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This study introduces a novel forecasting tool for West Nile Virus (WNV) risk at the municipal level, 
based on a previously developed climate-dependent epidemiological model coupled with a data-
driven model and field data in an ensemble framework. The modelling system was evaluated at the 
municipal level in the regions of Central Macedonia (RCM) and Thessaly (RTH) in Greece for the period 
2020–2024 and classifies the municipalities according to the risk level of occurrence of a WNV human 
case (WNVhc) within each forecast season. The modelling system produces seasonal forecasts updated 
monthly throughout the entire mosquito breeding season (April-September). From the first forecast of 
the year, WNVhc were correctly predicted at 71% of the infected municipalities in RCM and 60% of the 
infected municipalities in RTH, percentages that increased by at least 20% after July when surveillance 
data were incorporated. The observed number of infected humans was within the predicted range, 
highlighting the part of the region with an expected outbreak. The approach shows that the coupling 
of a climate-dependent epidemiological model at local level with a data-driven model, incorporating 
entomological data to predict the risk of WNVhc, can be a useful tool in planning control strategies.
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West Nile fever (WNF) is a zoonosis caused by the mosquito-borne West Nile virus (WNV), part of the 
Flaviviridae family1,2. The transmission cycle involves birds as main hosts and mosquitoes, mainly of the Culex 
pipiensspecies, as vectors3. Bites by infected mosquitoes may inject the virus into humans and animals4. Most 
humans infected with WNV remain asymptomatic, however, old and immunocompromised people are at higher 
risk of developing West Nile Neuroinvasive Disease (WNND) with symptoms in the Central Nervous System 
(CNS)5. Currently, treatment of patients with WNND is only supportive and no human vaccine is available6.

The first WNVhc in Greece was detected in 2010. During the period 2010–2024, 2068 WNVhc were 
confirmed in the country, with 49% and 13% of them reported at the RCM and the RTH respectively. Just under 
half of the total WNVhc occurred in three non-consecutive years, namely 2010 (262 cases, 35 deaths), 2018 (316 
cases, 50 deaths) and 2022 (286 cases, 32 deaths)7. Compared to other European countries, Greece reported a 
high number of WNVhc in the investigated 15-year period, with most cases occurring in RCM and in RTH. 
Specifically in these regions, excluding the period 2014–2017 when a WNV hiatus occurred, from 13% (2012) to 
99% (2010) of the cases of the entire country were recorded8.

A wide range of predictors and modelling approaches can be identified from the literature to forecast 
epidemics of vector-borne infections like WNV9,10. Over the past years, several models for early warning for 
WNV transmission have been developed. Mechanistic and data driven models represent the basic approaches. 
Data-driven models use statistical techniques and historical data to forecast WNV risk and outbreaks, relying 
on empirical data and often employing machine learning or statistical methods11–13. Many of these models 
incorporate real-time climatic variables—such as temperature, precipitation, vegetation indices, and hydrological 
data—given the strong correlations between these factors and mosquito infection rates, which subsequently 
influence human WNV risk14–16. Recent advancements in modelling have further refined predictive accuracy by 
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integrating interaction terms for environmental variables and validating against extensive historical datasets15,16. 
These models, spanning both the United States of America and Europe, underscore the significance of regional 
climatic and ecological factors in understanding WNV transmission dynamics17,18. Frameworks that integrate 
mosquito infection indices with human incidence data have demonstrated considerable efficacy in producing 
early warning indicators, achieving high accuracy in projecting seasonal peaks and assessing outbreak 
probabilities13,16,17. More recent approaches apply machine learning to assess the predictive influence of multiple 
transmission drivers in Europe, while spatially resolved ensemble models have been developed for specific 
regions, such as California, to refine forecasts of mosquito infection rates19,20.

Mechanistic models capture the biological and environmental processes that drive WNV transmission, 
integrating complex ecological and meteorological factors to simulate outbreak dynamics and assess transmission 
risks. These models commonly focus on host-vector interactions, vector geographic distribution abundance, and 
climatic influences, which are essential for predicting spillover risk from animal hosts to humans21–23. Studies 
have shown that bird community composition, mosquito population dynamics, and seasonal climate variations 
are key drivers of WNV spread, with high-competence bird species and favorable environmental conditions 
significantly elevating human infection risks21,24,25. Moreover, regional models in both the U.S. and Europe 
underscore the importance of localized climate data, revealing temperature, precipitation, and vapor pressure 
as critical predictors of infection rates and human cases23,26,27. These mechanistic approaches also highlight the 
potential of targeted interventions; for example, models have explored the impact of ivermectin-treated bird 
feeders on reducing mosquito infection rates, suggesting viable control measures for WNV prevention28.

The aim of our work was to develop a reliable and scalable early warning system for the prediction of the risk 
of WNV infection in humans to prevent outbreaks and minimize their impact at the local, regional, and country 
levels, and help efforts to minimize virus prevalence. We investigated the forecasting potential of our previously 
developed climate-dependent spatial epidemiological model for the transmission risk of WNV to humans29–31. 
The last version of the model31 used here describes the dynamics of a WNV epidemic in population health states 
of mosquitoes, birds and humans employing mosquito-specific characteristics of transmission, such as host 
selection and temperature-dependent transmission of the virus. Due to the challenge of capturing the typically 
little known initial epidemiological conditions such as the density and distribution of birds and mosquitoes, 
we also developed a data-driven model to infer the initial infected mosquito populations. The forecast skill 
of the coupled models (mechanistic and data-driven) was evaluated at all municipalities in RCM and RTH in 
Greece for each year of the test period 2020–2024, utilizing prior calibration of the modelling system in the 
historic period extending from 2010 to the year ending before each forecast year. We examine the year-to-
year variability in the predictive capacity of the model, as well as the short-term and long-term early warning 
potential. Moreover, we predict the annual range of expected WNVhc and highlight the part of the province with 
the highest number of expected cases.

Results
Model evaluation: detection of WNV events
Surveillance-network benchmarking
Prior to investigating the fMIMESIS early warning skill, we examine the skill embedded in the observational 
datasets. The investigated ‘models’, at municipality scale, are:

•	 M1 (persistence): detection of a WNVhc in year y given a WNVhc observed in year y-1.
•	 M2 (IM): detection of a WNVhc in year y given an infected mosquito sample found in year y.

M1 yields predictions with lag at seasonal scale while M2 typically provides 2–4 weeks warnings.
The geographical variability of the M1 and M2 models for the forecast period 2020–2024 is presented in Fig. 1 

with the aid of the Critical Success Index (CSI) (see Model verification measures section) calculated for each 
municipality. M1 has an average CSI of 0.50 in RCM and 0.37 in RTH; in other words, at half (about one third) of 
the municipalities with detected WNVhc in a year in RCM (RTH), WNVhc will also appear in the next year. The 
smaller value in RTH denote a weaker endemicity compared to RCM. CSI however has a significant multiannual 
variability (Table 1) ranging in RCM from 0.28 (2021) to 0.77 (2023) and like RTH from 0 (2021, 2022) to 0.54 
(2024), limiting its forecast capacity. M2 demonstrates an average CSI that is not superior compared to the one 
of M1, both in RTH (0.39 vs. 0.37) and RCM (0.40 vs. 0.50). Therefore, the finding of infectivity in mosquitoes 
can serve as an indicator for the transmission of the virus to humans, but these municipalities are very few in 
comparison to the total number of municipalities with WNVhc of each year. The year-to-year CSI can range in 
RCM from 0.33 (2020) to 0.56 (2021) and in RTH from 0 (2020, 2021) to 0.67 (2022). The CSI skill of M2 does 
not generally contain false alarms as can be deducted from the generally similar values between Probability of 
Detection (POD) and CSI (in all years except 2021, when there were several municipalities in which, although 
at least one positive mosquito sampling was found, no human case was recorded). This implies that its value can 
be increased by eliminating the misses, through increased sample tests. Unlike M2, the hits in the CSI of M1 are 
surrounded with both false alarms and misses.

Hence, the presented analysis demonstrated (a) the skill threshold derived from the data, (b) the diversity of 
the year 2021, where a major number of false alarms was observed across all investigated regions in Greece, as 
well as in Italy (not shown).

Evaluation of the model’s predictive capacity to detect events
The fMIMESIS produced seasonal forecasts issued monthly from April to September. The variability of the 
modelled CSI (solid line) and POD (dotted line) for the municipalities at risk are shown in Fig.  2 for each 
forecast month. The lines have small positive slopes in the first three months (April-June) that in most cases 
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experience a sharp increase in July, when field data are assimilated. For RCM, the multiannual CSI (POD) value 
for the month of April (Table 1) equals 0.56 (0.71), while for August increased to 0.70 (0.91), i.e. have in both 
months values above 0.5. For example, in August, in 91% of the municipalities that the model characterized 
as “municipalities at risk” a human case was observed (the other 9% of observed WNVhc are ‘missed’) while 
considering also the modelled ‘false-alarms’ the success rate falls to 0.70. In RTH, the multiannual CSI and POD 
for April (August) equal 0.42 (0.68) and 0.60 (0.94) respectively. The August forecast is improved compared to 
April, with the CSI in both regions equal to approximately 0.70. The scores, although larger compared to M1 and 
M2, shows an increased number of false-alarms in RTH relative to RCM. Moreover, the diversity seen earlier for 
M1 and M2 in 2021 is also found in the fMIMESIS scores. The geographical variability of the CSI score in April 
and August for the forecast period 2020–2024 is presented in Fig. 1, together with M1 and M2. fMIMESIS was 
able to early detect few municipalities with zero skill in both data models M1 and M2.

Figure 3 presents the CSI as a function of Risk Levels (RL) for WNV transmission to humans in the first 
forecast of the year. In both RCM and RTH, the CSI increases significantly as levels rise, with the highest values 
observed at the upper thresholds (RL = 4 or RL = 5). In the RCM, the CSI remains diminished at the lower RL end 
improves steadily, peaking sharply at the highest thresholds, particularly in 2023 and 2024. A similar pattern is 

Model

Region POD/CSI (Year)

2020 2021 2022 2023 2024 Average

M1: WNVhc {y} | WNVhc {y-1}
RCM 0.62/0.55 0.73/0.28 0.31/0.31 1.00/0.77 0.69/0.56 0.64/0.50

RTH 0.83/0.38 -/0 0/0 0.44/0.36 0.64/0.54 0.50/0.37

M2: WNVhc {y} | IM {y}
RCM 0.33/0.33 0.91/0.56 0.40/0.40 0.56/0.52 0.38/0.34 0.42/0.40

RTH -/0 -/0 0.80/0.67 0.57/0.57 0.30/0.27 0.42/0.39

WNVhc {y} | fMIMESIS {yAPR}
RCM 0.69/0.56 1.00/0.39 0.63/0.63 0.85/0.72 0.59/0.49 0.71/0.56

RTH 0.83/0.38 -/0 0.67/0.44 0.56/0.45 0.45/0.42 0.60/0.42

WNVhc {y} | fMIMESIS {yAUG}
RCM 0.88/0.72 1.00/0.35 0.86/0.86 0.96/0.76 0.93/0.77 0.91/0.70

RTH 0.67/0.31 -/0 1.00/0.75 1.00/0.82 1.00/0.92 0.94/0.68

Table 1.  POD and CSI values applying different models.

 

Fig. 1.  Maps of CSI for different models (a) M1, (b) M2, (c) fMIMESIS forecast in April, (d) fMIMESIS 
forecast in August. White colour denotes municipalities with no detected WNVhc (and no surveillance in 
subplot b) (see model verification measures section). The maps have been created using the Mapping Toolbox 
of MATLAB R2024a (Natick, Massachusetts, United States: The MathWorks Inc, 2024, ​h​t​t​p​s​:​/​/​w​w​w​.​m​a​t​h​w​o​r​k​
s​.​c​o​m​​​​​)​.​​​​
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observed in the RTH, although the variability between years is more pronounced. While improvements are less 
consistent at lower levels, the top thresholds show the highest predictive performance across all years. To address 
this trade-off, the decision was made to classify “municipalities at risk” as those with RL of 4 or 5. This approach 
ensures that the maximum CSI is achieved while preserving a sufficient number of municipalities identified as 
being “at risk”.

Fig. 3.  CSI according to the Risk Level of occurrence of human cases in Central Macedonia (left) and Thessaly 
(right) in the April forecast. The different years are represented in different colours, as shown in the legend.

 

Fig. 2.  POD and CSI for municipalities at risk in Central Macedonia (left) and Thessaly (right) as a function of 
month of production of the forecast (April-September). The different years are represented in different colours, 
as shown in the legend. POD and CSI lines for RCM in 2022 overlap, while 2021 for RTH has been excluded 
due to the absence of recorded human cases in the region.
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Model evaluation: Estimation of WNVhc
We now evaluate the modelled WNVhc for the municipalities at risk. Utilizing the full ensemble, the range 
of human cases can be estimated. However, since the full ensemble can contain few simulations with extreme 
values, we used as modelled range of WNVhc for each municipality at risk the corresponding interquartile range.

The predicted WNVhc range in the municipalities at risk, alongside the observed number of WNVhc at those 
municipalities is presented in Fig. 4a for all forecast years. For the WNVhc it turns that the forecast issued in June 
gives the most reliable result in terms of both the RMSE being minimum and the range being the narrowest with 
the observed WNVhc falling within (Fig. 4a). The range of modelled WNVhc follows the annual trend of the 
observed human cases. The range of expected cases for all forecast months, as well as the RMSE are presented in 
the Supplementary Material (Table S1, Figure S1).

For the municipalities at risk where human cases were indeed ultimately observed, we calculate the modelled 
WNVhc as the median value of the expected WNVhc. Figure 4b maps the modelled WNVhc for the period 
2020–2024 according to the June forecast alongside observed values. Maps of numbers of predicted and 
observed WNVhc showed similar patterns in each year, with more human cases in RCM, especially northeastern 
or southwestern - depending on the year, than in RTH. The model accurately predicted the municipalities where 

Fig. 4.  (a) Range of predicted WNVhc in municipalities at risk, in the region of Central Macedonia (left) and 
Thessaly (right) according to June forecast (shaded area) for 2020–2024. The observed number of WNVhc 
at the municipalities at risk is plotted with the dotted line. (b) Maps with the number of predicted (top) 
and observed (bottom) cases for the municipalities where WNVhc has been both detected and modelled 
(i.e., WNVhc for the true positive events), for the period 2020–2024 derived from the June forecast. The 
modelled range at each municipality has been replaced with the corresponding median value. The maps have 
been created using the Mapping Toolbox of MATLAB R2024a (Natick, Massachusetts, United States: The 
MathWorks Inc, 2024, https://www.mathworks.com).
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the most human cases were observed each year, even if it did not predict the exact number of cases. The parts of 
the province where the most human cases were recorded was therefore correctly predicted.

Potential extension of the model to different areas
Our model was also successfully applied in the region of Veneto in Italy at the province level, due to the lower 
spatial resolution of the epidemiological and entomological data. For the Veneto region, highlighting the 
provinces at risk in April the multiannual value of the POD was 0.88, indicating that the model correctly predicts 
88% of the infected provinces of the region. The annual POD varied between 0.50 (2021) and 1.00 (2020, 2023, 
2024). The long-term value of the CSI is 0.65 in April and 0.70 from August onwards, with yearly values varying 
from 0.20 (2021) to 1.00 (2023, 2024). In 2021 in Veneto, in 75% of provinces (3 out of 4) an infected mosquito 
was recorded but no human cases were reported, as seen earlier in the examined Greek regions. Detailed 
information on the model’s performance in the Veneto region is presented in the Supplementary Material (Table 
S2, Figure S2).

Discussion
The aim of this modelling work was to assess the forecast skill and its spatiotemporal reliability of our previously 
developed climate-dependent spatial epidemiological model MIMESIS. The model was applied for the period 
2020–2024 in the municipalities of the regions of Central Macedonia and Thessaly, in Greece. It describes 
the transmission cycle of the WNV from birds and mosquitoes to humans and includes fixed parameters, 
parameters with geographical dependence, and biological parameters with seasonal and climatic dependence. 
The key challenges to develop and fit the model in forecasting mode were the unknown meteorological and 
epidemiological conditions. To address the meteorological uncertainty, we powered the model by temperature 
data from 51 ensemble members of seasonal forecasts released monthly by the ECMWF. To cope with the 
unknown initial epidemiological conditions, the model incorporates three different scenarios describing the 
initial population of infected mosquitoes, a parameter determined by the overwintering of the WNV, which 
varies spatially and annually. One epidemiological scenario was based on the epidemiological situation of each 
municipality in the previous year, and further two scenarios were based on Analog Ensemble methods using 
infections surveillance data and climatic indices. Ultimately, the coupled-model (mechanistic and data-driven) 
predictions were derived by combining the ensemble of simulations in an uncertainty probabilistic framework. 
By integrating mechanistic and data-driven models, the forecasting framework benefits from the robustness of 
mechanistic principles and the adaptability of data-driven approaches, resulting in more accurate, generalizable 
predictions.

According to the surveillance data, if we assumed that at least one human case would be reported in the areas 
where infected mosquito samples was found, on average, we would have anticipated by a couple of weeks only 
approximately 40% of the municipalities with reported infection in RCM and RTH, setting the average threshold 
of spillover infection to humans. Furthermore, mosquito control results were usually available from July, so it 
is not possible to produce forecasts earlier based on this assumption. Especially in 2021, infected mosquitoes 
were found in several municipalities, where no human cases were reported. The pattern of lack of human cases 
reported in municipalities where infected mosquitoes were found in the same year could potentially be explained 
by a not very successful enzootic cycle resulting in a weak spillover to humans or an under-reporting of human 
cases. Furthermore, in 2021 Greece reported the highest number of deaths from covid-19 (15,823 deaths32), 
compared to other years. The elderly and immunocompromised people were at higher risk of both death from 
covid-19 and of severe disease or death from WNV infection. Therefore, the absence of WNV human cases that 
year might be due to population screening mainly for Corona Virus Disease 2019 (COVID-19) and the masking 
of the WNF cases by the significant mortality due to covid-19.

Our results were presented at high-resolution (municipal) level for RCM and RTH. In the first annual forecast 
issued in April, the model correctly identified 71% of the municipalities reporting human infections of RCM and 
60% of those in RTH (POD). The inclusion of the false alarms reduced the skill scores to 56% and 42% for RCM 
and RTH, respectively (CSI). Even so, the skill scores provide an improvement over persistence thanks to the 
assessment of overwintering in the epidemiological model via the AnEn module. This considerable variation in 
the proportion of municipalities reporting infected humans between the two regions may be due to the better-
quantity data on the circulation of the virus in RCM compared to that in RTH. RCM however objectively reports 
more human cases of WNV on average, and significantly more municipalities reported infections there during 
the period 2010–2024. After assimilating the mosquito positivity data of the current season around July, the 
number of highlighted municipalities changed, the indices improved, and their values were typically higher than 
the corresponding ones from any single epidemiological scenario. The forecast effectiveness increased by more 
than 20%, demonstrating the critical role and importance of the epidemiological uncertainty over the climatic 
uncertainty, suggesting the need for more intensive sampling for WNV.

For municipalities at risk, the model predicted a range of expected annual WNV human cases. The range of 
cases from the forecast of June was found to most accurately represent reality, as (in all years except 2021) the 
observed cases fell within the modelled prediction range. The fMIMESIS skill improvement after July did not lead 
however to a dramatically better estimation of the number of human WNV cases due to the qualitative nature 
of the virus circulation provided. This implies that the model was well calibrated and could produce reliable 
forecasts of the risk even without the use of field data from the current season. Obviously a more sophisticated 
filter for WNVhc could be utilized, considering the temporal evolution of the uncertainties at each month. 
Moreover, the results demonstrated the need for systematic analyses of the field data to infer true positivity 
estimations.The predicted number of annual cases mirrors the observed pattern, indicating that this model was 
valuable as a WNV incidence prediction tool. In addition, the model pinpointed the parts of the province with 
the highest expected number of WNV human cases.
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In forecasting the municipalities at risk and the number of humans affected by WNF, our model outperforms 
considerably potential approaches based on oversimplified assumptions, i.e. relying exclusively on historical data 
on local numbers of infection of WNV in humans and mosquitos or such based only on historical weather data. 
We demonstrated that our model could identify with high accuracy the municipalities, which are most likely 
to report human cases in both regions covered by our study. Notably our approach can pinpoint these high-
risk municipalities as early as April, before, or at the very start of the WNV season, and then perform this risk 
forecasting ‘live’, as the season unfolds. This is a crucial feature of our model forecasting, as this early warning 
gives sufficient head time to municipalities identified as high-risk to take preventive steps to mitigate the risk of 
WNV case on their territory.

Besides identifying high risk municipalities, our model further reliably estimates a range of expected numbers 
of WNV case in the municipalities identified to be of high risk. This output of our model provides a two-fold 
benefit. The number of expected cases in a municipality is a further metric for the degree of risk of WNV at 
municipality level, promoting informed decisions on the prioritization of public spending and allocation of 
resources to the prevention of WNF cases. These accurate projections further allow for a posteriori evaluation 
of the effectiveness of public health measures to prevent WNF cases at the end of each season, by comparing 
the number of cases projected by the model to the number of cases actually reported in municipalities where 
preventive measures were introduced.

Our findings align with prior modeling efforts aimed at forecasting WNV dynamics. Mechanistic models 
have demonstrated the critical role of temperature in WNV transmission and the advantages of integrating 
data assimilation to enhance forecast accuracy33,34. Our climate-driven model advances these approaches by 
incorporating seasonal climate forecasts and ensemble methodologies to achieve refined, municipal-scale 
predictions. Consistent with studies that identified key parameters influencing WNV dynamics35, our results 
emphasize the value of field data in improving model precision. Furthermore, data-driven models linking 
mosquito infection patterns to weather variables11,16corroborate our findings that temperature-driven forecasts 
substantially enhance predictive skill. Compared to simple statistical models13,18, our approach offers higher 
spatial resolution and actionable insights, facilitating targeted interventions and bolstering public health 
preparedness. Prevention measures can be orders of magnitude more cost effective than response, mitigation 
and control measures36. Unlike other risk assessment approaches16,23,37,38, which are early detection models, i.e. 
integrate surveillance data to assign risk level to an area, our model is early-warning model, in that it estimates the 
level of risk in advance and provides a forecast, and therefore an opportunity for preparedness and prevention 
measure. Furthermore, the fine forecasting resolution of our model, at the municipality level, in comparison to 
other studies, suggests more precisely targeted prevention measures, rendering them more efficient and at the 
same time more cost effective.

The climate-dependent epidemiological model presented here at municipal level can be applied as a 
forecasting tool for the risk of WNV infection in humans. It is the only predictive tool at this scale that combines 
a dynamic model with Analog Ensemble techniques, while also using field data to improve the model’s predictive 
power. Based on the predictions of this model, the municipal authorities will be able to organize campaigns to 
inform residents of municipalities at risk about mosquito protection measures, and could carry out spraying 
in potential mosquito breeding grounds (marshes, canals, etc.). Limitations to our modelling approach mostly 
stem from uncertainties or biases resulting from data collection or validity. These include the variable and often 
unknown time lag between mosquito sampling and the reporting of results, the unknown number of actual cases 
as opposed to reported cases, as well as the impact of intervention efforts for the control of WNV circulation in 
specific regions and municipalities with a history of WNV, which distorts the true epidemiological relationships 
in our study system. Improving the quantity and consistency of surveillance data for humans, mosquitoes, and 
sentinel chickens will improve the accuracy of our model’s predictions. In our study we did not consider some 
environmental factors, such as relative humidity, soil moisture and wind speed, and some socio-economic 
factors, like the age or income of the residents, which are related to the risk of WNV infection or disease. To 
improve the accuracy of forecasting, future research efforts may include studying potential control strategies via 
elimination of larvae and adult mosquitoes, as well as understanding human and bird population movements 
and changes. The inclusion of additional field data updating more frequently (i.e. sub monthly) could also result 
in a reduction of the epidemiological uncertainty in the period when the number of human cases grow (e.g. 
July) impacting positively the forecast skill. Our model could be geographically extended by inputting testing 
data from other municipalities of Greece or in other countries with available entomological and epidemiological 
data series.

Conclusion
The fMIMESIS system presents a novel approach for forecasting West Nile Virus (WNV) risk at the municipal 
level, integrating dynamic modelling with Analog Ensemble techniques, seasonal climatic forecasts and field 
data. This model effectively predicts both the spatial distribution and expected number of WNV human cases, 
providing early warnings that enable policy makers at the municipal level to implement timely interventions. 
While the model demonstrates strong forecasting capabilities, future improvements, such as incorporating more 
frequent field data updates and additional environmental and socio-economic factors, could enhance accuracy. 
fMIMESIS is a valuable tool for public health management, contributing to more targeted and cost-effective 
WNV prevention strategies.
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Methods
Study area
The study area consists of the RCM and RTH in Greece. This research is conducted at the municipal level. The 
RCM is divided into 38 municipalities, while the RTH into 25 municipalities. Data from the period 2010–2019 
are included for training the models while the period 2020–2024 is used for evaluating their forecast skill.

Data sources
Demographic data
Data on the local administrative units (LAU) in Greece, the permanent population, and the area (km2) of 
municipalities were obtained from the corresponding National Statistical Authority. Geospatial coordinates of 
each municipality were taken from Google maps.

Climate data
At the end of each month the seasonal forecasts of air temperature (2 m-height) were obtained from the European 
Centre for Medium-Range Weather Forecast (ECMWF) for four hours each day for a seven-month time period, 
considering 51 ensemble members. From these data, the daily average temperature of each day was estimated. 
To calculate monthly Consecutive Wet Days (CWD), daily precipitation data for the same areas and period 
were also obtained from ECMWF. The CWD index was the largest number of consecutive “wet days” (where 
precipitation > 1.5 mm) during the period of interest. The threshold value was found after comparing the total 
precipitation data from the 51 ensemble members with the corresponding data from ERA 5 (fifth generation 
ECMWF atmospheric reanalysis of the global climate). ECMWF updates the seasonal climate forecasts every 
month, hence we also replace the climate data monthly.

WNVhc
Data of the reported WNVhc, including individuals with and without symptoms in the CNS, in Greece for the 
period 2020–2024 were obtained from the National Public Health Organisation (EODY) at the municipal level. 
In this work, we calibrated our model towards reported cases (i.e. detected), even though seroprevalence studies 
in Greece indicate that the number of infections may be two orders of magnitude higher39. The geographical 
distribution of the WNVhc and their variability during the forecast period 2020–2024 are presented in Fig. 5. 
Detailed information on the annual WNVhc is shown in the Supplementary Material (Figures S3- S4, Tables 
S3-S4).

Mosquito surveillance
Mosquito samples were collected every two weeks in selected human settlements in RCM and RTH using 
CO2and light baited mosquito traps for the period 2019–2024. The selected locations were protected from direct 
sunlight and wind, either near a settlement or inside a house yard40. A selection of samples were tested for 
WNV infection at the laboratory41. For the species identification dichotomous identification keys were used42. 
Detection of mosquitoes infected with WNV was performed by an RT-nested PCR in reference laboratories.

The spatial analysis of entomological data was conducted bimonthly at the settlement level, while this research 
was carried out at the municipal level. A pre-processing of entomological data was necessary to transform the 
bimonthly settlement-based data to monthly municipality-based numbers of Culex mosquitoes per sample per 
month per municipality. Only qualitative infection data was used due to the absence of data on pool size and 
fraction of pools tested.

WNV infections in chickens may be another useful indicator of the virus circulation in an area43, however 
due to the sparse spatial data in the examined area it was not considered.

Fig. 5.  WNVhc in the investigated regions during 2020–2024. White colour denotes municipalities where no 
human cases were observed (left). Multiannual variability of the WNVhc in the investigated regions (right). 
The map has been created using the Mapping Toolbox of MATLAB R2024a (Natick, Massachusetts, United 
States: The MathWorks Inc, 2024, https://www.mathworks.com).
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Epidemiological model
The MIMESIS-2 (spatial dynaMIcal Model for wESt nIle viruS) is a dynamical model which simulates the 
transmission cycle of WNV between mosquitoes, birds, and humans31. The model segregates the populations 
into 14 health or epidemiological states. The basic health states of the populations are the susceptible, exposed, 
infected, recovered and dead individuals. The interface between the 14 compartments is governed by several 
parameters dependent on climate, demography, geography or season. Mathematically, the model is described by 
14 differential equations solved numerically with a time-step of one day. Spatially, the study was conducted at 
the municipal level. All the required input data (demographical, geographical, environmental epidemiological, 
entomological) was formatted at this scale.

Data-driven model
Data-driven modelling is rapidly being applied across various fields, including medicine, powering innovations 
in areas such as medical imaging, disease diagnosis, and personalized treatment plans. Analog Ensemble 
(AnEn) is a statistical post-processing method that utilizes forecasts in tandem with historical predictions and 
observations to (a) identify a number of past states (analogues) that closely resemble the present state and (b) 
utilize them to generate the AnEn forecast. This technique was proposed by Delle Monache et al.44and has been 
successfully applied across diverse fields including meteorology45, renewable energy46, and air pollution47,48. 
The optimal number of analog members for the AnEn forecast and the most suitable combination of auxiliary 
variables are determined during the training period 2010–2019 by adopting an error minimization approach. 
Multiple epidemiological and meteorological variables were tested, with the identified predictors ultimately 
including monthly temperature, monthly CWD and the number of infected humans in the previous year. The 
AnEn prediction for each year in 2020–2024 and for each municipality utilizes the intersection of optimal 
combinations across all years in the training period. Given the ensemble seasonal weather forecasts, a statistical 
distribution is hence provided for initial infected mosquito population (IM0) at each municipality every month.

Forecasting methodology
MIMESIS-2 can operate in forecast mode to provide predictions of key WNV-related parameters, such as, 
infected mosquitoes, infected birds, infected humans given appropriate initial conditions and climate projections. 
Regarding climate, we fed the model with all 51 ensemble members of 7-month ahead seasonal forecasts released 
each month from ECMWF. In terms of the unknown initial epidemiological conditions (i.e., the initial number 
of infected mosquitoes, IM0), we developed a module per se which employs the AnEn algorithm, a technique 
based on weighted analogue past forecasts and observations.

Overall, the following epidemiological scenarios were investigated:

•	 S1: IM0is equal to the initial number of infected mosquitoes in the last year, as found by calibrating the MI-
MESIS-2 in the historic period from 2010 up to the calendar year before the forecast is generated. Due to the 
endemicity of WNV in Greece49, the hypothesis behind this scenario is persistence, i.e. WNVhc will probably 
occur in municipalities where human cases were recorded in the previous year.

•	 S2: IM0 was calculated from the mean value of AnEn forecasts falling within the interquartile range. Avoiding 
extreme percentile values, this scenario was considered a likely reasonable assumption of the number of ini-
tial infected mosquitoes given the historic epidemiological and environmental conditions and the projected 
seasonal forecasts.

•	 S3: IM0 equals the value of the 95th percentile in the AnEn forecast. This scenario will highlight the potential 
for extreme values at the different municipalities arising from the environmental and epidemiological con-
ditions.

In this work, first we calibrated the mechanistic model (MIMESIS2) and the data-driven model (AnEn) over a 
historic period extending from 2010 to the year ending before each forecast year. Next, we utilised both models 
with the seasonal climate forecasts to generate the epidemiological scenarios. Then, we run MIMESIS2 under 
different climatic and epidemiological conditions and we combined the ensemble of the 153 individual forecasts 
(51 seasonal X 3 epidemiological) in a probabilistic framework to generate the fMIMESIS forecast, which started 
in April and was updated on a monthly basis until September, providing each time predictions which covered 
the entire WNV season. The contribution from S1 is proportional to the measure of the endemicity of the 
virus in each municipality, while the contribution from S2 and S3 were given equal weights. Field data were 
also assimilated if/when they became available (typically after July). We used during the period April-June, the 
entomological data of the previous year, while in forecasts issued from July onwards the epidemiological data of 
the same year were used. Specifically, when an infected mosquito was found in a municipality, IM0 in S2 and S3 
increased by half a class (20 mosquitoes). Figure 6 describes the conceptual framework followed to produce the 
model predictions.

The probability of occurrence of a human case is equal to the proportion of the ensemble members in which 
at least one human case was predicted. To use the MIMESIS-2 as a risk assessment tool, we defined five possible 
levels of risk (level 1 – level 5) for transmission of WNV to humans (Table 2). Depending on the identified risk 
level for an area, additional surveillance activities can be implemented, as well as further preparedness, response 
or control measures. All the modelled skill scores presented correspond to the identified municipalities as ‘High 
risk level’ (RL4 and RL5).

Model verification measures
The performance of the examined model for capturing events (e.g. occurrence or not of WNVhc in a specific 
municipality and year) is assessed with the verification indices (POD, CSI). Specifically:
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The Probability of Detection (POD) is calculated as P OD = a/(a + c), while Critical Success Index 
(CSI) is estimated as CSI = a/(a + b + c) ,where a, b, c symbolizes the true positives, false positives and 
false negatives respectively. POD measures the ability of a model to correctly identify all actual human cases, 
indicating the proportion of true positives among all actual cases. CSI provides a single number that reflects how 

Probability of WNVhc occurring Risk Level (RL) Characterization

1–20 1 Low

21–40 2
Moderate

41–60 3

61–80 4
High

81–100 5

Table 2.  Seasonal risk levels of WNV transmission to humans with the corresponding characterization.

 

Fig. 6.  Conceptual methodology framework to generate seasonal forecasts of WNV risk with fMIMESIS. The 
map has been created using the Mapping Toolbox of MATLAB R2024a (Natick, Massachusetts, United States: 
The MathWorks Inc, 2024, https://www.mathworks.com).
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well the model predicts the human cases, balancing the importance of different types of errors (false alarms and 
misses). The multiannual value of POD (identically for CSI) is calculated as follows:

	
P OD2020−2024 =

∑ 2024
i=2020ai∑ 2024

i=2020ai +
∑ 2024

i=2020ci

Data availability
The data on mosquito abundance in traps are available from EcoDevelopmet S.A. but restrictions apply to the 
availability of these data, which were used under license for the current study, and so are not publicly available. 
Data are however available from the authors upon reasonable request and with permission of EcoDevelopmet 
S.A. The other data used and/or analysed during the current study are available from the corresponding author 
on reasonable request.
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