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Abstract 

Enteric, Zoonotic and Vector-Borne Diseases, Public Health Ontario, Canada 

Adult mosquito surveillance programs provide a primary means to understand 
mosquito vector population dynamics, but such data are typically sparse in space 
and irregular in time, due to the limit to the available resources for trapping and/or 
extreme physical conditions. Particularly, missing observations often encountered 
in long-term surveillance data may hinder a comprehensive analysis of the 
landscape epidemiology of vector-borne disease and limit our efforts to establish 
significant and stationary relationship with weather conditions. 

We developed a West Nile virus (WNV) mosquito abundance model for a site-
specific prediction and associated uncertainty measure, where any point prediction 
is obtained by a linear combination of a spatio-temporal drift estimate and a 
stochastic residual. The effects of meteorological and environmental conditions on 
mosquito population are incorporated in the drift model, while the variations 
around the drift is modeled by a spatio-temporal random field. The proposed model 
accounts for discrete counts in nature of the mosquito surveillance data within a 
generalized linear mixed model and tackles the non-stationarity in WNV mosquito 
abundance data by limiting the decision of stationarity only to local neighborhoods 
around any prediction point where the target prediction is sought after. 

 
Keywords: Poisson Generalized Linear Model, geostatistical space-time model, 
West Nile Virus, moving local neighborhoods. 

1.   Introduction 

Global warming is likely to have a significant effect on mosquito populations 
that carry West Nile virus (WNV), as warmer temperatures and shortened winter 
provide favorable conditions to WNV mosquitoes. Previous studies have shown 
that higher temperatures have a direct impact on WNV mosquitoes in both labora-
tory and field studies (Reisen et al. 2006). Understanding the effects of weather 
conditions on the WNV vector population and identifying major landscape ele-
ments contributing to their spread is critical for control efforts (Trawinski & Mac-
Kay 2010). While the full understanding of mosquito population dynamics requires 
a spatially extensive and temporally consistent data, such data aren’t readily availa-
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ble due to the costly mosquito trapping programs and physical challenges of plac-
ing mosquito traps in ideal locations. We used the mosquito data collected by the 
mosquito surveillance program of the Ontario Ministry of Health and Long-term 
Care. This data is well documented for a relatively long period, but still, the sam-
pling scheme is not consistent from year to year and sparsely sampled with a num-
ber of missing observations. Missing observation particularly challenges the efforts 
to develop a spatio-temporal mosquito abundance predictive model. 

In this paper, we take a geostatistical spatio-temporal modeling approach to es-
timate the mosquito abundance at a specific week at a trap site. We aim to predict 
the mosquito abundance at a specific week under the consideration of the environ-
mental and weather conditions as well as the spatio-temporal correlation. We limit 
our prediction goal to the missing observations at existing trap sites, given that 
Culex Pipiens (Cx.pipiens) has a short flying range while the spacing between trap 
sites are wide. The spatially coarse mosquito counts data keep us from making 
reliable spatial predictions at a finer spatial resolution, while the prediction of mos-
quito abundance at a specific site can be obtained usin g local neighbouring data 
with certain reliability. The spatial and temporal uncertainty associated with predic-
tion is assessed under the consideration of spatial and temporal configuration of 
observed mosquito count data as well as their spatio-temporal covariance model. 

2.   Methodology  

2.1 Study Area & Data 
The Greater Toronto Area is the largest urban agglomeration in Canada with di-

verse landuse. We focused on Cx. pipiens, the most important vector of WNV in 
the northeastern U.S. and Canada (Trawinski & MacKay 2010). This species has a 
short flight range, with a maximum of 2 km, but usually stays within 200 m of the 
area of larval emergence, with an affinity for human settlements and a preference 
for stagnant water for larval habitats (Kilpatrick et al. 2006). We have a total of 
4,274 mosquito counts over two years (2007-2008) at 207 trap sites. Some trap 
sites are fixed with weekly mosquito count records over two years, while other sites 
have mosquito records only for one year. Some traps with a small number of re-
cords are likely to be temporary hotspot for short time monitoring suspected WNV 
activity. Each year the trap season lasts roughly 18 weeks (June-mid-October).  

The spatio-temporal distribution of sampling scheme is illustrated in Figure 1, 
where the trap site is re-arranged based on the distance to the lower left corner of 
the study region. Only a few sites (9 sites) have a full record over the two years (a 
total of 36 weeks), while most sites have missing trap counts. A total of 94 sites 
have observations more than 25 weeks, which implies that the trapping efforts were 
made over two years consistently. Understanding the sampling scheme allows clas-
sifying data and making a different prediction goal per different groups. 

The map of trap sites in Figure 1(b) shows the sampling frequency at each trap 
site with different color schemes associated with the number of weeks where ob-
servations are made, and where the trap sites with full records are denoted by 
square symbol. The spatial and temporal sampling scheme during trapping period is 
fully illustrated in Figure 1(a) where the dark cell indicates the occurrence of sam-
ple at a specific trap site and a specific week. For example, the weekly variation of 
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the sampling frequency indicates that the beginning and the end of the trap season 
(24-25 week and the 41st week of each year) have the low sampling frequency.  

 
Figure 1: (a) Spatial and temporal distribution of sampling scheme. (b) Spatial distribu-

tion of sampling frequency. (c) Weekly variation of mosquito counts. 
 
The yearly summary of mosquito count data is presented in Table 1. The total 

number of trap nights is similar in both years, but they may not be collocated as 
shown in the map of sampling scheme as shown in Figure 1(a). The total number of 
mosquitoes captured in 2008 is almost triple that of 2007, which might be attributed 
to the warmer temperature in 2008. 

Table 1: Descriptive statistics of mosquito data per year 

Year n.obs. min Mean max sum st.dev 

2007 2,125 0 4.2 146 8,916 11.5 

2008 2,149 0 11.59 181 24,917 22.6 

 
Based on the weekly variations of mosquito abundance in Figure 1(c), data are 

groups as: higher variation among 207 trap sites is observed during mid-summer 
(week 26 -36) with the peak of mosquito abundance at week 31 compared with the 
variation of early (week 24-25) and late summer (week 3741). The smaller varia-
tion in the early and late season might also be due to the relatively small number of 
trapping efforts made during the season. 

 
2.2.   Spatial-Temporal Process Modeling  
The number of adult mosquitoes captured on a trap night at a specific trap site is 

viewed as a realization of a Poisson random variable (RV) whose mean process is 
modeled as a function of spatio-temporal predictors. The time of observation, such 
as the year and the week of a trap night, is included in the model as temporal pre-
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dictors, as the weekly average temperature and precipitation are included as climate 
variables. The latter allows assessing the effects of meteorological conditions on 
Cx. pipens population dynamics. Because each mosquito species has a certain types 
of habitat, and accordingly, thrives in different landscapes with features essential to 
its life history, limited knowledge on their behaviour and life cycle at certain loca-
tions challenges to determine crucial landscape factors. Furthermore, a number of 
spatial covariates are based on spatial units whose size, shape, and orientation are 
rather arbitrarily determined. Following Diuk-Wasser et al. (2006), we include two 
significant land use variables, i.e., the proportions of commercial land use and 
water body within a buffer of a radius of 200 m centered at each trap site, the Nor-
malized Difference Vegetation Index (NDVI), in the model. The spatio-temporal 
Poisson model for mosquito abundance with the selected predictors is defined by 

𝑌�𝑠𝑛, 𝑡𝑝�|𝜇�𝑠𝑛, 𝑡𝑝�~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜇�𝑠𝑛, 𝑡𝑝�) 

log �𝜇�𝑠𝑛, 𝑡𝑝�� = 𝛽0 + �𝛽𝑖𝑥𝑖�𝑠𝑛, 𝑡𝑝� + 𝑅
7

𝑖=1

�𝑠𝑛, 𝑡𝑝� 
(1) 

where Y (sn,tp) denotes the observed mosquito count at the n-th trap site and at the 
p-th week whose average intensity is denoted by µ(sn,tp). The log transformation of 
the drift is a linear function of predictors xi, i = 1,...,7, where x1,x2 denote the year 
and the week of trap night, and x3,x4 are average temperature and average precipi-
tation of the p-th week tp, and x5,x6,x7 are the proportion of water body, commer-
cial land use type within 200 m and the average NDVI within 1 km centered at the 
n-th trap site sn, respectively. The spatio-temporal variation unexplained by the 
covariates are modeled by a stochastic residual component R(sn,tp). Under the 
model decision of a space-time stationary mean µ(sn,tp), the covariance function of 
the residual RF R(sn,tp) can be identified as a stationary covariance function C(h,τ) 
of the Poisson RF Y (sn,tp
𝐶𝑅(𝒉, 𝜏) = 𝐸{𝑅(𝑠, 𝑡)𝑅(𝑠 + 𝒉, 𝑡 + 𝜏)} = 𝐸{[𝑌(𝑠, 𝑡) − 𝜇][𝑌(𝑠 + 𝒉, 𝑡 + 𝜏) − 𝜇]} =
𝐶(𝒉, 𝜏) where h denotes the difference between two trap sites s and s’ = s + h and τ 
denotes the time lag between any pair of weekly observations t and t’ = t + τ. Rec-
ognizing the differences between space and time, we further assume that the spatio-
temporal covariance can be decomposed into a purely spatial covariance C

) as  

1(h) and 
a purely temporal covariance C2

 
(τ) as (Cressie 1993) 
𝐶𝑅(𝒉, 𝜏) = 𝐶1(𝒉)𝐶2(𝜏)  (2) 

In theory, the separable spatio-temporal covariance in Eq (2) should be derived 
from residual data r(sn,tp)= y(sn,tp) − µ(sn,tp), which are not directly observable in 
practice. Consequently, the residual covariance CR(h,τ) is inferred from the esti-
mated residuals �̂�(sn,tp)= y(sn,tp) − �̂�(sn,tp) instead, which is problematic since the 
residual covariance model depends on the filtering algo rithm used to evaluate the 
drift estimate �̂�(sn,tp) (Kyriakidis & Journel 1999) and the potential non-
stationarity of the underlying space-time process (Haas 1995). To overcome such 
practical limitations, we restrict our decision of space-time stationarity to a local 
neighbourhood around the observation at a specific trap site and the trap night. For 
each prediction, the spatio-temporal local neighbourhoods are determined based on 
the data availability in space and time and the marginal distributions of mosquito 
counts. Therefore, the residual covariance used is modeled as stationary and in-
ferred from the estimated residual data within-neighbourhood distance only. The 
study area is divided into three regions where both 2007 and 2008 records are 
available (‘region A’), the area with 2007 trap records only (‘region B’), and the 
area with 2008 trap records only (‘region C’). Similarly, local neighbourhoods are 
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defined based on the time of the trap night as early summer (‘week I’), mid-summer 
(‘week II’), and late summer (‘week III’), which corresponds to the month of June 
(week 24-25), July and August (week 26-36), and September and early October 
(week 37-41), respectively. 

At each sub-region, the spatial covariance model is estimated as an average of 
Sp

𝐶1(𝒉) = 𝐶1(𝑠′ − 𝑠) = 1/𝑆𝑝 ∑ 𝐶𝑅�𝑠′ − 𝑠; 𝑡𝑝�
𝑆𝑝
𝑝=1             𝑝 = 1, … ,𝑃    (3) 

 stationary spatial covariance values at each time instants as 

Similarly, the temporal covariance is estimated using the Tn

𝐶2(𝜏) = 𝐶2(𝑡′ − 𝑡) = 1/𝑇𝑛 ∑ 𝐶𝑅(𝑡′ − 𝑡′; 𝑠𝑛)            𝑛 = 1, … ,𝑁𝑇𝑛
𝑖=1    (4) 

 stationary temporal 
covariance values at each trap site as 

The prediction of the residual �̂�(sn,tp) is obtained from ordinary kriging within 
local neighbourhoods. This is similar to “moving cylinder spatio-temporal kriging” 
proposed by Haas (1995), where the estimated residual is combined with trend 
estimate 𝜋�(sn,tp

3.   Preliminary Results 

) to produce a realization of poisson RF associated with the abun-
dance of Cx. pipens at the n-th trap site at a p-th week. 

The spatio-temporal drift model parameters are estimated using Poisson general-
ized linear modeling (GLM). Except intercept, all other predictors are statistically 
significant at the significance level 0.05. Due to Cx. pipens’ preference for ur-
ban/highly populated areas to forest and green land as their habitats (Diuk-Wasser 
et al. 2006), the average temperature and NDVI values at each trap site have a sig-
nificant impact on the Cx. pipiens population dynamics. 

In the spatio-temporal predictive mosquito abundance model implementation, 
the parameterization of joint space-time covariance is especially critical. We use 
the deviance residuals derived from Poisson GLM for spatio-temporal variogram 
inference under the stationarity decision. To account for the non-stationarity, we 
compute a spatial and temporal variogram γ1(h), γ2

Table 2: Variogram Model Parameter Estimates 

(τ) for each sub-regions and 
time intervals, and the estimated model parameters are summarized in Table 2. 

  regionA regionB regionC week 
I 

week 
II 

week 
III 

nugget 5 8 9 1 6 5 

sill 6 3.3 9 6.5 11 2 

range 7 5 5 4000 2000 2000 

 
The prediction for missing observations is obtained by combining the drift esti-

mate and the ordinary kriging (OK) residual prediction within moving local 
neighborhoods. Under the consideration of Cx. pipens’ short distance migration, 
spatial local neighborhoods are limited to the area within 5 km from a trap site. 
Figure 3 shows the residual predictions and the prediction errors at the site whose 
11 counts are predicted using local OK. The bars with a cross symbol denote the 
predicted values and the stems with circles indicate the observed mosquito count at 
the site 88. The predicted residuals are smoothly varying as a function of week of 
the trap night, and the prediction errors change proportionally to the lag distance 
between the week of mosquito data and the week of the sought-after prediction 
varies. 
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Figure 2: Prediction variance and prediction error variance at site id 88. 

4.  Summary & Discussion  

The proposed spatio-temporal model incorporates the effects of meteorological 
and environmental factors on WNV mosquito abundance, while accounting for 
discrete counts in nature of the mosquito data within Poisson GLM. We also incor-
porate a stochastic spatio-temporal random field to capture space-time fluctuations 
around the average intensity around the draft. 

One of the major issues to develop a geostatistical space-time model for mos-
quito abundance data is the non-stationarity, which might be due to mis-
specification of the drift model and the lack of mosquito trap count data at relevant 
scale. In order to address such issues, we used moving local neighbourhood where 
the study region and temporal period are divided into homogeneous groups. Within 
each group, stationarity is assumed and an space-time covariance model is inferred. 
The prediction of unobserved mosquito counts at a trap site is obtained for a week 
with missing observations by combining a trend estimate as well as the local OK 
residual prediction using spatially and temporally adjacent observed data. In addi-
tion, we report a measure of uncertainty associated with prediction based on spatial 
and temporal data configuration as well as the joint space-time covariance struc-
ture. 
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