively narrower timeframes (2015–2022, 2019–2022, and 2021–2022). 
For each period, five spatial fractions of the sampling locations (SLs), 
0.10 (7 SLs), 0.25 (19 SLs), 0.50 (38 SLs), 0.75 (58 ± 1 SLs), and 0.90 
(70 ± 1 SLs), were randomly sub-sampled from the full dataset. Each 
configuration was evaluated across five replications.

The choice to use contiguous, non-overlapping training windows 
that terminate immediately before the evaluation year was deliber-
ate and grounded in operational surveillance practice. Operational 
forecasting systems for vector-borne disease surveillance are typically 
configured to use the most recently available data: predictions must 
be issued prospectively, meaning that only the historical record ac-
cumulated up to the forecast date can be used. In this context, non-
contiguous or randomly sampled year combinations, while statistically 
valuable for assessing average model behaviour across diverse temporal 
conditions, do not reflect the data configurations that practitioners ac-
tually face when deploying or updating a surveillance model. Further-
more, the training windows were designed to represent a progression 
of operational scenarios corresponding to the natural maturation of 
a monitoring programme: a newly established system with two years 
of data (2021–2022), a system with moderate historical depth (four 
years: 2019–2022 and eight years: 2015–2022), and a temporally richer 
system with over a decade of data (twelve years: 2011–2022). This 
progression captures the operational question of our primary interest: 
how many years of monitoring data are needed before a regional fore-
casting system becomes reliably predictive? The accompanying spatial 
fractions similarly reflect scenarios ranging from a nascent, resource-
limited network (10%, which in our case is 7 sampling locations) to a 
4 
well-established programme with an extended spatial coverage (90%, 
70±1 sampling locations).

To validate the model, an internal validation was performed using 
10-fold cross-validation within the training dataset; then, a spatial test 
was conducted on a separate dataset, using SLs that were excluded from 
training. For evaluating temporal transferability, model predictions 
were tested on all the available data from 2023, which was entirely 
withheld from the training of all 100 models.

2.5. Model performance evaluation

To quantify model performance, Root Mean Squared Error (RMSE) 
was computed for the internal, spatial, and temporal validations. RMSE 
quantifies prediction error in the original units of egg abundance 
(eggs per ovitrap-week), emphasising errors in high-abundance periods 
that are most relevant for vector control. Additionally, we computed 
relative RMSE (rRMSE), which is RMSE expressed as a percentage of 
the observed value range, which allows for easier interpretation across 
varying scales of mosquito abundance. Computations of both RMSE 
and rRMSE were restricted to monitoring weeks 20–45 (late May to 
early October), as these represent the active egg-laying season for Ae. 
albopictus in Emilia-Romagna and align with the available observa-
tions, ensuring an assessment that avoids extrapolation to unmonitored 
periods. The model with the lowest RMSE was selected to generate 
prediction maps for Ae. albopictus abundance and distribution in 2023.

To further analyse RMSE variations, we assessed main effects and 
interaction effects using a model in which RMSE was set as the response 
variable, with the explanatory variables training years, the fraction 
of sampling locations, and their interaction. An Analysis of Variance 
(ANOVA) was then conducted using a two-way model to evaluate 
statistical significance. Model comparisons were based on the Akaike 
Information Criterion (AIC) (Table S1), and descriptive statistics were 
calculated for RMSE across temporal windows and spatial fractions. Fi-
nally, Tukey’s Honestly Significant Difference (HSD) test was performed 
for post-hoc comparisons.

3. Results

Among the base learners, the predictions from the Random For-
est model had the largest positive influence on average, followed by 
GBM, XGBoost and Cubist (Figures S2 and S3). Temperature-related 
variables consistently emerged as the most influential factors across the 
models (Figure S4). These were followed by photoperiod variables, a 
sine Fourier harmonic, urbanisation, and precipitation with a 3-week 
lag. Ranked lower in importance were, in order, another sine Fourier 
harmonic, precipitation, and the cosine Fourier harmonics.

3.1. Internal cross-validation

For the internal 10-fold cross-validation set, which was used for 
hyperparameter tuning of the base models, RMSE values generally 
decreased as both the fraction of sampling locations and the temporal 
depth of the training window increased, though this trend was not 
entirely consistent (Table  1).

Cross-validation was not performed for the 0.10 sampling fraction 
(7 SLs) due to insufficient data. When executing the resampling pro-
cedure, an error was returned during model training and evaluation, 
which indicated that, for at least one fold, the resampling split pro-
duced an empty set. The issue arose because the resampling instance 
was instantiated on a task with too few rows to satisfy the requirements 
of the cross-validation strategy, leading to a failure in retrieving the 
necessary data from the backend.
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(a) 

(b) 

Fig. 2. (a) Stacked model architecture. (b) Map illustrating the components of the observational database and subsequent data splitting.
Table 1
Mean RMSE values with standard errors (±) for different training years and 
fractions of sampling locations for the internal cross-validation.
 2021–2022 2019–2022 2015–2022 2011–2022 Mean  
 0.25 90.48 ± 6.51 84.28 ± 1.29 81.70 ± 4.59 88.06 ± 3.72 86.13 ± 2.18 
 0.50 89.49 ± 3.38 85.58 ± 2.64 82.24 ± 1.00 79.41 ± 2.70 84.18 ± 1.47 
 0.75 88.24 ± 0.75 84.38 ± 1.91 88.63 ± 0.47 80.64 ± 1.66 85.47 ± 0.97 
 0.90 87.29 ± 0.91 85.06 ± 0.72 85.32 ± 0.94 79.41 ± 0.90 84.27 ± 0.78 
 Mean 88.87 ± 1.73 84.82 ± 0.83 84.47 ± 1.27 81.88 ± 1.41  

3.2. Spatio-temporal validation

Across all temporal windows and fractions of SLs, the models 
demonstrated consistent performance on the spatial validation, with 
a comparable range and scale of the error (Table  2). When comparing 
model performance across specific training-window configurations, the 
two-year scenario (2021–2022) achieved the lowest mean RMSE overall 
(94.15), compared with the four-year (105.40), eight-year (102.69), 
and twelve-year (102.25) scenarios (Table  2). The lowest observed 
mean RMSE (85.23, Table  2) was produced by the twelve-year scenario 
at a 0.90 fraction, which has a very similar mean RMSE value to the 
two-year model at the 0.75 spatial fraction (85.66, Table  2). This model 
also achieved the lowest median RMSE (73.00, Table S3).

Relative RMSE (rRMSE), a scale-independent metric normalised to 
the observed data range, ranged from 16% to 24% across all configu-
rations (Table S2), indicating good predictive performance relative to 
the empirical abundance variability (Li et al., 2013; Despotovic et al., 
2016; McGough et al., 2017). rRMSE patterns mirror those already 
described for mean RMSE values, however we included it to facilitate 
the interpretation of the error values.

In Table  2 it is noticeable how there is a clear decreasing trend in 
RMSE as the fraction of data increases. In particular, the model trained 
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Table 2
Mean RMSE values with standard errors (±) for different training years and 
fractions of sampling locations for the spatial validation.
 2021–2022 2019–2022 2015–2022 2011–2022 Mean  
 0.10 101.49 ± 2.84 120.43 ± 2.88 106.71 ± 2.26 111.94 ± 2.39 110.15 ± 1.31 
 0.25 92.06 ± 2.68 97.91 ± 2.85 106.28 ± 2.91 100.92 ± 2.39 99.35 ± 1.36  
 0.50 89.02 ± 3.01 96.85 ± 3.58 99.23 ± 3.33 96.37 ± 3.32 95.41 ± 1.66  
 0.75 85.66 ± 5.15 97.69 ± 5.41 88.48 ± 3.76 89.95 ± 4.32 90.41 ± 2.35  
 0.90 90.30 ± 5.10 88.06 ± 8.08 93.79 ± 7.42 85.23 ± 4.94 89.35 ± 3.25  
 Mean 94.15 ± 1.54 105.40 ± 1.69 102.69 ± 1.46 102.25 ± 1.41  

with an SL of 0.90 had the lowest overall RMSE (89.35 ± 3.25). In 
Table S3, fractions of 0.10 and 0.25 generally show higher median 
RMSE values, with a wider spread (i.e., larger interquartile range and 
more outliers). This indicates more variability and less accuracy when 
fewer SLs are used for training. Fractions of 0.75 and 0.90 consistently 
produce lower RMSE values, with narrower boxplots (Figure S5) and 
fewer outliers, indicating better model performance and stability.

Two-way ANOVA (Table  3) confirmed that both temporal depth and 
spatial coverage had a highly significant effect on predictive accuracy 
(p < 0.001). With a Tukey HSD, we find out that the two-year configu-
ration (2021–2022) differs significantly from all longer configurations, 
and no significant differences were detected among the 4-year, 8-year, 
and 12-year configurations (Table  4). Tukey HSD pairwise comparisons 
confirmed that all spatial fractions significantly outperformed the 0.10 
fraction (p < 0.05), while differences among the 0.50, 0.75, and 0.90 
fractions were not statistically significant (adjusted p > 0.42; Table 
5). Therefore, configurations using 0.50–0.75 fractions (38–58 SLs) 
performed comparably. This plateau effect indicates that approximately 
half the available sampling locations are sufficient for near-optimal 
spatial validation performance under the evaluated conditions.
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Table 3
Analysis of variance (two-way ANOVA) where the response variable is mean 
RMSE and the explanatory variables are the years of training and fraction of 
SLs.
 Degrees of 

freedom
Sum of squares Mean square F-value p-value 

 Training years 3 67581 22527 10.23 <0.001 
 Fraction of SLs 4 210176 52544 23.986 <0.001 
 Residuals 3877 8538979 2202

Table 4
Tukey HSD test results for pairwise comparisons of the training years on mean 
RMSE, based on a two-way ANOVA model. The comparisons were conducted 
with a 95% confidence level. The lower and upper confidence intervals are 
reported in brackets (LCI, UCI).
 Training years Difference (LCI, UCI) p-value 
 2015–2022–2011–2022 0.43 (−4.99, 5.86) 1.00  
 2019–2022–2011–2022 3.15 (−2.30, 8.60) 0.45  
 2021–2022–2011–2022 −8.10 (−13.55, −2.65) <0.001 
 2019–2022–2015–2022 2.71 (−2.77, 8.20) 0.58  
 2021–2022–2015–2022 −8.54 (−14.02, −3.05) <0.001 
 2021–2022–2019–2022 −11.25 (−16.76, −5.74) <0.001 

Table 5
Tukey HSD test results for pairwise comparisons of the fraction of SLs on mean 
RMSE, based on a two-way ANOVA model. The comparisons were conducted 
with a 95% confidence level. The lower and upper confidence intervals are 
reported in brackets (LCI, UCI).
 Fraction of SLs Difference (LCI, UCI) p-value 
 0.25–0.10 −10.81 (−15.89, −5.73) <0.001 
 0.50–0.10 −14.75 (−20.48, −9.02) <0.001 
 0.75–0.10 −19.76 (−27.08, −12.43) <0.001 
 0.90–0.10 −20.79 (−31.46, −10.11) <0.001 
 0.50–0.25 −3.94 (−9.88, 1.99) 0.37  
 0.75–0.25 −8.95 (−16.43, −1.46) <0.05  
 0.90–0.25 −9.98 (−20.76, 0.81) 0.085  
 0.75–0.50 −5.01 (−12.95, 2.93) 0.42  
 0.90–0.50 −6.04 (−17.14, 5.07) 0.57  
 0.90–0.75 −1.03 (−13.04, 10.98) 0.99  

3.3. Predictions on the test set

The testing performed using the 2023 dataset showed similar error 
patterns across models trained with different periods and SL frac-
tions (Figs.  3 and 4). Overall, the models tended to underestimate
Ae. albopictus egg abundance in 2023, particularly during the peak 
summer months. This systematic underestimation was observed in both 
short-term (2021–2022) and longer-term models, though the timing of 
the seasonal peak was predicted accurately. Predictions for off-season 
months (e.g., late autumn) displayed relatively low variability for egg 
counts, expected to be 0, particularly for models trained on 12 years 
of data (Fig.  3). These longer-term models predicted fewer than 10 
eggs per ovitrap in off-season months. The model trained on two years 
(2021–2022) demonstrated comparable performance to those trained 
on longer periods.

To test whether temporal proximity to the forecast year consistently 
improves performance, we conducted an auxiliary moving-window 
analysis in which eleven two-year windows spanning 2011–2022 were 
each trained on a fixed 75% spatial fraction, matching the lowest-RMSE 
spatial configuration (temporal window: 2021–2022; spatial fraction: 
0.75) from our main analysis, and evaluated on the 2023 temporal 
test set. Each configuration was trained five times with independent 
random spatial subsets. The results confirmed a strong temporal gra-
dient in predictive accuracy: the farthest windows performed substan-
tially worse than more recent windows, with RMSE declining steeply 
towards the test year (Table S4 and Figure S7). The 2020–2021 win-
dow achieved the lowest median RMSE (69.9), followed closely by 
2021–2022 (70.2).
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3.4. Prediction maps

Spatial predictions for 2021 and 2022 were used to check if the pre-
dictions aligned with expected seasonal trends (Figure S6). However, it 
is important to note that these years overlap with the training years, 
meaning the model’s predictions are based on data it was partially 
exposed to during training.

The prediction maps for 2023 were first generated using the best-
performing model based on metrics of the spatial validation, which is 
composed by the unused SLs in training (Fig.  5(a)). The model suc-
cessfully captured the trend of increasing egg abundance from spring 
to autumn, with predictions aligning with observed seasonal patterns 
in Ae. albopictus activity. Slight and spatially localised increases in 
abundance appear in urban centres in off-season months in the 12-
year training configuration model. Moreover, using the model trained 
with the longest period and the largest fraction, a notable drop in 
egg abundance was predicted for mid-May 2023 (Fig.  5(b)), which 
coincides with the catastrophic flooding in the Romagna region during 
15–17 May 2023 (Arrighi and Domeneghetti, 2023). Models trained 
on shorter temporal windows (2–4 years) or sparser spatial coverage 
(10%–50% of SLs) failed to reproduce this localised decline, instead 
predicting uninterrupted abundance increases across all municipalities 
(Fig.  5(a)).

4. Discussion

This study evaluated operational training configurations for a
stacked machine-learning framework designed to forecast the weekly 
distribution and abundance of Ae. albopictus eggs in Emilia-Romagna. 
We assess which configurations can be effective to make reliable 
predictions under realistic surveillance constraints, and deployed the 
best-performing model in an operational public health platform. The 
results demonstrate that broad spatial coverage is a stronger driver of 
predictive accuracy than the temporal depth of the training window 
under the stable environmental and surveillance conditions of Emilia-
Romagna (for comparative context of other Ae. albopictus surveillance 
programs, see Da Re et al., 2024a), and that models using only two 
temporally adjacent years of data can statistically match or exceed 
the performance of models trained on up to twelve years of historical 
records.

Operational contribution and comparison with existing approaches

Statistical models have been widely applied to estimate the dis-
tribution of Ae. albopictus (Lippi et al., 2023), but the majority of 
existing work focuses on habitat suitability on global or continental 
scales (Kraemer et al., 2015, 2019) and does not address the feasibility 
of producing operational near-real-time abundance forecasts within a 
regional surveillance context. Global and continental habitat suitability 
models are definitely valuable for assessing long-term invasion risk 
and guiding international responses and for predicting presence or 
absence. Regional studies such as Carrieri et al. (2023) have employed 
Bayesian frameworks to characterise weather-driven seasonal trends in 
egg density, providing important information on the influence of me-
teorological variables on Ae. albopictus population patterns; however, 
their outputs describe relative trends, beyond requiring parameterisa-
tion of species physiology. The present study advances this body of 
work by offering weekly abundance estimates expressed as median 
egg counts per ovitrap, directly actionable for scheduling anti-larval 
treatments and prioritising surveillance effort.

A concrete contribution of our model to the regional surveillance 
of the species is the integration of the model into a publicly accessi-
ble platform (www.zanzaratigreonline.it), developed in collaboration 
with the Emilia-Romagna Regional Health Authority. Further integra-
tion into a cyberinfrastructure could extend the platform to provide 
near-real-time forecasts with a two-week lead time, automated data 

https://www.zanzaratigreonline.it/it/monitoraggio/modello-previsionale
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Fig. 3. Mean predicted (coloured lines) and mean observed (dashed lines) Ae. albopictus egg abundance for the spatial validation set across four temporal windows 
(2011–2022, 2015–2022, 2019–2022, and 2021–2022) and five data fractions (0.10, 0.25, 0.50, 0.75, and 0.90). Egg counts are aggregated at a weekly temporal 
resolution; curves are displayed as smoothed trends for visualisation purposes.
processing, and visualisation of historical trends and spatial distri-
butions. Together, these developments position the framework as a 
scalable and transferable template for operational mosquito surveil-
lance in other temperate European regions where Ae. albopictus is 
established or expanding (Benedict et al., 2007; Kraemer et al., 2019). 
These efforts set public health practice as a priority, which aligns 
with the United Nations Sustainable Development Goals 3 and 13, 
with a focus on ending vector-borne disease epidemics and enhancing 
early warning systems for global health risks (UN General Assem-
bly, 2015). The stacked ensemble architecture, implemented here as 
a pragmatic strategy for stabilising predictions across heterogeneous 
environmental conditions, builds on established ensemble approaches 
in species distribution modelling (Araújo and New, 2007; Bonannella 
et al., 2022; Oeser et al., 2024) and extends them to a dynamic 
abundance-forecasting context.

Effect of spatial coverage on predictive accuracy

Model predictive accuracy improved consistently with the fraction 
of sampling locations included in training, with a statistically signifi-
cant effect confirmed by two-way ANOVA (𝑝 < 0.001). Models trained 
on 90% of sampling locations (70±1 SLs) achieved the lowest mean 
RMSE in the spatial validation, though configurations using 50%–75% 
of SLs (38–58 SLs) produced comparable results, suggesting a plateau 
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in performance gains beyond approximately half of the available loca-
tions. Configurations using only 10% of SLs (7 SLs) showed statistically 
significant degradation relative to all others (Tukey HSD, 𝑝 < 0.05), 
confirming that extreme spatial restriction compromises generalisation.

This pattern is consistent with the broader literature on spatial 
sampling sufficiency in ecological models. Recent work has explic-
itly attempted to define minimum sample size thresholds for reliable 
species distribution modelling. For example, Mitchel et al. (2025) used 
a simulated vector to quantify the optimal number of presence–absence 
records required for Random Forest models across European test sites, 
identifying thresholds of approximately 750–1000 observations for bal-
anced datasets, with higher requirements for unbalanced samples. Their 
results emphasise that model reliability depends not only on algorithm 
choice but mostly on the sample size of the observations. In our study, 
the predictive performance plateaued when spatial coverage adequately 
represented the environmental gradient, suggesting that both sufficient 
sample size and sufficient spatial representativeness are necessary con-
ditions for robust vector modelling, but that gains from increasing 
sampling effort may diminish once environmental heterogeneity is 
adequately captured.

When the spatial coverage is constrained, the model is exposed to a 
narrower range of environmental conditions and may fail to capture the 
full spectrum of spatial heterogeneity relevant for prediction (Randin 
et al., 2006; Ramampiandra et al., 2023). In the Emilia-Romagna 



M. Blaha et al. Ecological Informatics 95 (2026) 103718 
Fig. 4. Mean predicted (coloured lines) and mean observed (dashed lines) Ae. albopictus egg abundance for the temporal validation (year 2023) across four 
temporal windows (2011–2022, 2015–2022, 2019–2022, and 2021–2022) and five data fractions (0.10, 0.25, 0.50, 0.75, and 0.90). Egg counts are aggregated 
at a weekly temporal resolution; curves are displayed as smoothed trends for visualisation purposes.
network, where monitoring sites are concentrated in urbanised mu-
nicipalities, sparse spatial sub-samples risk over-representing a narrow 
segment of the landscape gradient, amplifying the sampling bias that 
the urbanisation index was included to partially address (Gutierrez-
Velez and Wiese, 2020; Whitford et al., 2024). The observation that 
intermediate spatial coverage (50%–75%) performs nearly as well as 
near-complete coverage suggests that local public health authorities 
establishing new surveillance programmes can achieve operationally 
adequate predictions with roughly half the spatial infrastructure of 
Emilia-Romagna, provided that the selected locations span the relevant 
environmental gradient.

Model performance across temporal training configurations

In our results, the two-year training configuration (2021–2022) 
achieved the lowest mean RMSE, performing statistically better than 
configurations with longer temporal windows. Conventional machine-
learning knowledge anticipates improved performance with larger
training samples (Goodfellow, 2016), however it is important to inter-
pret this result within the specific design of the temporal subsampling 
and its inherent constraints. Indeed, the temporal configurations evalu-
ated here were designed as a structured set of operationally motivated 
configurations in which all training windows are temporally contiguous 
and terminate immediately before the evaluation year. This design 
was chosen to reflect the conditions faced by a local public health 
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authority deploying a forecasting system, where the most recently 
accumulated historical record is available. As a consequence of this 
design, the temporal configurations differ simultaneously in total data 
volume, historical depth, and inter-annual climatic diversity. Observed 
differences in predictive performance therefore cannot be attributed 
exclusively to the amount of data used for training and should not 
be interpreted as evidence that fewer years of data are intrinsically 
advantageous.

Several factors specific to these configurations may explain why the 
two-year scenario performed well under the conditions evaluated here. 
First, because the 2021–2022 window immediately precedes the evalu-
ation year, it reflects recent environmental baselines and population 
dynamics with minimal distributional shift. This is a form of ‘‘oper-
ational recency’’ that benefits near-term forecasting. Second, longer 
training windows encompass a wider range of inter-annual climatic 
variability, which can be beneficial for robustness in dynamic systems 
but may introduce noise relative to conditions in the forecast year. 
This result is consistent with the variance–bias trade-off (Bishop and 
Nasrabadi, 2006; Hastie, 2009; Boehmke and Greenwell, 2019), where 
models trained on more variable datasets may exhibit higher variance 
in predictions, increasing RMSE on a temporally adjacent evaluation 
set even if their long-run generalisation is superior.

The pattern of our auxiliary analysis on the proximity of the tem-
poral window to the test year, where error declined with training 
years closer to the test year (Table S4 and Figure S7), validates our 
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(a) 

(b) 

Fig. 5. Prediction map showing the distribution and abundance of Ae. albopictus eggs over 10 weeks in 2023. The model used to develop image (a) was trained 
using data from 2021–2022 and 0.75 of the SLs, while for (b) training was done on years 2011–2022 and 0.90 of the SLs.
operational strategy of using the most recently available training data 
while demonstrating that recency effects exhibit diminishing returns 
beyond approximately 3–4 years of temporal proximity. The strong 
performance of the 2014–2015 window, despite being 8–9 years re-
moved from the forecast year, indicates that period-specific character-
istics can also contribute to predictive accuracy, consistent with the 
variance–bias considerations discussed above.

Seasonal dynamics, abundance predictions, and phenological inference

The models correctly reproduced the seasonal pattern of Ae. al-
bopictus egg abundance across all training configurations, with near-
zero predictions during the off-season (late autumn and winter) and 
a broad abundance peak centred on mid-summer. The leading role 
of temperature-related covariates and photoperiod variables in model 
feature importance (Figure S4) is ecologically coherent and consistent 
with established findings on the thermal and photoperiodic control of
Ae. albopictus population dynamics (Becker et al., 2020).

Overall, our model successfully predicted the seasonal timing of 
mosquito egg abundance, even though they underestimated the peak 
magnitudes during the summer months for 2023 (Fig.  4). Accurate pre-
diction of seasonal timing is important for anticipating vector activity 
and guiding public health interventions. Nevertheless, the underes-
timation of peak abundance may reflect limitations in the model’s 
ability to fully capture population dynamics during periods of high 
mosquito activity. We examined the distribution of egg counts used 
for model training (Figure S8), and obtained a strongly right-skewed 
distribution, with a large proportion of observations concentrated at 
low values (including a substantial fraction of zero counts) and only a 
small fraction of observations corresponding to high-abundance con-
ditions. Because the model is trained by minimising a global loss 
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function, predictive performance is dominated by the most frequently 
observed conditions. Additionally, 2023 has a longer upper tail of egg 
abundance distribution (Figure S9), so upper-tail events remain com-
paratively underrepresented in the training data. Therefore, a factor 
contributing to this behaviour of the model could be a bias towards 
the observed mean of the training dataset, which could have lead to the 
smoothing of extreme values, which is a well-documented tendency in 
machine learning literature (Zhang and Lu, 2012; Nguyen et al., 2015; 
Song, 2015; Hooker and Mentch, 2018; Ghosal and Hooker, 2020). 
This bias can be evident in ensemble methods, particularly those that 
rely on averaging across multiple models, such as bagging approaches 
(e.g. Random Forests). This averaging effect tends to shrink the predic-
tion range, resulting in a narrower spread of values compared to the 
actual variability in the response variable (Meinshausen and Ridgeway, 
2006; Zhang and Lu, 2012; Frame et al., 2022). Consequently, lower 
values are often overestimated, whereas higher values, such as peaks 
in abundance, are underestimated. In the case of stacking, this effect 
can be primarily observed if the meta-learner assigns a dominant 
weight to models prone to smoothing extreme values, such as tree-
based ensembles like Random Forests — exactly what happened in this 
study. However, if the highest-weighted model within the ensemble is 
one that better captures extreme values, such as quantile regression 
models (Meinshausen and Ridgeway, 2006), simple neural networks or 
deep learning-based models — this effect may be less pronounced or 
absent. While such alternative base models might potentially mitigate 
this bias by better capturing extreme values, their influence in this 
specific context remains unexplored due to computational constraints. 
Future research could systematically evaluate the role of different base 
learners in stacking, testing whether models optimised for capturing 
extreme values improve predictions of peak abundance. Additionally, 
hybrid modelling approaches that integrate process-based models with 
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machine learning could provide an alternative way to better represent 
population dynamics, particularly under conditions of high variability 
(Reichstein et al., 2019; Madzokere et al., 2020; Kraft et al., 2021; 
Steele et al., 2024; Acuña Espinoza et al., 2025).

Regarding the atypical abundance pattern observed in 2023, the 
twelve-year model with 90% spatial coverage successfully predicted 
the pronounced dip in egg abundance observed in the eastern mu-
nicipalities in mid-May 2023 (Fig.  5(b)), which coincided with severe 
flooding in the eastern part of the region that could have affected 
reproductive and mortality rates (Harrington, 1995; Alto and Juliano, 
2001; Medici et al., 2011; Dieng et al., 2012; Carrieri et al., 2023) 
of Ae. albopictus. This population reduction was observed exclusively 
in municipalities within the southeastern part of the region (Arrighi 
and Domeneghetti, 2023). Indeed, such flood events can disrupt Ae. 
albopictus larval development through multiple mechanisms: inunda-
tion flushes immature stages from container breeding sites, and sub-
sequent mud accumulation can render manholes, drains, and other 
breeding habitats temporarily unsuitable (Arrighi and Domeneghetti, 
2023; Koenraadt and Harrington, 2008; Roiz et al., 2015; Tran et al., 
2013); additionally, larval mortality rates increase under high precip-
itation, while oviposition activity is suppressed during and immedi-
ately after flooding events (Harrington, 1995; Alto and Juliano, 2001; 
Dieng et al., 2012). The model trained on the adjacient two-years 
(2021–2022, Fig.  5(a)) possibly lacked exposure to comparable precip-
itation levels during training, and therefore was unable to reproduce 
this anomalous decline, making longer training windows more advan-
tageous because they provide broader coverage of the environmental 
space, including infrequent conditions. It is important to note that 
while we used precipitation as a proxy for hydrological disturbance, 
we caution against over-interpreting the link of the predicted decline 
to the unusual precipitation.

Limitations and future directions

This study offers valuable insights into machine learning predictions 
of Ae. albopictus distribution and abundance in Emilia-Romagna, but 
there are limitations that indicate that further research could enhance 
the results. Model predictions generally matched observed seasonal egg 
abundance peaks in mid-summer, yet 2023 showed discrepancies, with 
observed egg counts fluctuating in ways not fully captured by predic-
tions, which may be attributed to atypical environmental responses. 
Specifically, the observed mosquito egg abundance in 2023 seems less 
correlated with temperature and precipitation (Figure S10) compared 
to previous years (Figure S11), suggesting that possibly external factors 
beyond the selected covariates or unusual climatic events could have 
influenced mosquito dynamics.

Another possible source of variability is the impact of vector control 
measures. Pest control agencies are working to reduce the popula-
tion of the species and minimise the nuisance caused by bites to 
the public (Ravasi et al., 2021). Detailed information about the tim-
ing and location of pest control treatments are unavailable, although 
regional authorities adhere to standard guidelines available in techni-
cal documents on www.zanzaratigreonline.it. However, the number of 
anti-larval treatment cycles varies across municipalities and the prod-
ucts used for vector control were changed in 2017 due to the emergence 
of resistance in Culex pipiens (Grigoraki et al., 2017), which may have 
influenced the effectiveness of the treatments and, consequently, the 
variability in observed egg abundance.

Hyperparameters for all 100 models were tuned once via 10-fold 
cross-validation to maintain uniformity in model configuration while 
maximising generalisation across different data subsets, but risked 
overfitting on small datasets, compounded by challenges in avoiding 
data leakage with spatiotemporal data (Roberts et al., 2017; Schratz 
et al., 2019; Kapoor and Narayanan, 2023). Partition-specific tuning 
could improve performance but it would also introduce a higher risk 
of overfitting due to reduced sample sizes in individual subsets.
10 
Finally, occasionally models predicted high egg counts in unmon-
itored areas that are predominantly rural or mountaineous. Given 
that we cannot verify the accuracy of these predictions, as ovitraps 
are typically placed in urban areas at relatively low elevations, areas 
above 600 m were masked. Future enhancements could incorporate 
microclimate proxies like leaf area index (LAI) for shaded, humid 
conditions (Hardwick et al., 2015; De Frenne et al., 2019; Zellweger 
et al., 2019; Scheffers et al., 2014), alongside winter monitoring, since 
data collection occurs only between late May and early October, and 
integration of mechanistic models (for example, see Madzokere et al., 
2020).

5. Conclusion

Extensive ovitrap data and associated environmental covariates 
have allowed the development of models capable of forecasting
mosquito population dynamics with significant implications for public 
health management. Our findings indicate that models trained on 
extensive historical and spatial data captured broader environmental 
variability, which was particularly useful under unusual conditions. 
Moreover, it is clear that models that were trained on a higher fraction 
of sampling locations consistently produced more accurate predictions, 
emphasising the value of comprehensive spatial coverage of the moni-
toring. Interestingly, even short recent training windows produce reli-
able abundance predictions under similar climatic conditions, proving 
that decades of data are not essential for operational implementation.

The results help enhance mosquito surveillance and control strate-
gies through the operational application of the developed predictive 
models in initiatives intending to reduce the risk of mosquito-borne 
diseases in both Emilia-Romagna and other regions facing similar chal-
lenges. Indeed, accurate, short-term forecasts of Ae. albopictus popula-
tions can guide targeted interventions, helping public health authorities 
allocate resources more efficiently, particularly in high-risk urban ar-
eas. A passive surveillance system is currently being developed to inte-
grate ovitrap data with environmental factors, providing near real-time 
tracking and short-term forecasts of Ae. albopictus populations, aiming 
to enhance vector monitoring and support evidence-based mosquito 
control in Emilia-Romagna and potentially beyond.
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