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Abstract

The lack of spatial coverage and missing observations of adult mosquito surveillance
data challenges the quantitative assessment of human exposure to West Nile virus
(WNv). We developed a geostatistical spatio-temporal prediction model for missing
WNv mosquito data. In the proposed Poisson generalized linear mixed model, the
effects of meteorological and physiographic conditions on mosquito abundance are
modeled as a drift, and the spatio-temporal variations around the drift, possibly cor-
related, are captured by a spatio-temporal residual random field. The proposed model
accounts for discrete counts of the mosquito surveillance data within a generalized
linear mixed model, and tackles the non-stationarity in WNv mosquito abundance
data by restricting the decision of stationarity to a local neighborhood surrounding
the target prediction point.
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1.1 Introduction

West Nile virus (WNv) has been recognized as a globally distributed disease since
it’s first outbreak in New York City in 1999, and it is the fast growing mosquito-
borne health threat in the US with 3,545 known cases and 147 deaths (Centers for
Disease Control and Prevention, as of September, 2012). Both scientists and vector
control practitioners have been exploiting various ways to assess the spatio-temporal
human risk of transmission and respond adequately to reduce potential health threats
(Theophilides et al. 2003, Johnson et al. 2006, Bolling et al. 2009). Some studies
have used entomological risk of vector exposure as a key determinant of WNv dis-
ease risk in humans, while others focused on disease risk based on avian and equine
surveillance or mandatory human case reports (Griffith 2005, Ward et al. 2006, Beroll
et al. 2007, Carney et al. 2011).

Entomological risk measures can be used for a direct assessment and prediction
of human WNv infection risk (Kilpatrick et al. 2006), while their effectiveness de-
pends on the quality of mosquito surveillance data. Mosquito data collected at a
set of trap sites have been used to identify site-specific meteorologic conditions and
local environmental factors that account for the variation of mosquito abundance
(Soverow et al. 2009). However, mosquito surveillance data are available only from
a sparse monitoring network due to the labor intensive and costly data collection pro-
cedures, and technical challenges in equipment maintenance often result in uninten-
tional missing observations. Building a spatio-temporal entomological risk model
using sparse monitored data is challenging, but the presence of missing observa-
tions imposes further difficulties to build a spatio-temporal risk assessment. That
is, mosquito data are missing at a specific site for a time series, but also missing
observations constitute a subset of a total number of sites for a specific trap night.

In the current paper, we aim to develop a geostatistical spatio-temporal model
to predict missing values of the mosquito surveillance data. The proposed predic-
tion model (i) explicitly takes into account the discrete nature of observed mosquito
counts within a framework of generalized linear models (McCullagh & Nelder 1989);
(ii) incorporates a spatio-temporal correlated error structure by extending a gen-
eralized linear model for poisson data to a generalized linear mixed effect model
(GLMM); and (iii) accommodates the non-stationarity in the mean of latent mosquito
abundance process using a moving local neighborhood approach.

Despite the lack of surveillance mosquito data, some studies (Diuk-Wasser et al.
2006, Reisen et al. 2006, Liu & Weng 2009, Soverow et al. 2009, Morin & Comrie
2010, Chuang et al. 2011, 2012) have successfully shown the effects of weather and
environmental conditions on the mosquito abundance. Both Shaman & Day (2007)
and Ruiz et al. (2010) pointed out that increased temperature has a direct effect on
the spread of WNv mosquito infection, and Diuk-Wasser et al. (2006) have identified
key environmental predictors of mosquito abundance using remote sensing data and
Geographical Information Systems (GIS). Most studies mentioned above, however,
used a log transformed mosquito counts as a response variable to achieve a linear
relationship between environmental/climate conditions and mean mosquito counts.
Mosquito surveillance data, on the other hand, contain excessive number of zeros
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(30% in the current study) and the correlated error structure, which, in consequence,
leads to a poor performance of a linear regression with log transformed count data
(O’Hara & Kotze 2010). We will investigate the associations of environmental and
weather conditions with the underlying (latent) process that is assumed to generate
the observed mosquito counts using a poisson regression model.

We will further extend the generalized linear model for poisson data to a general-
ized linear mixed effect model (GLMM) to introduce a spatio-temporal correlation.
We hypothesize that the latent process has a spatio-temporal correlated error struc-
ture because of the mosquitoes’ biological behavior, but also from the lack surveil-
lance data and missing covariates (Zuur et al. 2009). The causal effects of poor match
between the spatial extent of the phenomenon of interest and the units for which data
are available on the spatial error autocorrelation have been frequently documented
in the literature (Arbia 1989, Anselin & Rey 1991, Goodchild 2001). The proposed
spatio-temporal predictive model of WNv vector mosquito abundance shares simi-
lar problems because the spatial coverage/temporal intervals for which surveillance
data are collected may not reflect the spatial extent and temporal duration of the true
mosquito abundance patterns. The covariates used in regression models, particularly,
landscape elements that are known to influence abundance of vector populations, are
typically defined over certain areal units, such as buffer zones or administrative units
whose delineation is rather subjective and arbitrary (Liu & Weng 2009).

The discrepancy between the spatial (or temporal) scale of the analysis and that
of the process underlying the observed data may cause correlated error structure.
Although often ignored, such discrepancy may conceal some associations between
mosquito abundance and environmental conditions and yield non-stationary resid-
uals. As an attempt to alleviate such non-stationarity problems while accommo-
dating a joint spatio-temporal error structure within a poisson regression, we use a
spatio-temporal moving neighborhood approach (Haas 1990). The implementation
of the local spatio-temporal prediction model, however, requires the determination
of spatio-temporal cylinder size, which could be different from prediction point to
point. In the current study, we determine the optimal size of spatio-temporal cylin-
der size based on the sensitivity analysis, where the effect of the cylinder size on
the model prediction accuracy is examined using the leave-one out cross-validation
method. Based on the optimal size, i.e., the minimum number of spatio-temporal
data points adjacent the prediction point, we obtain the geostatistical spatio-temporal
model prediction of missing values and the corresponding prediction error variances.
For a model assessment, we use a cross-validation technique where the data set is
split into training and the prediction data set.

1.2 Methods

1.2.1 Spatial-Temporal Process Modeling

Mosquito abundance data, i.e., adult mosquito counts captured at a specific trap site
Sp,m =1,...,N and a trap night ¢,,p = 1,..., P, are viewed as a realization of a
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spatio-temporal Poisson random variable (RV). We assume that the average intensity
process of such a spatio-temporal poisson RV is influenced by local climate condi-
tions, physiographic characteristics, and the timing when the trapping efforts were
made. More specifically, we consider weekly average temperature and precipitation
as climate predictors and included two land-use variables, i.e., the proportions of res-
idential area and water body within a buffer of radius 200 m centered at each trap site
and the areal average of 30 x 30 Normalized Difference Vegetation Index (NDVI)
within 1 km centered at each trap site as environmental covariates.

Modeling the effects of environmental factors on the dynamic changes of mosquito
population is not always straightforward (Diuk-Wasser et al. 2006), because each
species prefers a certain habitat and accordingly thrives in different landscapes with
features essential to its life history. A further challenge exists in modeling the asso-
ciation of environmental condition with the behavior and life cycle of each mosquito
species because most spatial covariates are measured on spatial units (supports or
neighborhoods) whose size, shape, and orientation are rather arbitrarily determined.
In the current study, our decision on the buffer distance used to determine the neigh-
borhoods of each trap site and our selection of environmental covariates are based on
our preliminary analyses and the literature review (Diuk-Wasser et al. 2006), as well
as our understanding of species specific behavior, such as the short flight range of
Cx. pipiens-restuans. The spatio-temporal poisson model for mosquito abundance is
defined as

Y (sn,tp)|A(sn,tp) ~ Poisson(A(sp,tp)) (1.1)
Z(snstp) = logA(sn,tp) = pu(sn,tp) + R(sn, tp)

7
= Bo+D_ Biwi(sn,ty) + Rlsn,tp)

i=1

where Y (s,,t,) denotes the poisson RV whose realization is associated with ob-
served mosquito counts at the n-th trap site on the p-th week. The underlying average
intensity of mosquito abundance is denoted by A(s,,, t,,), where the log transformed
intensity Z (s, tp) is spatially and temporally varying as a linear function ((s,,, t;)
of predictors x;,7 = 1,...,7. Here, 1, x5 denote the year and the week of trap
night, and z3 is the population density, x4, T5, x¢ are the proportion of residential
land-use (1 km buffer), waterbody (0.5 km buffer), and the average NDVI within 1
km centered at the n-th trap site, respectively. The average temperature and precip-
itation of the p-th week are denoted by x7 and xg. The spatio-temporal variation
unexplained by the selected covariates is modeled by a stochastic residual compo-
nent R(sy,t,) whose a stationary covariance function C'r(h,7) can be identified
under the model decision of a space-time stationary mean p(s,,, t,) as

Cr(h,7) = FE{R(s,t)- R(s',t")}

— B{[Z(s.1) - n(s, ][ Z(s + it +7) — pu(s + bt £+ 7))
= Cz(h,71) (1.2)
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where h denotes the difference between any two trap sites s and s’ = s +h and 7
denotes the time lag between any pair of weekly observations ¢,t =t + 7.

Recognizing the differences between space and time, we further assume that
the spatio-temporal covariance can be decomposed into a purely spatial covariance
C4(h) and a purely temporal covariance Cy(7) as (Cressie 1993)

Cr(h,7) = Cy(h) - Ca(7). (1.3)

1.2.2 Moving-Cylinder Spatio-Temporal Kriging

In theory, the separable spatio-temporal covariance in Eq (1.3) should be derived
from residual data r(s,,t,) = Z(sn,tp) — u(sn,tp), which are not directly avail-
able in most practical applications. This is problematic in the inference of the resid-
ual covariance model, because the residual covariance estimate C'; (h, 7), which is
inferred from the estimated residuals 7(sy,,t,) = Z(Sn,tp) — [i(Sn, tp), depends on
the filtering algorithm, such as poisson regression, used to evaluate the trend estimate
f(sn,t,) (Kyriakidis & Journel 1999). In addition, the behavior of Cx. pipiens-
restuans, such as a short distance flying range and their preference for certain habi-
tats, strongly indicates the presence of non-stationarity of mosquito abundance. To
overcome such practical limitations, we restrict our decision of space-time station-
arity to a local neighborhood around a prediction point. That is, the spatio-temporal
local neighborhood for each target prediction point is specified by the spatial win-
dow (the radius of the spatio-temporal cylinder) and the time duration (the height of
spatio-temporal cylinder), which vary from a prediction point to another depending
on the neighboring data availability. Using the data found within the spatio-temporal
neighborhood, the drift and the residual estimates of the average intensity process
A(s0,to) at each prediction point are estimated using a poisson regression and sim-
ple kriging in sequence. The prediction process is summarized as follows:

step 1. Construct a local spatio-temporal cylinder per prediction point. The goal is to
search for a circular neighborhood with minimum window size surrounding the
prediction point to achieve the local stationarity of the underlying process. On
the other hand, the window size should be large enough to contain a number of
data pairs to ensure the accuracy of variogram estimate. To balance between the
local stationarity and the accuracy of variogram estimate, we adopt an automatic
window sizing approach (Haas 1990). That is, the window radius of spatio-
temporal cylinder is varying from 1 to 7 km and the height of the cylinder varies
from -5 to 5 weeks (previous 5 weeks to the next 5 weeks) from the week of
prediction point until at least 45 data points are included.

step 2. Once a local spatio-temporal neighborhood is determined at each prediction
point, a poisson generalized regression is performed using the set of covariates
mentioned above. The regression result is recorded, i.e., a spatio-temporal drift
estimate at the prediction point and the deviance residual data within its local
neighborhoods.
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step 3. Model the spatial structure of the stochastic spatio-temporal process by pooling
the residual data of a prediction point (ug, to) obtained from step 2. The spatio-
temporal sample variogram is calculated as

N1
hy, 7)) = P(u,t) — #(a', )]} (1.4)
) = g D) = )
where hy,, 7; denote the spatial and temporal lag class indexedby k = 1,...,mg
and [ = 1,...,mp, respectively. For a consistent modeling, the same number

(mg, mp) of the spatio-temporal variography is calculated at each prediction
point. The (k,)-th variogram value 4 (hy, 7;) is calculated using Ny; pairs of
residual data points #(u, t), #(u’,¢") whose separation vector belongs to the k-
th spatial lag class |u — u’| € hy, and the [-th temporal lag class |t — t| € 7.
The spatio-temporal covariogram in Eq (1.3) can be rewritten using variogram
as

Yr(h,7;0) = (a1 + 51)72(7) + (a2 + s2)v1(h) — y1(h)y2(7) (1.5)

where (a1, s1) denote the nugget and the partial sill of spatial variogram ~y; (h)
with the spatial range r1, and (aq, s2) denote the nugget and the partial sill
of temporal variogram o (7) with the temporal range 75. Using the empirical
variogram 9(hy, 7;) obtained at each prediction point, we fit a spatio-temporal
variogram model using a weighted least square approach. That is, the vector of
spatio-temporal variogram parameters 6 = [a1, $1,71, a2, S2, 2] are estimated
using the number of observations within the space-time lag class as a weight.

step 4. Obtain simple kriging (SK) prediction and prediction error variance of resid-
ual at a prediction point using the deviance residual data and the fitted spatio-
temporal variogram model as:

#(s0,t0) = Wo r, 52(s0,10) = 08 — W Co (1.6)

where the kriging weights w( are obtained by solving the following spatio-
temporal kriging system

] oo | =[]

where Crp, is a data-to-data spatio-temporal covariance matrix within the mov-
ing cylinder and c is the data to the target covariance vector. The simple kriging
weights wq are obtained by solving the kriging system in Eq (1.7).

step 5. Combine the spatio-temporal drift estimate obtained at the step 2 and the stochas-
tic residual value estimated from the step 4 to obtain the prediction of the log
transformed spatio-temporal process A(sg, to).
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1.3 Data Analysis and Results

1.3.1 Mosquito Surveillance Data

The Greater Toronto Area (GTA) is the largest urban agglomeration in Canada with
diverse land use, including urban, suburban, rural, and agricultural areas. The study
area consists of 4 health units (Hamilton, Peel, City of Toronto, and York) and 949
census tracts with a population size of 3,328,590 (2006 Census).

We focus on one of the most important vectors of WNv in the northeastern U.S.
and Canada, Culex Pipiens (Cx.pipiens), which has a short flight range with a maxi-
mum of 2 km and usually stays within 200 m of the area of larval emergence. They
prefer human settlements and stagnant water for larval habitats (Turell et al. 2005,
Kilpatrick et al. 2006). Culex restuans is another competent vector of WNv that
is almost indistinguishable from Cx.pipiens adults (Degaetano 2005, Diuk-Wasser
et al. 2006). We grouped these two species together into the Culex pipiens-restuans
complex (Kilpatrick et al. 2006, Bolling et al. 2009). A total of 4,040 mosquito ob-
servations are collected over two years (2007-2008), which consist of the weekly
surveillance records from fixed sites and a small number of observations from tem-
porary sites. Typically the mosquito trapping season lasts about 18 weeks per year;
roughly from early June through mid-October.

We consider any trap site with more than 15 weeks of surveillance records a per-
manent trap site, and a temporary site, otherwise. A total of 141 sites, corresponding
to 73% of the entire trap sites in the study area, are permanent with varying num-
ber of missing observations. It is important to distinguish permanent trap sites from
temporary ones, because our prediction efforts will be made only on permanent sites.
The spatial and temporal patterns of trapping frequency allow us to better understand
missing data, which are clustered in their spatial and temporal configuration. Partic-
ularly, the spatial variation of the trapping frequency informs us how many values
need to be predicted per site and where they are located.

The surveillance data availability (or trapping frequency) is spatially and tempo-
rally varying. The surveillance data are collected for a total of 36 weeks over two
year long surveillance period across 194 trap sites. Missing data are commonly en-
countered at the beginning (week 23-25) and at the end of the season (week 41),
and temporary trap sites are spatially clustered in the Hamilton region and most trap
sites with one year record only are placed in the Peel region (see Figure 1.1). Most
trap sites located in the region of Peel has incomplete one-year record (a total of 18
weeks), i.e., a total of 63 trap sites have 2 to 3 missing values. Permanent trap sites
located in other regions have the two year long record with a different number of
missing values. For example, the City of Toronto have 43 sites with 5 to 6 missing
values and 32 trap sites in York region have on average 3 to 4 missing values. Only
three trap sites in the Hamilton region have one missing value. In summary, a total
of 87 sites (45%) have two year long records (more than 30 weeks of observations)
and 66 sites (34%) have a full year long record. residuals.

Yearly variation in the observed mosquito population is summarized in Table 1.1.
Despite the similar trapping efforts made in 2007 (a total of 2,007 records) and 2008
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Figure 1.1 Regional variation of trapping frequency.

year | #ofobs. min mean max sum st.dev
2007 2,007 0 6.83 139 13,713 14.15
2008 2,033 0 11.27 181 22,921 21.97

Table 1.1  Summary of Cx. pipiens-restuans data

(a total of 2,033 records), the total of 22,921 mosquitoes captured in 2008 is almost
doubled the mosquito counts (13,713) of 2007. The difference is also found in the
highest record of mosquito population: the maximum mosquito count captured in
2007 was 139 and 181 in 2008, which amounts to 30% increases.

The weekly variation of mosquito counts is summarized by the boxplot in Figure
1.2. Each box contains the mosquito counts collected from all trap sites where trap-
ping efforts were made on a week over two years. The weekly summary of mosquito
counts may not reveal the true weekly variations as shown in the boxplot due to large
variation. For example, some trap sites may capture over 100 mosquitoes during the
peak of summer, while other trap sites may catch one or two mosquitoes due to dis-
turbance made around trap sites at the same week. On the other hand, the variation of
data, i.e., the range between the upper and lower quartile (the height of each box) and
outliers (denoted by symbol (+) beyond the whisker), are substantially different from
week to week. For instance, the maximum number of mosquito counts per week and
the variance of mosquito counts show a parabolic behavior of mosquito abundance
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as a function of the time of a trap night. That is, the total number of mosquitoes
captured at the beginning and the end of the trapping season is small, but they soon
increase as summer begins for the following seven to nine weeks.

The variation of mosquito counts per week, in fact, represents their spatial vari-
ability across the study area. Most weekly observations except the last two weeks
at the end of the trap season have many outliers, i.e., the unusually high mosquito
counts, particularly, during week 27 - 35. Unless the environmental conditions, such
as residential area, waterbody, and NDVI, change weekly, it is less likely that the
traditional poisson regression can capture the extreme spatial heterogeneity present
in data (the difference between minimum and maximum observation per week). In
addition, the weekly variation of mosquito abundance in space is greater than what
predictors, such as weather conditions and the time of trap night, can explain. One
may argue that the differences in the trapping efforts made in the beginning and the
end of the trap season versus the mid-summer are responsible for such differences
in spatial heterogeneity, but it is clear that there is a need for a flexible and general
modeling approach to accommodate such high spatial and temporal variabilities in
data. In the next subsection, we will illustrate the application of the global poisson
regression to the mosquito data and demonstrate the limitations due to the extreme
spatial and temporal heterogeneity of the mosquito data.
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Figure 1.2 Weekly variation of mosquito counts

1.3.2 Global space-time poisson regression

A global poisson generalized linear model in Eq (1.1) is applied to the mosquito
surveillance data, and the resulting spatio-temporal drift model parameter estimates
are summarized in Table 1.2. Except the intercept, all other predictors are statisti-
cally significant at the significance level 0.05. The increase of mosquito population
in 2008 compared to the year 2007 is substantial as shown in the model coefficient
estimate 3;. The effects of the population density f33 is minimal, however, due to
the coarse resolution of census data used. Among environmental covariates, the co-
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efficient estimates (34, 35 for the residential and water body proportion within the
buffer zone and the estimate (g of the spatial average of NDVI index are worth not-
ing. The higher value of NDVI (approaching to 1) implies more green vegetation
present in the area where the trap site is placed. As the unit of greenness index
(NDV]) increases, less ground for Cx. pipiens-restuans habitats such as human set-
tlements remains. The negative relationship is also shown in the negative coefficient
of NDVI index, i.e., 3¢ = —1.658. While the effect of residential area 3, = 0.004
is significant but not as strong as that of NDVI, probably because most trap sites are
placed near residential areas and the difference in the proportions of residential area
is trivial. Last, it is clearly shown that the average temperature is a major driver of
Cx. pipiens-restuans abudance in line with the previous studies (Diuk-Wasser et al.
2006, Brown et al. 2008), where the habitat preference of Cx. pipiens-restuans for
urban and highly populated area in relation to forest and green land is empirically
demonstrated.

Bo B Bs B B PBs B B
estimate | 0.523 -0.011 0.013 0.004 -0.076 -1.658 0.106 -0.001
Pr(<z) 0.012 0.001 0.003 0.000 0.002 0.050 0.001 0.000

Table 1.2  Spatio-temporal drift model coefficient estimates

The global poisson regression reveals interesting associations of mosquito abun-
dance to the selected covariates, weather and environmental conditions as well as the
time of the trap nights. However, residual analyses in Figures 1.3 indicate that the
substantial variation of mosquito abundance remains to be further explored. Both
the histogram of the deviance residuals Figure 1.3(a) and the scatter plot between fit-
ted values and residuals Figure 1.3(b) show the non-normality and the heterogeneity
in residuals, respectively. Highly skewed residual distribution also indicates that the
global model did not successfully capture the high variability in mosquito abundance,
in addition to the inhomogeneous variance of residuals across the fitted values. Not
only the non-stationarity of the trend in the average intensity process, but both the
spatial and temporal variograms of residuals in Figures 1.3(c) and (d) suggest the
presence of a strong spatial and temporal autocorrelation in residuals. The spatial
variogram in Figure 1.3(c) is calculated from weekly residual data. A separate spa-
tial variogram is calculated each week using the residual data at separation vector
|h| = 1 km. The multiple dots in each separation vector distance denote the sample
variogram value, i.e., the spatial variability of residual data at a separation vector
distance hy,k = 1,...,15. Similarly, the temporal variability of the global pois-
son model residuals are calculated at each trap site with temporal lag 7 = 1 over
up to 6 weeks 7,0 = 1,...,6. As shown in both sample variograms, the spatial
variability per week is different from week to week and the temporal variability per
site is varying site to site, i.e., the wide range of dots per lag distance in both spatial
and temporal lags. This result confirms our hypothesis that a substantial amount of
covariance heterogeneity remains in the mosquito abundance data. The solid line in
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both variographies, that is, the arithmetic average of sample variogram values at each
lag, however, shows the need of spatial and temporal covariance structure models.
The spatial variability is higher than temporal variability, where there is a trend of
the variability which increases up to 4 km and two weeks until the variability gets
stabilized.
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Figure 1.3  Residual analysis of global GLM residuals: (a) Histogram of residuals, (b)
Scatter plot of residual deviance vs. fitted values, (c) and (d) Spatial and temporal variography
of residuals, respectively.

The non-stationarity in the trend and spatial and temporal covariance structure
calls for a model that addresses several issues mentioned above. In the following
subsection, we will introduce a local spatio-temporal predictive mosquito abundance
model, which takes into account the nature of mosquito count data using a poisson re-
gression model and accommodates the non-stationarity of the underlying process by
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building multiple models over subregions. Our goal is to achieve a quasi-stationarity,
in which the trend and the covariances are stationary, by performing a local poisson
regression model and specifying a joint space-time covariance inside the subregion
using local data only.

1.3.3 Local spatio-temporal model calibration

We adopt a local spatio-temporal geostatistical model to address the non-stationarity
of residuals. The drift of the log transformed spatio-temporal average intensity pro-
cess is locally estimated per prediction point with a poisson regression model using
local data alone. All the local data fall within the moving spatio-temporal cylinder.
The spatio-temporal correlation present in residuals are explicitly taken into account
in the joint space-time covariance model. While the proposed local spatio-temporal
poisson model is a promising alternative to the global poisson regression model, a set
of key parameters needs to be determined before any model inference and prediction
are made. The key parameters, such as the size of spatio-temporal moving cylinder
and the hyperparameters for spatial and temporal variogram models, such as, range,
sill, and nugget, play an important role to control the quality of predictions. Various
statistical approaches, such as a Bayesian approach and E-M algorithm, can be used
to tackle such problems, but it may intensify the complexity of the computation. In
the current paper, we use a cross-validation method to identify the optimal moving
cylinder size combined with our prior knowledge and understanding of mosquito
behaviors and regional landscape to determine optimal parameters of model vari-
ograms.

The implementation of the local spatio-temporal prediction model requires the
determination of spatio-temporal cylinder size, which could be different from pre-
diction point to point. Unlike the global poisson regression, the quality of model
prediction and inference are spatially and temporally varying and they are highly de-
pendent on the neighboring data. In the current paper, the size of the spatio-temporal
cylinder centered at a prediction point is determined with respect to the availabil-
ity of neighboring data. The quality of local prediction depends on the values of
the local neighborhoods. Homogeneous local neighboring data will yield less biased
model parameter estimates and more accurate prediction outcomes. It is important to
identify an optimal cylinder size that is just large enough to contain sampling points
to estimate local poisson regression model coefficients and the spatial and temporal
variogram variance function with accuracy sufficient for the prediction (Haas 1990).
We also want to make the prediction procedures automatic, since there are many
number of missing values in the data, i.e., a total of 141 prediction points. We use a
programmable approach to determine the cylinder size per prediction point by recur-
sively increasing the radius of spatio-temporal cylinder until enough number of data
points are included.

In order to identify the optimal cylinder size, we conducted a sensitivity analy-
sis where the effect of the cylinder size on the model prediction accuracy is exam-
ined using the leave-one out cross-validation method. We consider a range of mini-
mum data points between 40 and 120 to be sufficient to perform a poisson regression
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model and to calculate a reliable sample variogram, while avoiding the potential non-
stationarity in the trend and covariance. At each validation point, the posterior dis-
tribution of the missing value is obtained using the neighboring sample data located
within the spatio-temporal cylinder that is parameterized by the number of minimum
data points. The predicted value are compared with the true value, i.e., the observed
mosquito count, and the discrepancy between the estimates and the observed value is
compared. Most discrepancy values are within 4 one standard deviation (15.412) of
the mean discrepancy (1.142), but extremely high or low discrepancy is found espe-
cially when the observed count is high. Here, we used an empirical cut off values -50
and 50 to examine the portion of biased predictions per the minimum number of data
points. That is, if the difference between predicted mosquito count and the observed
count is either above 50 or below -50, the prediction is considered biased. Table
1.3 summarizes the sensitivity of prediction accuracy with respect to the minimum
number of sample data used to define a moving spatio-temporal cylinder. The result
shows that the chances of obtaining biased prediction increase, as the minimum num-
ber of data points is above 70. On the other hand, the prediction errors are minimum
when the neighboring data criterion is set between 40 and 60 data points. Based on
our finding, we use the minimum number of data points to 45 in the following local
space-time predictions.

# min. data 40 50 60 70 80 90 100 110 120
% bias 1932 1982 1976 2.158 2.154 2.158 2.158 2.146 2.156

Table 1.3  The proportion of biased prediction under different cylinder sizes

1.3.4 Local space-time poisson regression

The goal is to make an inference about the unobserved spatio-temporal mean pro-
cess A(sp, to) underlying missing observations. We further assume that log A(sg, to)
consists of a spatially and temporally varying drift 1(sg, to) and a Gaussian stochas-
tic process R(sp,to) with a zero mean, variance Cr(0,0), and a stationary spatio-
temporal correlation function C'r(h, 7). The prediction at any missing data point
(so,to) requires the search of local data, a local poisson regression model estima-
tion, spatio-temporal variogram modeling, and the simple kriging prediction of the
spatio-temporal random effect. In the previous section, we have shown that the qual-
ity of prediction highly depends on the design of the cylinder, i.e., the sensitivity of
the model prediction accuracy to the number of minimum data points used to de-
termine the moving spatio-temporal cylinder. In the current application, we further
refined the cylinder size (i.e., 45 data points as an optimal size) to be within 1-7 km
from the prediction location (target trap site) and within 6 weeks prior and after the
trap-night. This decision is based on our understanding of the Cx. pipens-restuans’
short distance migration and their variation over time during trap season.
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The number of missing observations are significantly different from one region to
another. We focus only on the prediction of missing values at permanent trap sites
during the study period (June through mid-October each year), because of the sparse
network of trap sites and the coarse resolution of explanatory variables. Typically, the
number of missing values per trap site ranges between 1 - 6 points at the beginning or
the end of the trapping season. Most trap sites located in the region of Peel (100%)
and the City of Toronto (98%) have a small number of missing values.

For illustration, we randomly select a trap site located in the City of Toronto. This
trap site, denoted by a square symbol in Figure 1.4, has five missing values. The
prediction goal is to infer the underlying spatio-temporal average intensity process
for the missing mosquito counts. The temporal profile of mosquito abundance over
36 weeks (entire study period) are shown in Figure 1.5(a), where the observed weekly
mosquito counts are denoted by stems terminated with circles, and the prediction
for the unobserved spatio-temporal mean counts underlying five missing values are
denoted by stems terminated with stars. The target prediction of the spatio-temporal
average count, i.e., log 5\(.9“, t,) at the p-th week p = 1,2, 17, 18, 36 is obtained by a
linear combination of the estimated drift fi(s,,, tp) = Bo + 23:1 Bixi(sn,tp) and a
realization 7(s,,, t,) of the stochastic residual process obtained from simple kriging.
‘When a multivariate Gaussian distribution is assumed for residual random variables,
a simple kriging prediction is equivalent to the conditional expectation of the random
process and simple kriging variance corresponds to the conditional variance of such
multivariate Gaussian random field (Deutsch & Journel 1998). Therefore, we can
easily derive the predictive distribution of the stochastic residual process instead of
the summary statistics, such as mean and variance, using a stochastic simulation.

The predicted spatio-temporal mean value and the associated measure of uncer-
tainty presented in Figures 1.5(a) and (b) correspond to the conditional expectation
and conditional variance of a realization of spatio-temporal mean process ;\(sn, tp)
at the n-th trap site and the p-th week. The predicted mean values are similar to the
previous or following weeks’ observations at the same trap site, but also their pre-
dicted values are affected by the observation at neighboring trap sites. As a measure
of uncertainty, the prediction error variance in Figure 1.5(b) is not complete, be-
cause it is a function of the spatial-temporal covariance model and the configuration
of observed spatio-temporal data and the target prediction point (Goovaerts 1997).
This measure of uncertainty is independent of the attribute of surveillance data, i.e.,
mosquito counts, whereas the higher predicted mean values are likely to have higher
prediction errors.

Validation is critical in a generalized linear mixed modeling (GLMM) process,
because the complexity of the higher dimensional GLMM makes it more difficult
to get statistical goodness-of-fit measures. We adopt a cross-validation method to
assess the prediction accuracy, where the data set is split into training and the predic-
tion data set. It is highly expected that the quality of model prediction has a strong
relationship with the unknown (or missing) value itself. The more extreme target val-
ues are, the more biased the accuracy of model prediction is. To facilitate the model
performance assessment, we conducted a cross-validation study across four different
prediction groups whose members are selected based on the rank of observed values
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Figure 1.4 A randomly selected trap site in the City of Toronto.
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Figure 1.5 (a) A complete temporal profile of mean counts at the selected trap site in Figure
1.4 complemented by the model prediction for missing values, denoted by stems terminated
with star (*) symbol. (b) The prediction error variances associated with local spatio-temporal
predictions for missing values.
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(yr,yuv). The definition of group is summarized in Table 1.4. Approximately, 70%
of data belong to Group 1, and the other data are evenly divided into Group 2 - 4
(approximately 10% each).

Groupl Group2 Group3  Group 4
W, yu) 0,7 (71,12 (7,25) (25,181
# prediction points 2816 411 394 419

Table 1.4  Prediction Groups

Using the observed mosquito count and the seven covariates, we obtained mosquito
count predictions at prediction points and assessed the prediction accuracy by com-
paring the predicted values to the observed count. The bias of the predicted values,
i.e., the difference between the observed mosquito count and the predicted per pre-
diction group, is summarized by boxplot in Figure 1.6(a). As expected, Group 4 has
the highest bias both in the magnitude (-100 to 150) and in the proportion (= 20%).
We further investigated the predictions with substantial bias, in both positive (under-
estimation) and negative (over-estimation), which is denoted by dashed line in the
box plot. Only Group 4 (higher number of weekly mosquito observations) has sub-
stantially large positive bias. That is, the model underestimates true values when
the observation is extremely high. This result comes with no surprise because the
proposed model prediction is the spatial and temporal average of neighboring ob-
servation. Not only positive, but also substantially high magnitude of negative bias
is obtained in Group 4, which is also explained by examining the spatial pattern of
trap sites and the corresponding week with high biases. Model predictions at a num-
ber of trap sites that belong to Group 4 are either over- or under-estimated, which
might be due to the fact that their observed mosquito counts in consecutive weeks
were varying significantly and the proposed model could not capture such dynamic
changes.

Both Figures 1.6(b) & 1.7 show the week and the location of trap sites with sub-
stantial under- or over-predictions, respectively. The over-estimation is obtained
across a wide range of week 26 to the week 36, while the under-estimation is ob-
tained in the middle of summer (weeks 29 - 34). This poor performance of the
model might be due to spatially and temporally local variations occurred during the
mosquito trapping.

1.4 Summary & Conclusions

We proposed a geostatistical spatio-temporal model to predict missing observations
by combining the effects of meteorological and environmental conditions on WNv
mosquito abundance with a stochastic spatio-temporal random field within a poisson
generalized linear mixed model (Diggle & Ribeiro 2007). The proposed geostatis-
tical spatio-temporal model takes into account the discrete counts in nature of the
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mosquito surveillance data and accommodates the spatially and temporally corre-
lated error structure.

We identified factors that account for the variation in WNv vector population,
including average temperature, NDVI index, and the dummy variable for year, and
modeled the spatio-temporal fluctuations remaining in residuals by a stochastic spatio
temporal random field. One of the major issues to apply the proposed geostatistical
space-time model to mosquito surveilance data is the presence of non-stationarity,
which affects the predictive power of the proposed model. To address the non-
stationarity problem in the current study, we used a moving local neighborhood
where the study region and time domains are divided into homogeneous sub-units.
Within a spatio-temporal neighborhood whose boundary is drawn on the basis of
trapping frequency and the marginal distribution of the observed data to meet a quasi-
stationarity decision, we derived a space-time covariance model and obtained the
conditional expectation of the unobserved spatio-temporal mean process underlying
mosquito count data at any permanent trap site with missing values. A log trans-
formed predicted mean count of the latent spatio-temporal field was then obtained
by combining a drift estimate and the local simple kriging residual prediction using
spatially and temporally adjacent neighboring residual data. The predicted mosquito
counts are accompanied with the measure of uncertainty associated with prediction
based on spatial and temporal data configuration with respect to the target prediction
point as well as the joint space-time covariance structure.

The model assessment is conducted using a cross-validation technique, which
shows that the model prediction of extreme values is likely to involve high biases
compared to the prediction of average count. We expect the results of bias analy-
sis and uncertainty associated with spatio-temporal prediction of mosquito counts
will be used to guide the sampling design in mosquito control programs, which will
facilitate control efforts and reduce transmission risk to humans.

In summary, we demonstrated the application of the proposed geostatistical spatio-
temporal model to missing data prediction problem and reported the prediction ac-
curacy associated with predicted values. While we limited our goal to site-specific
predictions in the current study, the proposed model could be further extended to
estimate a entomological risk surface. To maintain the predictive power, however, it
is necessary to use predictors at finer spatial scales and temporal intervals. As dis-
cussed in the result section, the uncertainty measure, i.e., prediction error variance,
reported in the current study can be further explored, since they are independent of
the attribute value and depend only on the spatial and temporal configuration and the
joint spatio-temporal correlation error structure. The potential uses of uncertainty
measures associated with predicted values are diverse: they can be used as a means
of assessing the reliability of the predicted mosquito counts, but also they can be
used as a guideline design the following surveillance, i.e., where to place a trap site
to improve the risk estimates of exposure to WNv infection or to close an existing
trap site to minimize redundancy, and how often the trapping efforts should be made
during trap season.

In future work, we will conduct a systematic evaluation of the uncertainty asso-
ciated with predicted missing observations, for example, using a spatial stochastic



simulation in a Monte Carlo framework, but also we will assess the risk of exposure
to WNv by combining entomological risk map with other sources of surveillance
data, e.g., avian surveillance data and human case data. The inherent weakness of
different types of surveillance data, i.e., mosquitoes, dead birds reports and testing,
and the mandatory human case reports, perhaps, can be accounted for by taking an
hybrid approach (Winters et al. 2008).
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