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ABSTRACT 

AN INVESTIGATION OF WEST NILE VIRUS SURVEILLANCE IN ONTARIO,  

2002 – 2008. 

Andrea Lynn Thomas     Advisor: 

University of Guelph, 2019    David L. Pearl 
 

 

This thesis is an investigation of the utility of data on dead corvids found by the public 

and tested in surveillance for West Nile virus (WNv) in Ontario, Canada. The aim of this thesis 

is to improve understanding of the predictive ability of dead wild corvids in the surveillance of 

WNv for human infections. Surveillance data obtained through citizen reports of found dead wild 

corvids (American Crows, Ravens, Magpies and Jays), some of which were submitted for WNv 

testing, are examined for their relative time-to-detection and consistency in time and space 

compared with trapped mosquito and human clinical case data between 2002 - 2008. Phone call 

reports obtained from citizens across Ontario during 2002 were also explored for their 

association with sociodemographic factors, and for their timeliness and reliability in WNv 

detection compared with test-positive corvids.  

Based on results from survival analysis, the dead corvid surveillance program identified 

WNv within public health units in Ontario more quickly, and were more predictive of human 

cases, than mosquito testing during the first few years of surveillance. During the later years of 

the study period, mosquito testing showed faster time-to-detection. Regional and 

sociodemographic factors influenced the speed of detection, depending on the surveillance 

modality. Clusters of early seasonal WNv-positive mosquitoes identified using scan statistics 



 

 

 

 

were spatially alike to, but not predictive for clusters of early seasonal human clinical cases. A 

cluster of early WNv-positive corvids preceded a spatially similar cluster of human cases after 

influencing geographic and sociodemographic factors were accounted for. Rates of phone call 

reports of dead corvids were also associated with sociodemographic factors within small areas 

across the province. Ultimately, the phone calls alone were not as timely or specific in 

comparison with the testing of corvids in the identification of areas with WNv. The data obtained 

through the help of citizens in Ontario provided a timely and effective approach to surveillance 

of a disease that was identifiable through observation of their surrounding environment. 

However, knowledge of the underlying factors influencing citizen reporting rates is important to 

allow informed adjustments for cluster detection to reduce confounding bias.  
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Chapter 1: Introduction, literature review, and study objectives 

Introduction 

 
 Emerging infectious diseases (EIDs) are causing significant increases in  epidemics 

worldwide [1]. Most of these epidemics have been identified as zoonotic infections [1, 2], the 

majority of which have been caused by viruses originating in wildlife [3]. The emergence or re-

emergence of viral zoonoses is considered a result of increased interactions between wildlife, 

humans, and domesticated animals [4, 5]. These interactions at the human-animal interface are 

likely to increase due to pressures including increasing human populations, fragmentation of 

landscapes through urbanization, agriculture and other human activities contributing to 

deforestation, and increasing global trade and travel. Reduced biodiversity of wildlife 

populations [6] and a changing climate [7] are other factors which may lead to increased rates of 

zoonotic infectious disease emergence and spread. These trends, combined with concerns over 

potential threats to animal and human populations through bioterrorism, highlight the need for 

efficient surveillance to identify EIDs promptly and facilitate timely public health interventions 

aimed at limiting disease spread.  

 West Nile virus (WNv), a vector-borne disease transmitted by mosquitoes, was introduced 

into North America beginning in 1999. West Nile virus exists in a natural amplification cycle 

between mosquitoes and wild birds and infects humans and other mammals as dead-end hosts. 

This arthropod-borne virus (i.e., arbovirus), which was previously associated with asymptomatic 

or mild febrile symptoms in humans, caused epidemics in Europe and northern Africa in the 

1990s characterized by severe neurologic disease in humans, and mortality events in wild birds 

[8]. A series of diagnostic efforts lead to the discovery that WNv was the cause of encephalitis 
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clusters in humans and horses in New York State, and high mortality events in American crows 

and other bird species at the Bronx Zoo [8-10]. A concerted surveillance response in affected and 

bordering jurisdictions, including those in Ontario, was quickly established [11].  

 In Ontario, surveillance activities soon after the introduction to North America included 

testing of dead birds submitted by the public, and active surveillance of suspected mosquito 

vector species [11]. During 2001, the collection of dead birds for testing was restricted to 

members of the Corvidae family, which includes blue jays, crows, magpies and ravens, after it 

was recognized that these species have particularly high susceptibility to infection and high 

mortality rates [12]. These are also large, easily recognizable birds, making them particularly 

well-suited for the collection of surveillance information from citizens and locating specimens 

for testing. The first human case of WNv in Ontario was reported in 2002, and WNv very 

quickly spread across much of Canada. Within a few years the disease had caused the largest 

epidemic of arboviral encephalitis ever witnessed in North America [11].  

In Canada, up to and including 2018, more than 5,300 human cases have been confirmed 

[13], and WNv is considered endemic to Ontario. Since most human cases are asymptomatic, the 

Public Health Agency of Canada (PHAC) has estimated between 18,000 – 27,000 additional 

Canadians have been infected by WNv [14]. Human outbreaks occur seasonally to varying 

degrees due to factors involving weather [15-17], bird behavior and population changes [18], 

human socioeconomic dynamics [19, 20], mosquito species distributions [21], mosquito 

behaviour [22] and genetics [22, 23], as well as viral genetics [24] and evolutionary changes 

[25]. Overwintering female mosquitoes and trans-ovarial transmission are the biological 

mechanisms which explain annual viral resurgence and begin amplification cycles each year 

[38].  
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 Some researchers have evaluated Canadian surveillance programs for West Nile virus 

[26], but there has been limited evaluation of the dead corvid surveillance that was performed 

during the initial years of the WNv experience in Ontario. This thesis will explore the following 

types of data descriptively, using survival analyses and spatial statistics, to determine their 

relative performance in terms of time-to-detection in public health units in Ontario; dead corvid 

reports by citizens across Ontario, results from dead corvids submitted for WNv testing, 

mosquito trapping and testing data, and human case reports. Of additional interest is whether 

phone call reports from over 12,000 Ontarians in 2002 reflected the presence of West Nile virus 

in public health units, and how sociodemographic factors influenced citizen-derived dead corvid 

reporting rates.  

Literature review 

 This literature review will summarize what is currently known about West Nile virus in 

terms of its pathobiology and epidemiology, provide a brief history of the disease, and present 

surveillance and control approaches for public health. The main methods used in the following 

chapters, namely, survival analysis and spatial scan statistics, will also be described. Lastly, a 

summary of some recent research on the use of citizens in data collection for disease 

surveillance, referred to as “citizen science”, will follow. 

West Nile virus pathobiology, transmission, and epidemiology  

West Nile virus (WNv) is a member of the Flavivirus genus, in the family Flaviviridae. 

Most flaviviruses are arthropod-borne (i.e., arboviruses), so called because of their requirement 

to complete their life cycle within arthropods, most commonly mosquitoes [27]. West Nile virus 

belongs to the Japanese Encephalitis virus (JEV) serogroup, which includes JEV, Murray Valley 
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Encephalitis virus and St. Louis Encephalitis virus [28]. The common pathological feature of 

flaviviruses is their ability to cause neuro-invasive diseases [29]. Flaviviruses are spherical in 

shape, between 40-60 nanometers in diameter with a lipid envelope [27]. Their complex 

structure prevents immune destruction in hosts, enabling transmission and replication, and  

unique non-coding single-stranded RNA modulates their pathogenicity [27]. The natural hosts of 

WNv are wild birds, with varying degrees of pathogenicity observed among different species 

[30, 31]. While the disease is usually spread by mosquitoes, horizontal transmission has also 

been documented in some bird species [32].  

West Nile virus replicates and amplifies within mosquitoes and birds in a cycle that 

depends on interactions between the pathogen, vector (i.e., mosquitoes), and host (i.e., birds). 

Humans and other mammals can be infected as a result of spill-over from this enzootic cycle, 

and are considered ‘dead-end’ hosts, incapable of further transmission. Mosquito and bird 

population dynamics, genetic variation of vectors, vector competence (the ability of a mosquito 

to transmit the virus, (i.e., transmissibility)), and virulence of the virus strain also influences both 

the amplification of the virus within bird populations and the human transmission rate [23, 33-

35]. A variety of factors including temperature, rainfall, land cover, and wind patterns have been 

shown to influence viral replication, amplification, and transmission in North America, Europe, 

and Asia [36]. For example, temperature is directly related to vector distribution (i.e., limiting 

mosquito species below certain latitudes and altitudes), mosquito growth rates [23, 37], survival 

of overwintering females [38], longevity of immature and adult mosquito life stages [39], 

mosquito feeding behaviours, and viral competence [34]. Higher temperatures produce 

exponentially faster viral replication within the mosquito mid-gut [23, 33]. A study using 
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meteorological data showed that anomalous temperature and precipitation patterns are associated 

with increased incidence of WNv cases in humans in the U.S. [40].  Using satellite imagery, 

geospatial studies have also found associations between human cases and topographical 

landscape features like tree cover [41], while warmer temperatures and rainfall in areas with 

higher vegetation were predictive of WNv-infected mosquitoes in a previously WNv-free area of 

Virginia [42].  

A key mosquito complex of species involved in human transmission is the Culex pipiens 

complex, owing to its adaptation to urban and suburban environments, and preferential biting of 

both birds and mammals [19, 43]. The role of migratory birds in long-range dispersal of WNv is 

suspected based on evidence of high viremia in infected migratory passerine species displaying 

normal migratory behaviours while under captive conditions [44]. Shorter flights are also likely 

to set up areas of local amplification in mosquito populations [11, 45]. One study found evidence 

of a shift in the preferential feeding-behaviour of ornithophilic mosquitoes from birds to humans 

during late summer, when migratory birds are less abundant [22]. Anthropogenic factors 

including housing quality, drainage of stagnant water sources, and human behaviors are also 

associated with higher incidence of human clinical cases [46-48]. One unique study investigating 

abundance of immature and mature mosquitoes in Baltimore found that during a hot, dry summer 

there were more mosquitoes in areas with higher socioeconomic status. The authors postulated 

that this was potentially due to the higher socioeconomic areas having more shaded container 

habitats available for larval development in comparison to lower socioeconomic areas that had 

more discarded containers but which had dried out by mid-summer [48]. 
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Corvids, which include crows, magpies, ravens, and jays in North America, are a 

particularly susceptible family of birds that demonstrate mortality rates up to 100% upon 

infection [49, 50]. Over 300 bird species in North America have shown variable susceptibility to 

infection, and varying severity of disease [49, 51]. Some bird species, including the American 

Robin, are thought to be important in dispersal and amplification of WNv due to their low 

susceptibility to disease and high competence in transmitting the virus to mosquitoes [52]. The 

Corvidae in contrast show viremia rising within 1-3 days with the average peak viremia reached 

by 4 days post-infection, and rapid mortality shortly thereafter [50]. However, most bird species, 

along with over 30 mammals, several reptiles, and amphibians that can become infected with 

WNv, do not develop sufficient levels of viremia for further transmission [49].  

While most human WNv infections are asymptomatic, around 20% of infections result in 

non-specific febrile illness, the clinical signs of which can include fever, headache, and body 

aches. When the virus escapes the peripheral blood stream and crosses the blood-brain-barrier, 

which occurs in approximately 1% of those infected, encephalitis or meningoencephalitis ensues. 

These severe types of infections can present initially with a high fever, neck stiffness, severe 

headache and disorientation, and can lead to coma and death [53]. Around 10% of these cases are 

fatal. There is evidence that variation in genes responsible for immune regulation among infected 

humans is partially responsible for differences in disease severity [54]. Treatment consists of 

supportive care, and there is currently no licensed vaccine for human protection, though vaccines 

exist for use in horses.  

Recent research has also begun to reveal prolonged symptoms and long-term sequelae of 

West Nile virus infections. Nearly one third of people who were subjectively evaluated after 
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being infected with West Nile virus in Houston described fatigue that lasted a median of 5 years, 

presumably due to high levels of pro-inflammatory and antiviral cytokines [55]. Other studies of 

the same cohort from Houston found that the survivors of neurologic disease had lasting 

neurologic impairment for up to 8 years after infection [56]. Furthermore, retinopathy was 

evident in 24% of all cases and almost half of patients who had recovered from neuro-invasive 

disease and lasted a median duration of 6.8 years post-infection [57]. A study of a cohort of 

WNv cases in New York City found that younger age was associated with improved outcomes 

post-infection, but only 37% of patients had recovered fully by 1 year [58]. A Canadian study 

found that the quality of life of survivors from neuro-invasive disease were comparable to non-

neuro-invasive cases after 1 year of follow-up [59], but the presence of comorbidities was found 

to significantly predict lower post-infection quality of life.  

West Nile virus history and surveillance in Canada 

West Nile virus (WNv) was first identified in 1937 in Uganda [60]. Until the mid-1990s 

WNv was associated with sporadic outbreaks of mild illness in humans in Africa, the Middle 

East, and Europe [61]. Subsequently, strains of WNv appeared to cause higher morbidity and 

mortality in humans and horses in parts of Europe, North Africa, and the Middle East [62]. A 

strain of WNv implicated in outbreaks of mortality in domestic geese in Israel was homologous 

to the strain that emerged in New York State, United States (U.S.) in 1999 [63]. The disease 

agent was initially identified in and around New York City, after the recognition of concurrent 

outbreaks of severe meningoencephalitis in humans, native wild birds (particularly crows), and 

captive exotic birds at the Bronx Zoo [64]. There are two lineages of WNv; the lineage 

responsible for the outbreaks in North America was lineage 1. The original lineage isolated in 
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Uganda is termed lineage 2, and this has been the cause of recent outbreaks in Hungary, Austria, 

Greece, and Italy [65]. 

 

After WNv was identified and activity reported in the northeastern U.S. near the 

Canadian border in 1999, surveillance activities for its detection and monitoring were initiated in 

Canada by the following spring. These activities were coordinated by the Canadian Wildlife 

Health Cooperative, Health Canada, and provincial Ministries of Health [66], and included 

reporting of human and equine cases, trapping and testing of speciated groups of female 

mosquitoes (called mosquito pools), collection and testing of corvids found dead and reported by 

the public, and sentinel surveillance using chickens [11]. At the time, monitoring of dead corvids 

was thought to be the best way to monitor for spread of WNv [66] . Individual public health units 

(PHUs) discontinued dead corvid testing after approximately 4-7 birds tested positive for WNv 

each year, as a strategy to conserve public health resources. The first WNv-positive mosquitoes 

and dead corvids were detected in Ontario in 2001, the first human case was reported in 2002 

[11], and WNv was found in all public health units (PHUs) in Ontario by the end of the 2002 

surveillance season [32]. In 2003, active surveillance of mosquitoes through trapping and testing 

became more widespread and was extended over all PHUs in Ontario. By 2004, WNv had spread 

over much of North America [32].   

West Nile virus surveillance and predictive models for control 

A number of approaches have been taken towards detecting the presence of WNv in a 

timely, sensitive manner in various jurisdictions affected by WNv in North America and Europe. 

Most common elements of WNv surveillance programs include the trapping and testing of 
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mosquitoes, human and equine case reporting, and dead bird reporting, collecting, and testing for 

the virus. Less common components include testing of chickens and game birds as sentinel 

species for the presence of the virus in the wild [11, 46, 67]. Due to the strong influence of 

environmental parameters on WNv transmission, there have been numerous research studies 

focused on predicting disease risk based on environmental factors related to entomological and 

viral transmission cycles [21, 42, 68-71], positive mosquitoes [72] and positive dead corvids [69, 

73]. Mosquito sampling and trapping strategies have improved over time, based on research 

studies and first-hand experience monitoring mosquito vector populations for WNv and other 

arboviruses worldwide [74]. However, due to the complexities involved in WNv distribution and 

transmission and the inherent difficulty in surveilling for the presence of the disease in vector 

populations, predicting areas of higher risk on a fine-scale continues to prove challenging in 

affected regions of the world [43].  

Survival analysis 

Survival analysis, also known as time-to-event analysis, is concerned with the study of 

censored data. Outcomes can be multiple, repeatable, or non-repeatable, and the time used to 

measure the outcomes can be discrete or continuous [75]. The two important outcomes in 

survival data are: 1) whether the outcome occurred, and, 2) if it occurred, when the outcome took 

place. Several different measures used to describe survival data can be estimated. The 

conditional failure rate, or instantaneous hazard (denoted h(t)), is the rate at which a randomly-

selected subject experiences the event at time (t). The survival function (S) represents the 

probability of not experiencing the event of interest (i.e., surviving), up to each measurement 

time. This can be represented as: S(t) = P(T > t) = 1 - F(t), where T is the time-to-event, a 
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positive random variable, and F is the cumulative distribution function, or probability of the 

outcome occurring prior to time (t). A similar statistic called the hazard function gives the 

probability that the outcome will occur, at time unit (t), given that the outcome has not occurred 

up to then. The hazard function is expressed as:  

h(t) = limdt®0(P(t £ T, t + dt | T ³ t) 
dt 

and reduces to h(t) = P(T = t|T ³ t), and Pr(T = t)/S(t – 1) when T is discrete. The cumulative 

hazard function gives the expected number of outcomes, or accumulated hazard, over time. This 

is denoted as H(t), and is an integration which is usually measured as H(t) = - lnS(t) [75].  

The important concept unique to survival analyses is censored observations (i.e., 

censoring). Censoring refers to observations where the outcome of interest has not occurred by 

study end, possibly because the subject under study was lost to follow-up, or because the 

outcome did not occur. Hence, censoring represents incomplete information since one does not 

know whether the outcome was experienced, and if so, how much longer after the study end that 

the outcome would be experienced [76]. This is known as right censoring. Left censoring 

happens when the outcome has already taken place prior to the study period (and one does not 

know when the observation period for the individual started). Interval censoring is the lack of 

information on the time-to-event when the event occurs during a period between measurements. 

Unless censoring is random and non-informative, careful handling is required to minimize bias, 

particularly when censoring is high or with small sample sizes [77]. Bayesian methods have been 

proposed to deal with issues of informative censoring or censoring that is conditional on 

covariates [78, 79]. Shared frailty models can be utilized to control for clustering, such as in 

multi-centered clinical trials[80], multi-site surveillance data, or recurrent outcome data [81]. 
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Kaplan-Meier survival curves and cumulative hazard curves are descriptive statistics used 

to summarize and visualize time-to-event data. This can include estimate values such as the 

median survival time. The Kaplan-Meier method is based on the number of subjects present at 

the start of the period, adjusted by the number of individuals that experienced the event and the 

number of censored subjects in the previous period. For tied failures (i.e., those observations 

where the event was experienced) and censored observations, the failures are assumed to occur 

first. Other methods for survival data including the Flemington-Harrington estimator, which is 

based on cumulative hazards, but is biased in the presence of tied observations [75, 76]. 

Tied survival times occur when the time interval used for recording is not continuous, 

and analyses will be biased if there are many tied observations. Methods for dealing with tied 

outcomes include the Breslow approximation, where each of the tied observations contributes to 

a partial likelihood along with the observations for which an outcome did not occur.  The Efron 

method is similar to the Breslow method except each tied observation is weighted as a proportion 

of the total tied observations. Exact partial likelihood is a computationally intensive method 

based on the assumption that no two observations occur simultaneously, and takes the average of 

all possible orderings of outcomes for the tied observations [75, 76].  

Comparing the survival of one group, or region in the case of spatial analyses, to another 

can be done using various methods. While there are no generally accepted guidelines for 

choosing the appropriate approach for testing for significantly different survival between groups, 

each has merits depending on the data. If there are no censored observations and the groups are 

independent, the Mann-Whitney or Wilcoxon tests can be used, while the Sign test is appropriate 

if the groups are not independent. The log-rank test, (comparable to a Mantel-Haenszel c2 test), 

is commonly used to assess survival amongst groups when data are progressively censored, and 
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equally weighs observations irrespective of failure times. The Breslow test can be used for data 

which are progressively censored, it weighs early failures more than late failures, and is more 

powerful than the log-rank test if the hazards are not parallel between groups and censoring is 

low. If censoring is high, the Efron approximation of confidence intervals and the Wald test have 

been recommended [75, 82, 83]. 

Of importance for epidemiological and clinical studies are methods to evaluate the effect 

of different covariate factors on the time until the event of interest or censoring occurs. Methods 

can be parametric, which assume the distribution of survival times is known, non-parametric, 

which relax assumptions of the baseline hazard distribution, or semi-parametric, where the 

baseline hazard distribution is unknown but assumed positive [75]. One of the most popular 

semi-parametric models for evaluating the effect of covariates on the time-to-event in 

epidemiological studies is the Cox proportional hazards (PH) model. This model is relatively 

straight-forward to implement, since there is less structure than a parametric model and 

covariates can be easily incorporated. However, drawbacks to this modeling approach include 

the absorption of errors into the coefficients, the inability to estimate the baseline hazard, and the 

inability to calculate rates (instead, only relative differentials between covariates are estimated) 

[84]. An important requirement of Cox PH model fit is that the hazards of covariates are 

constant. Diagnostic statistics to assess the proportional hazards assumption include the 

“Grambsh-Therneau test” and a plot of the “cumulative hazard” against time [85].  

Violations of the PH assumption of the Cox model make estimates from these models 

invalid. Fortunately, there are several methods available for dealing with violations. The model 

can be stratified by the offending (categorical) covariate(s), which effectively generates a new 

baseline hazard for each stratified covariate. However, the effect of the stratified covariate will 
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be absorbed into the baseline hazard, and one cannot determine a hazard ratio for the covariate. If 

the hazard ratio for the covariate is important, or if it is continuous, the inclusion of a time 

interaction with the covariate, (i.e., the creation of a time-varying covariate, either in linear or log 

form), will relax the PH assumption [75]. Either of these methods, however, limit further ability 

to test interactions between the changed (stratified or time-varying) covariate and other 

covariates of interest, and it becomes more difficult to interpret the effect of these covariates 

using these approaches [86].  

An alternative approach to the semi-parametric Cox PH model is to use parametric 

survival models, which specify the distribution of the survival function. These models can be 

particularly useful for predicting survival [86], and should be chosen if the Cox PH model 

assumption of proportional hazards does not hold for all covariates and methods for dealing with 

this violation are not appropriate. Parametric survival models can take several forms: 

proportional hazards models like the Cox model, but which assume a distribution for the baseline 

hazard [87]; accelerated failure time (AFT) models (with an accelerating or decelerating rate of 

decreasing survival function) [88]; and additive models in which the covariates affect the hazard 

additively [89].  

Parametric distributions include the following: the exponential (including the Weibull 

and generalized gamma), log-logistic and log-normal. The exponential distribution has a constant 

hazard (H(t) = gt), and the survival function is S(t) = exp(-gt). The Weibull can be considered a 

generalized exponential distribution, where the hazard function H(t) = gtp, where p is the shape 

parameter. When p > 1, the hazard is increasing, when p < 1 the hazard is decreasing, and when 

p = 1 the distribution reduces to the exponential. The log-logistic distribution has a non-

monotonic hazard function, whereby the hazard rate initially increases before decreasing 
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monotonically, or continually decreases. The log-normal distribution is similar to the log-

logistic, with a non-monotonic increasing hazard from 0 to a maximum, before decreasing 

monotonically to approach 0. Finally, the generalized gamma distribution has a hazard which 

increases monotonically with a shape parameter > 1, decreases monotonically with a shape 

parameter < 1, and is equivalent to the exponential distribution when the shape parameter = 1 

[75, 86]. Model choice can be difficult but is usually based upon assumed hazard distribution(s), 

and models can be compared using various information criteria (e.g., Aikake’s Information 

Criterion (AIC)) to choose the distribution providing best overall fit. Recently, the use of 

artificial intelligence methods appear to be robust to parametric distribution misspecifications 

and minimize prediction errors [90]. 

In the medical literature, survival analyses have often been applied to cancer studies [84, 

91-95], but some interesting applications to infectious disease data have also been published. For 

example, survival analysis methods have been used to estimate the contact interval distribution 

(considered to be equivalent to the hazard function) over the course of the 2009 outbreak of 

influenza A(H1N1) using household surveillance data [96]. When the contact pattern was 

known, the Nelson-Aalen estimator was used to determine an unbiased estimate based on 

Weibull and exponential contact interval distributions. The same Nelson-Aalen estimator was 

used for data on unobserved transmission networks, and an EM algorithm was applied to all 

possible transmission patterns until convergence on a nonparametric maximum-likelihood 

estimate of the cumulative hazard function was reached. In another study, Kenah et al. provided 

a framework for linking infectious disease parameter estimation to phylogenetic transmission 

trees to reveal transmission patterns during infectious disease outbreaks [97]. An important 

finding from this research group using historical data collected during the 2001 Foot and Mouth 
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Disease outbreak in the U.K. revealed the importance of including data on uninfected farms, 

individuals, or other units of analysis (e.g., households, hospitals, schools), since hazard 

estimates were found to be highly sensitive to the population at risk [97]. However, studies 

applying survival analysis to infectious disease data appear to be quite rare in the literature, and 

its use for understanding surveillance data related to West Nile virus has not been previously 

described. 

Disease clusters and the spatial scan statistic 

 A disease outbreak is the occurrence of cases more than what would normally be expected 

in a defined community, geographical area, or season [98]. Detection of high disease rates in 

space, time, and space-time allows for identification of disease outbreaks and analyses of drivers 

including environmental and sociodemographic factors. Timely identification of disease 

outbreaks provides actionable information for targeting preventive measures to limit disease 

spread and conserves public health resources. Types of data used for outbreak detection include 

diagnostic and pre-diagnostic data (i.e., ‘syndromic’ surveillance), and newer volunteer-

generated (i.e., “citizen science”) [99], and social media-derived data [100]. Various statistical 

methods have been developed and applied to different types of disease data for the identification 

of excessive cases in time, space, and space-time. These include time-series analyses, spatial 

analyses, and cluster detection methods [76], the latter being the focus of subsequent discussion. 

 Purely temporal clusters can indicate diffuse outbreaks that are not localized to a single 

area, while spatial clusters may also improve the understanding of underlying risk factors and aid 

in targeted interventions. Clusters of disease cases in space-time (i.e., cases which are located 

closer than would be expected in both time and space irrespective of temporal trends and the 

underlying population distribution), can be a sign that a disease outbreak has an infectious cause, 
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and when present for a limited time in a focal area, can signal an infectious disease outbreak 

[101]. Prospective spatiotemporal cluster detection can identify disease outbreaks in a timely 

manner, as was described for the detection of dengue outbreaks within villages in Taiwan [102], 

and can be used to guide active surveillance and investigate causal factors.  

Various methods for detection of disease clusters in space, time, and space-time have 

been reported in the literature [103-105]. Typically, a global cluster test (e.g., the nearest 

neighbor test or Moran’s I), and/or temporal cluster tests (e.g., CUSUM and scan statistic), 

evaluate whether disease cases exceed that expected either in space or time. Subsequently, tests 

for clusters of excessive cases in both space and time (i.e. space-time) are executed. One of the 

most frequently used methods in disease surveillance, and the cluster detection method utilized 

for this thesis, is the spatial scan statistic developed by Martin Kulldorff [106]. The spatial scan 

statistic can be used to detect and locate clusters of cases, in space, time, or space-time. Based 

upon the likelihood ratio test, this method identifies locations of unusually high and/or low 

numbers of cases within a spatial, temporal, or space-time window of varying sizes.  Monte 

Carlo simulations are then used to estimate the p-value of each identified cluster. The null 

hypothesis is rejected if the number of cases within the scanning window is significantly lower 

and/or higher than expected under a random distribution [106].  

 Different spatial scan statistic models have been proposed to accommodate a variety of 

data situations. For example, clusters of disease can be investigated using a discrete Poisson, 

Bernoulli or space-time permutation model [106, 107]. The spatial scan test under the Poisson 

model assumes count data for the cases and population at risk, whereas the Bernoulli distribution 

model requires a case and control dataset [108]. The space-time permutation model is only based 

on case data for the locations and time each case was observed [108]. While it requires a fairly 
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stable background population, the space-time permutation model is an appropriate method for 

outbreak detection owing to its ability to correct for purely spatial and/or temporal clusters [108]. 

A model based on an exponential distribution has been developed for cluster detection using both 

censored and uncensored survival data [109], which was applied for this thesis.  

Approaches to the spatial scan statistic have also been developed to allow for control of 

risk factors or confounding variables by adjustment of covariates within the data [110]. Recently, 

a method for detection of irregularly shaped clusters has been described which uses graph 

structure to incorporate geographical factors that might influence direction of disease spread and 

cluster shapes [111]. Many tests designed to detect space-time interaction, including the spatial 

scan statistic with a space-time permutation model, are susceptible to population shift bias [112]. 

This issue can occur when shifts in the background population distribution create an interaction 

in space and time that is not related to increased disease risk. The magnitude of bias is dependent 

on the population dynamics within the geographical area, and is more likely when investigating 

clustering over longer time periods because there has been more time for population shifts to 

occur, but in some instances has also been found to be significant for short duration studies [112, 

113].  

Citizen science for disease surveillance 

 Citizen science has been broadly defined as “the public involvement in inquiry and 

discovery of new scientific knowledge” [114]. Under this definition, the West Nile virus 

monitoring program can be considered an example of public involvement for the collection of 

disease monitoring information (i.e., dead corvid reports), which also enabled the collection and 

submission of corvid carcasses for testing. The earliest documented example of public 

participation in scientific data collection dates back over 1900 years to China, with annual 
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records of locust outbreaks across Chinese prefectures [115]. Citizens are increasingly being 

recognized for their potential to contribute meaningfully to ecological research and disease 

surveillance [99, 116, 117]. The volume of studies which include the term ‘citizen science’ in the 

peer-reviewed literature has been rising exponentially since around 2009 [118]. However, the use 

of publicly-collected data for scientific study has been under-reported, particularly where the 

public have collected long-term data on migratory birds [119]. Some citizen science studies 

involve active participation by the public in the gathering of information for wildlife and public 

health disease surveillance [99, 120]. In fact, ‘citizen surveillance’ is a relatively new term 

defined as ‘any type of activity conducted by volunteers, recruited or not, that results in 

monitoring or surveillance data’ [121]. Examples of citizen surveillance include the following: 

monitoring of sick, injured, or dead wildlife across the United Kingdom (UK) and Canada 

through the Garden Wildlife Health Project [122] and the Canadian Wildlife Health Cooperative 

(CWHC) [123], respectively; submission of mosquito specimens across Germany [124], the UK, 

[125] and the Netherlands [126]; the submission of tick specimens in Canada [127, 128], Finland 

[129], and the Netherlands [130]. Recently, a mobile phone application was developed for 

farmers and health officials in Thailand to enable rapid communication of abnormal health 

concerns in domestic animals, with the aim of identifying zoonotic risks and prompting more 

timely field investigations [131]. The benefits of the citizen science approach include the ability 

to collect data over wide geographic ranges, or to monitor small areas intensively over time, at 

much lower costs than achievable by traditional active surveillance.  

In Texas, public participation in the collection of specimens of ‘kissing bugs’ 

(triatomines), the primary vector for Chagas disease in humans, proved highly successful for 

demonstrating their presence across the state, including in counties not previously considered 
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endemic for this insect [132]. An adult mosquito submitted through the ‘Mückenatlas’ or 

Mosquito Atlas project in Germany [124], and identified as Aedes albopictus, an invasive species 

otherwise known as the Asian tiger mosquito, was the first finding of this species that marked its 

establishment in Germany [133]. Several rare mosquito species that had not been found in 

decades in Germany through traditional trapping were also collected by the public [134], 

including Aedes japonicas japonicus, a competent vector for a number of important arboviruses 

including WNv [135]. The ‘Mückenatlas’ project has proven so successful that it is under 

consideration for implementation across Europe [124]. 

 A common element in the success of citizen science programs is the use of various 

methods of communication to the public requesting their participation [136]. Explaining the 

study purpose, providing background information, offering various options for two-way 

dialogue, and communicating results are other important components of these programs [137]. 

Providing non-sensitive study results through maps and other visualizations has been shown to 

improve citizen engagement [136]. The benefits of the citizen science approach to scientific 

information-gathering also extend to the participants themselves, by increasing their knowledge, 

interest, and engagement in the subject under study [138], improving their understanding of the 

scientific process [136], and enhancing their sense of involvement in the community [121, 136]. 

From a public health perspective, these programs provide opportunities for disease risk and 

prevention education within communities [129]. 

 Despite the success of these programs for providing surveillance data, which would 

otherwise be impossible to obtain at comparable volumes and geographic scales, it is important 

to consider the limitations and biases of citizen-acquired data. Data collected by the public for 

environmental monitoring and surveillance have been shown to complement, but should not 
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replace, pre-existing official monitoring programs [139]. A review of citizen science studies on 

data quality found moderate accuracy and agreement when citizen-acquired data were compared 

to data collected by scientists, but there was a significant difference between the data sources in 

almost 40% of observations [140]. A recent investigation into contribution patterns from citizen 

scientists across several studies has shown there to be distinct volunteer ‘profiles’ in terms of 

their engagement in the data collection process [141], which influence the data collected. 

Volunteer profiles ranged from so-called ‘dabblers’ who spent the least amount of time actively 

collecting data and had the highest periodicity of involvement, to ‘enthusiasts’, who were active 

over longer timeframes and contributed the most information but were relatively less common 

[141].  

 Efforts to minimize bias and improve accuracy in citizen science studies can be an 

ongoing process in long-term studies, and, when feasible, it is recommended that researchers 

collect reference data to help identify outlying results [140]. Types of bias that may be present in 

these data include sampling bias related to uneven sampling over time and/or space, uneven 

sampling effort by individuals, uneven detectability across time and/or space, and non-random 

error caused by varying levels of subject-matter knowledge amongst participants [141]. 

Systematic biases can also occur due to species misidentification or imperfect detection [142].  

To improve statistical analyses using data acquired through citizen engagement it is 

important to understand, quantify, and ultimately account for some of these biases. Data 

collected over large geographic ranges and timeframes can be particularly biased by spatial and 

temporal associations, including clustering due to opportunistic collection, convenience 

sampling, and varying volunteer interest over time [141]. Training and education of the public, 

data standardization, filtering of unusual results, and sub-sampling can help prevent sources of 
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error and bias related to data collection [143]. Despite a lack of studies investigating methods for 

correction of bias in citizen science research, many of the statistical approaches developed to 

address bias in other research contexts can be applied to research using citizen science data. 

Information related to sampling and, ideally, characteristics of the citizen reporters should be 

collected along with the surveillance data [144]. For example, if associations with external 

factors are known to influence the data collection and reporting, the information can be adjusted 

prior to analysis. In fact, correcting for these factors is critical in order to make inferences from 

citizen-acquired data [144].   

 Autoregressive models can be used when there is similarity of observations that are 

closer together in space and/or time. These models, however, are generally not suitable for 

presence-only data, or data with heteroscedasticity (uneven variance) [144]. In these situations, it 

is more appropriate to employ a mixed-effects or random-effects model to allow for the 

estimation across groups [144], for example, observations within different regions or by reporter 

characteristics that may have influenced reporting rates and data quality. Similarly, hierarchical 

models can be employed to control for systematic biases related to survey effort and spatial 

environmental heterogeneity if these factors are included in the study design [144]. To prevent 

over-fitting (modeling the outcome too closely) and over-parameterization (the inclusion of 

redundant information), researchers often select models using the Aikake information criterion 

(AIC) [76, 145], which help in selecting the best-fitting model while accounting for the number 

of variables included in the model. In addition to more traditional statistical models, newer 

machine learning approaches are proving useful for analyzing citizen science data because they 

do not depend on the data fitting a specified distribution, and instead use heuristic algorithms to 

describe the most likely associations between predictor variables and the outcome. However, 



 

 

 22 

machine learning approaches do not offer insight into the reliability of the results by providing 

estimates of uncertainty through confidence intervals and standard errors [144]. 

Presently, the surveillance of regional WNv activity informs local public health 

strategies, including public awareness campaigns to promote personal protection and reduce 

mosquito populations [146]. By evaluating the surveillance activities in Ontario, including 

citizen reports of dead birds and their collection and testing, and mosquito trapping and testing, 

the aim of this thesis is to improve understanding of the merits of these sources of information 

and potential biases that may influence their use in geospatial risk assessments. The additional 

insight gained by analyzing the sociodemographic factors associated with citizen reporting rates 

of dead corvids provides useful information on the underlying social factors that might be 

biasing these data for disease surveillance. Understanding spatial and sociodemographic 

associations with reporting rates can also improve messaging to the public. 

Objectives 

The usefulness of dead corvids in the surveillance of West Nile virus is the focus of this thesis. 

Specifically, the following objectives will be addressed to evaluate the utility of these data for 

West Nile virus surveillance: 

1. Compare dead corvids submitted and tested for WNv to mosquitoes trapped and tested, for 

their respective ability to detect, and timeliness of WNv detection, within public health 

units across Ontario (Chapter 2). 

2. Examine the influence of socio-demographic, temporal, and geographic factors on the 

speed of WNv detection using dead corvid and mosquito surveillance (Chapter 3).  
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3. Determine and compare space-time clusters of PHUs with early WNv detection using the 

dead corvid and mosquito surveillance data, before and after adjusting for factors that 

influence WNv reporting and detection (Chapter 3). 

4. Determine the utility of these spatial scan statistics applied to dead corvid and mosquito 

data sources for identifying unusually early WNv activity that might be of relevance to 

public health by comparing those results with clusters of early human cases (Chapter 3). 

5. Evaluate the timeliness and distribution of citizen phone calls reporting dead corvids in 

relation to the first WNv-positive corvids and the proportion of submitted carcasses that 

tested positive for WNv (Chapter 4). 

6. Investigate the distribution of clusters of unusually high rates of phone calls in time, 

space, and space-time, in comparison to clusters identified based on numbers and 

proportions of WNv positive birds among those tested (Chapter 4).  

7. Examine whether differences in carcass submission patterns may have influenced the 

space-time clusters of WNv-positive corvids previously identified (Chapter 4). 

8. Lastly, explore the citizen phone reports of dead corvids descriptively and for their 

associations with area-level sociodemographic factors, which may influence reporting 

rates (Chapter 5).  

 

References 

1. Jones, K.E., et al., Global trends in emerging infectious diseases. Nature, 2008. 
451(7181): p. 990-993. 

 
2. Tigi, W., et al., One Medicine- One Health: Implementing the vision in real-world public 

health. Adv in Dis Surv, 2007. 4: p. 204. 
 



 

 

 24 

3. Bosch, I., et al., West Nile virus, Venezuela. Emerg Infect Dis, 2007. 13(4): p. 651-3. 
 
4. Dobson, A. and J. Foufopoulos, Emerging infectious pathogens of wildlife. Phil Trans R 

Soc. Series B: Biol Sci, 2001. 356(1411): p. 1001-1012. 
 
5. Kock, R., Drivers of disease emergence and spread: is wildlife to blame? Onderstepoort J 

Vet Res, 2014. 81. 
 
6. Pongsiri, M.J., et al., Biodiversity loss affects global disease ecology. BioSci, 2009. 

59(11): p. 945-954. 
 
7. Mills, J.N., K.L. Gage, and A.S. Khan, Potential influence of climate change on vector-

borne and zoonotic diseases: A review and proposed research plan. Env Health Perspect, 
2010. 118(11): p. 1507-1514. 

 
8. Roehrig, J.T., West Nile virus in the United States - A historical perspective. Viruses, 

2013. 5(12): p. 3088-3108. 
 
9. Nash, D., et al., The outbreak of West Nile virus infection in the New York City area in 

1999. N Engl J Med, 2001. 344(24): p. 1807-1814. 
 
10. Rappole, J.H., S.R. Derrickson, and Z. Hubálek, Migratory birds and spread of West Nile 

virus in the Western Hemisphere. Emerg Infect Dis, 2000. 6(4): p. 319-28. 
 
11. Drebot, M.A., R. Lindsay, and I.K. Barker, West Nile virus surveillance and diagnostic: 

A Canadian perspective. Can J Infect Dis & Med Microbiol, 2003. 14(2): p. 105-114. 
 
12. Hochachka, W.M., et al., Impact of West Nile virus on American crows in the 

Northeastern United States, and its relevance to existing monitoring programs. 
EcoHealth, 2004. 1(1): p. 60-68. 

 
13. Government of Canada, Surveillance of West Nile virus. 2016  [cited 2017 June 13, 

2017]; Available from: https://www.canada.ca/en/public-health/services/diseases/west-
nile-virus/surveillance-west-nile-virus.html. 

 
14. Zheng, H., M.A. Drebot, and M.B. Coulthart, West Nile virus in Canada: ever-changing, 

but here to stay. 2014, Public Health Agency of Canada. 
 
15. Wang, G., et al., Dry weather induces outbreaks of human West Nile virus infections. 

BMC Infect Dis, 2010. 10: p. 38. 
 
16. Wang, J., N.H. Ogden, and H. Zhu, The impact of weather conditions on Culex pipiens 

and Culex restuans (Diptera: Culicidae) abundance: A case study in Peel Region. Journal 
of Med Entomol, 2011. 48(2): p. 468-475. 

 



 

 

 25 

17. Walsh, M.G., The role of hydrogeography and climate in the landscape epidemiology of 
West Nile virus in New York state from 2000 to 2010. PLoS One, 2012. 7(2). 

 
18. Janousek, W.M., P.P. Marra, and A.M. Kilpatrick, Avian roosting behavior influences 

vector-host interactions for West Nile virus hosts. Parasit Vec, 2014. 7: p. 399. 
 
19. Farajollahi, A., et al., "Bird biting" mosquitoes and human disease: a review of the role 

of Culex pipiens complex mosquitoes in epidemiology. Infect Genet Evol, 2011. 11(7): p. 
1577-1585. 

 
20. Bowden, S.E., Regional differences in the association between land cover and West Nile 

virus disease incidence in humans in the United States. Am J Trop Med and Hyg, 2011. 
84(2): p. 234-238. 

 
21. Bolling, B.G., et al., Modeling/GIS, risk assessment, economic impact: seasonal patterns 

for entomological measures of risk for exposure to Culex vectors and West Nile virus in 
relation to human disease cases in Northeastern Colorado. J of Med Entomol, 2009. 
46(6): p. 1519-1531. 

 
22. Kilpatrick, A.M., et al., West Nile virus epidemics in North America are driven by shifts 

in mosquito feeding behavior. PLoS Biology, 2006. 4(4). 
 
23. Kilpatrick, A.M., et al., Temperature, viral genetics, and the transmission of West Nile 

virus by Culex pipiens mosquitoes. PLoS Pathog, 2008. 4(6): p. e1000092. 
 
24. Botha, E.M., et al., Genetic determinants of virulence in pathogenic lineage 2 West Nile 

virus strains. Emerg Infect Dis, 2008. 14(2): p. 222-230. 
 
25. Amore, G., et al., Multi-year evolutionary dynamics of West Nile virus in suburban 

Chicago, USA, 2005-2007. Philosophical transactions of the Royal Society of London. 
Series B: Biological sciences, 2010. 365(1548): p. 1871-1878. 

 
26. Zheng, H., Evaluation and analysis of the Canadian surveillance system for West Nile 

virus, in Epidemiology and Community Medicine. 2012, University of Ottawa: Ottawa. 
 
27. Simmonds, P., et al., Family Flaviviridae, in Virus taxonomy: Ninth Report of the 

International Committee on the naming of viruses. 2012, Elsevier Inc. p. 1003-1020. 
 
28. Mackenzie, J.S., D.J. Gubler, and L.R. Petersen, Emerging flaviviruses: the spread and 

resurgence of Japanese Encephalitis, West Nile and dengue viruses. Nature Med Suppl, 
2004. 10(12): p. S98-S109. 

 
29. Melian, E.B., et al., NS1′ of Flaviviruses in the Japanese Encephalitis virus serogroup is 

a product of ribosomal frameshifting and plays a role in viral neuroinvasiveness. J Virol, 
2010. 84(3): p. 1641-1647. 



 

 

 26 

 
30. Llorente, F., et al., Flaviviruses in game birds, southern Spain, 2011–2012. Emerg Infect 

Dis, 2013. 19(6): p. 1023-1025. 
 
31. Pérez-Ramírez, E., F. Llorente, and M.Á. Jiménez-Clavero, Experimental infections of 

wild birds with West Nile virus. Viruses, 2014. 6(2): p. 752-781. 
 
32. Artsob, H., et al., West Nile virus in the New World: Trends in the spread and 

proliferation of West Nile virus in the Western Hemisphere. Zoonoses Public Health, 
2009. 56(6-7): p. 357-369. 

 
33. Richards, S.L., et al., Relationships between infection, dissemination, and transmission of 

West Nile virus RNA in Culex pipiens quinquefasciatus (Diptera: Culicidae). J Med 
Entomol, 2012. 49(1): p. 132-142. 

 
34. Anderson, S.L., et al., Effects of West Nile virus dose and extrinsic incubation 

temperature on temporal progression of vector competence in Culex pipiens 
quinquefasciatus. J Am Mosq Cont Assoc, 2010. 26(1): p. 103-107. 

 
35. Richards, S.L., et al., Impact of extrinsic incubation temperature and virus exposure on 

vector competence of Culex pipiens quinquefasciatus Say (Diptera: Culicidae) for West 
Nile virus. Vector borne and zoonotic diseases (Larchmont, N.Y.), 2007. 7(4): p. 629-
636. 

 
36. Paz, S. and J.C. Semenza, Environmental drivers of West Nile fever epidemiology in 

Europe and Western Asia—A Review. Int J Env Res Pub Health, 2013. 10(8): p. 3543-
3562. 

 
37. Reisen, W.K., Y. Fang, and V.M. Martinez, Effects of temperature on the transmission of 

West Nile virus by Culex tarsalis (Diptera: Culicidae). J Med Entomol, 2006. 43(2): p. 
309-317. 

 
38. Nasci, R.S., et al., West Nile virus in overwintering Culex mosquitoes, New York City, 

2000. Emerg Infect Dis, 2001. 7(4): p. 742-744. 
 
39. Andreadis, S.S., O.C. Dimotsiou, and M. Savopoulou-Soultani, Variation in adult 

longevity of Culex pipiens f. pipiens, vector of the West Nile Virus. Parasit Res, 2014. 
113(11): p. 4315-4319. 

 
40. Hahn, M.B., et al., Meteorological conditions associated with increased incidence of 

West Nile virus disease in the United States, 2004-2012. Am J Trop Med Hyg, 2015. 
 
41. Brownstein, J.S., T.R. Holford, and D. Fish, Enhancing West Nile virus surveillance, 

United States. Emerg Infect Dis, 2004. 10: p. 1129-1133. 
 



 

 

 27 

42. Jutla, A., A. Huq, and R.R. Colwell, Diagnostic approach for monitoring hydroclimatic 
conditions related to emergence of West Nile virus in West Virginia. Front Public Health, 
2015. 3: p. 10. 

 
43. Andreadis, T.G., The contribution of Culex pipiens complex mosquitoes to transmission 

and persistence of West Nile virus in North America. J Am Mosq Contr Assoc, 2012. 
28(4 Suppl): p. 137-151. 

 
44. Owen, J., et al., Migratory birds as dispersal vehicles for West Nile virus. Ecohealth, 

2006. 3: p. 79. 
 
45. Ciota, A.T. and L.D. Kramer, Vector-virus interactions and transmission dynamics of 

West Nile virus. Viruses, 2013. 5(12): p. 3021-3047. 
 
46. Reisen, W.K., et al., Repeated West Nile virus epidemic transmission in Kern County, 

California, 2004-2007. J Med Entomol, 2009. 46(1): p. 139-157. 
 
47. Harrigan, R.J., et al., Economic conditions predict prevalence of West Nile virus. PLoS 

One, 2010. 5(11). 
 
48. Becker, B., P.T. Leisnham, and S.L. LaDeau, A tale of two city blocks: differences in 

immature and adult mosquito abundances between socioeconomically different urban 
blocks in Baltimore (Maryland, USA). Int J Environ Res Public Health, 2014. 11(3): p. 
3256-3270. 

 
49. Komar, N., et al., Experimental infection of North American birds with the New York 

1999 strain of West Nile virus. Emerg Inf Dis, 2003. 9: p. 311-322. 
 
50. McLean, R.G. West Nile virus in North American birds. USDA National Wildlife 

Research Center - Staff Publications, 2006. 
 
51. Kilpatrick, A., S. LaDeau, and P. Marra, Ecology of West Nile virus transmission and its 

impact on birds in the western hemisphere. Auk, 2007. 124: p. 1121-1136. 
 
52. VanDalen, K.K., et al., West Nile virus infection in American Robins: New insights on 

dose response. PloS One, 2013. 8(7): p. e68537. 
 
53. Petersen, L.R. and A.M. Marfin, West Nile virus: A primer for the clinician. Ann Intern 

Med, 2002. 137(3): p. 173-179. 
 
54. Bigham, A.W., et al., Host genetic risk factors for West Nile virus infection and disease 

progression. PLoS One, 2011. 6(9). 
 



 

 

 28 

55. Garcia, M.N., et al., Evaluation of prolonged fatigue post–West Nile virus infection and 
association of fatigue with elevated antiviral and proinflammatory cytokines. Viral 
Immunol, 2014. 27(7): p. 327-333. 

 
56. Weatherhead, J.E., et al., Long-term neurological outcomes in West Nile virus-infected 

patients: an observational study. Am J Trop Med Hyg, 2015. 92(5): p. 1006-1012. 
 
57. Hasbun, R., et al., West Nile virus retinopathy and associations with long term 

neurological and neurocognitive sequelae. PLoS ONE, 2016. 11(3): p. e0148898. 
 
58. Klee, A.L., et al., Long-term prognosis for clinical West Nile virus infection. Emerg 

Infect Dis, 2004. 10(8): p. 1405-1411. 
 
59. Yeung, M.W., et al., Health-related quality of life in persons with West Nile virus 

infection: a longitudinal cohort study. Health and Quality of Life Outcomes, 2017. 15: p. 
210. 

 
60. Smithburn, K., T. Hughes, and A. Burke, A neurotropic virus isolated from the blood of a 

native of Uganda. Am J Trop Med, 1940. 20: p. 471 - 492. 
 
61. Hayes, E.B., et al., Virology, pathology, and clinical manifestations of West Nile virus 

disease. Emerg Infect Dis, 2005. 11(8): p. 1174-1179. 
 
62. Gubler, D.J., 2007: Emerging infections: The continuing spread of West Nile virus in the 

Western Hemisphere. Clin Infect Dis, 2007. 45: p. 1039 - 1046. 
 
63. Lanciotti, R.S., et al., Rapid detection of West Nile virus from human clinical specimens, 

field-collected mosquitoes, and avian samples by a TaqMan reverse transcriptase-PCR 
assay. J Clin Micro, 2000. 38(11): p. 4066-4071. 

 
64. Outbreak of West Nile-like viral encephalitis--New York, 1999. MMWR Morb Mortal 

Wkly Rep, 1999. 48(38): p. 845-849. 
 
65. Hernández-Triana, L.M., et al., Emergence of West Nile virus lineage 2 in Europe: A 

review on the introduction and spread of a mosquito-borne disease. Front Public Health, 
2014. 2: p. 271. 

 
66. Parliament of Canada, West Nile virus in Canada., Library of Parliament, Editor. 2007: 

Ottawa, Canada. 
 
67. Valiakos, G., et al., Use of wild bird surveillance, human case data and GIS spatial 

analysis for predicting spatial distributions of West Nile virus in Greece. PLoS One, 
2014. 9(5): p. e96935. 

 



 

 

 29 

68. Bisanzio, D., et al., Spatio-temporal patterns of distribution of West Nile virus vectors in 
eastern Piedmont Region, Italy. Parasit Vectors, 2011. 4: p. 230. 

 
69. Carney, R.M., et al., Early warning system for West Nile virus risk areas, California, 

USA. Emerg IDis, 2011. 17(8): p. 1445-1454. 
 
70. Ruiz, M.O., et al., Local impact of temperature and precipitation on West Nile virus 

infection in Culex species mosquitoes in northeast Illinois, USA. Parasit Vec, 2010. 3(1): 
p. 19. 

 
71. Winters, A.M., et al., Predictive spatial models for risk of West Nile virus exposure in 

eastern and western Colorado. Am J Trop Med and Hyg, 2008. 79(4): p. 581-590. 
 
72. Giordano, B.V., S. Kaur, and F.F. Hunter, West Nile virus in Ontario, Canada: A twelve-

year analysis of human case prevalence, mosquito surveillance, and climate data. PLoS 
One, 2017. 12(8): p. e0183568. 

 
73. Veksler, A., M. Eidson, and I. Zurbenko, Assessment of methods for prediction of human 

West Nile virus (WNV) disease from WNV-infected dead birds. Emerg Themes Epi, 2009. 
6: p. 4. 

 
74. Paternina, L.E. and J.D. Rodas, Sampling design and mosquito trapping for surveillance 

of arboviral activity. Methods Mol Biol, 2018. 1604: p. 89-100. 
 
75. Hosmer, D.W., S. Lemeshow, and S. May, Applied survival analysis: Regression 

modeling of time-to-event data. Vol. 2. 2008, Hoboken, New Jersey, USA: John Wiley 
and Sons, Inc. 

 
76. Dohoo, I.R., S.W. Martin, and H. Stryhn, Veterinary Epidemiologic Research, ed. S.M. 

McPike. Vol. 2. 2009, Charlottetown, Prince Edward Island, Canada: VER Inc. 
 
77. Leung, K.M., R.M. Elashoff, and A.A. Afifi, Censoring issues in survival analysis. Annu 

Rev Public Health, 1997. 18: p. 83-104. 
 
78. Diaz, I., et al., Improved precision in the analysis of randomized trials with survival 

outcomes, without assuming proportional hazards. Lifetime Data Anal, 2018. 
 
79. Kaciroti, N.A., et al., A Bayesian model for time-to-event data with informative 

censoring. Biostatistics, 2012. 13(2): p. 341-354. 
 
80. Duchateau, L., et al., The shared frailty model and the power for heterogeneity tests in 

multicenter trials. Comp Stat Data Anal, 2002. 40(3): p. 603-620. 
 
81. Liu, L., R.A. Wolfe, and X. Huang, Shared frailty models for recurrent events and a 

terminal event. Biometrics, 2004. 60(3): p. 747-756. 



 

 

 30 

 
82. Mehrotra, D.V. and Y. Zhang, Hazard ratio estimation and inference in clinical trials 

with many tied event times. Stat Med, 2018. 
 
83. Bland, J.M. and D.G. Altman, The logrank test. BMJ, 2004. 328(7447): p. 1073-1073. 
 
84. Zhang, W., et al., Network-based survival analysis reveals subnetwork signatures for 

predicting outcomes of ovarian cancer treatment. PLoS Comput Biol, 2013. 9(3). 
 
85. Grambsch, P.M. and T.M. Therneau, Proportional hazards tests and diagnostics based 

on weighted residuals. Biometrika, 1994. 81(3): p. 515-556. 
 
86. George, B., S. Seals, and I. Aban, Survival analysis and regression models. Journal of 

nuclear cardiology, 2014. 21(4): p. 686-694. 
 
87. Gong, Q. and L. Fang, Comparison of different parametric proportional hazards models 

for interval-censored data: a simulation study. Contemp Clin Trials, 2013. 36(1): p. 276-
283. 

 
88. Wei, L.J., The accelerated failure time model: A useful alternative to the Cox regression 

model in survival analysis. 1992. 11(14-15): p. 1871-1879. 
 
89. Rod, N.H., et al., Additive interaction in survival analysis: Use of the additive hazards 

model. Epidemiology, 2012. 23(5): p. 733-737. 
 
90. Wey, A., J. Connett, and K. Rudser, Combining parametric, semi-parametric, and non-

parametric survival models with stacked survival models. Biostatistics (Oxford, 
England), 2015. 16(3): p. 537-549. 

 
91. Bellera, C.A., et al., Variables with time-varying effects and the Cox model: Some 

statistical concepts illustrated with a prognostic factor study in breast cancer. BMC Med 
Res Method, 2010. 10: p. 20. 

 
92. Chen, Y., et al., A gradient boosting algorithm for survival analysis via direct 

optimization of Concordance Index. Comput Math Methods Med, 2013. 2013. 
 
93. He, V.Y.F., et al., Different survival analysis methods for measuring long-term outcomes 

of Indigenous and non-Indigenous Australian cancer patients in the presence and 
absence of competing risks. Pop Health Met, 2017. 15: p. 1. 

 
94. Nakata, K., et al., Childhood cancer incidence and survival in Japan and England: A 

population-based study (1993-2010). Can Sci, 2018. 109(2): p. 422-434. 
 
95. Crespo, I., et al., Identifying biological mechanisms for favorable cancer prognosis using 

non-hypothesis-driven iterative survival analysis. NPJ Sys Bio App, 2016. 2: p. 16037. 



 

 

 31 

 
96. Kenah, E., Nonparametric survival analysis of infectious disease data. Journal of the 

Royal Statistical Society. Series B, Stat Method, 2013. 75(2): p. 277-303. 
 
97. Kenah, E., et al., Molecular infection disease epidemiology: survival analysis and 

algorithms linking phylogenies to transmission trees. PLoS Comput Biol, 2016. 12(4): p. 
e1004869. 

 
98. Organization, W.H. Environmental health in emergencies: Disease outbreaks. 2018  

[cited 2018 May 20]; Available from: 
http://www.who.int/environmental_health_emergencies/disease_outbreaks/en/. 

 
99. Lawson, B., S. Petrovan, and A. Cunningham, Citizen science and wildlife disease 

surveillance. Ecohealth, 2015. 12(4): p. 693 - 702. 
 
100. Charles-Smith, L.E., et al., Using social media for actionable disease surveillance and 

outbreak management: a systematic literature review. PLoS ONE, 2015. 10(10): p. 
e0139701. 

 
101. Kulldorff, M., SaTScan User Guide for version 8.0. 2009. p. 102. 
 
102. Chen, C.C., et al., Online platform for applying space–time scan statistics for 

prospectively detecting emerging hot spots of dengue fever. Int J Health Geo, 2016. 15: p. 
43. 

 
103. Mathes, R.W., et al., Evaluating and implementing temporal, spatial, and spatio-

temporal methods for outbreak detection in a local syndromic surveillance system. PLoS 
One, 2017. 12(9): p. e0184419. 

 
104. Carpenter, T.E., Methods to investigate spatial and temporal clustering in veterinary 

epidemiology. Prev Vet Med, 2001. 48(4): p. 303-320. 
 
105. Kulldorff, M. and U. Hjalmars, The Knox Method and other tests for space-time 

interaction. Biometrics, 1999. 55(2): p. 544-552. 
 
106. Kulldorff, M., A spatial scan statistic. Comm Stat Theor M, 1997. 26(6): p. 1481-1496. 
 
107. Kulldorff, M., et al., Evaluating cluster alarms: A space-time scan statistic and brain 

cancer in Los Alamos, New Mexico. Am J Public Health, 1998. 88(9): p. 1377-1380. 
 
108. Kulldorff, M., SaTScan User guide for version 9.4. 2015. p. 102. 
 
109. Huang, L., et al., Detection of spatial clusters: Application to cancer survival as a 

continuous outcome. Epidemiology, 2007. 18(1): p. 73-87. 
 



 

 

 32 

110. Alton, G.D., et al., Comparison of covariate adjustment methods using space-time scan 
statistics for food animal syndromic surveillance. BMC Vet Res, 2013. 9: p. 231. 

 
111. Costa, M.A. and M. Kulldorff, Maximum linkage space-time permutation scan statistics 

for disease outbreak detection. Int J Health Geog, 2014. 13: p. 20. 
 
112. Mack, E.A., N. Malizia, and S.J. Rey, Population shift bias in tests of space–time 

interaction. Comp, Env Urb Sys, 2012. 36(6): p. 500-512. 
 
113. Kleinman, K.P., et al., A model-adjusted space-time scan statistic with an application to 

syndromic surveillance. Epi Infect, 2005. 133(3): p. 409-19. 
 
114. SciStarter. SciStarter. Science we can do together. 2018  [cited 2018 May 12, 2018]; 

Available from: https://scistarter.com. 
 
115. Tian, H., et al., Reconstruction of a 1,910-y-long locust series reveals consistent 

associations with climate fluctuations in China. Proc NAS, 2011. 108(35): p. 14521-
14526. 

 
116. University of Arizona, UA researchers as "citizen scientists" to help track Zika and other 

mosquito borne diseases with new cell phone app. 2016  [cited 2017 February 20]; 
Available from: https://publichealth.arizona.edu/news/2016/ua-researchers-ask-citizen-
scientists-help-track-zika-and-other-mosquito-borne-diseases. 

 
117. Hochachka, W.M., et al., Data-intensive science applied to broad-scale citizen science. 

Trends Ecol Evol, 2012. 27(2): p. 130-7. 
 
118. Follett, R. and V. Strezov, An analysis of citizen science based research: usage and 

publication patterns. PLoS One, 2015. 10(11): p. e0143687. 
 
119. Cooper, C.B., J. Shirk, and B. Zuckerberg, The invisible prevalence of citizen science in 

global research: migratory birds and climate change. PLoS One, 2014. 9(9): p. e106508. 
 
120. Hines, D. and S.L. Sibbald, Citizen science: Exploring its application as a tool for 

prodromic surveillance of vector-borne disease. CCDR, 2015. 41(3): p. 63-67. 
 
121. Shirk, J.L., et al., Public participation in scientific research: a framework for deliberate 

design. Ecology and Society, 2012. 17(2). 
 
122. Zoological Society of London, FrogLife and Royal Society for the Protection of Birds, 

Garden Wildlife Health. 2018. [cited 2018 May 24]; Available from: 
https://www.gardenwildlifehealth.org/about/ 

 
123. Canadian Wildlife Health Cooperative, 2018  [cited 2018 May 24]; Available from: 

http://www.cwhc-rcsf.ca/index.php. 



 

 

 33 

 
124. Leibniz Centre for Agricultural Landscape Research and Friedrich-Loeffler-Institut. 

Muckenatlas - Deutschland kartiert die Stechmucken. 2016  [cited 2018 May 20]; 
Available from: https://www.mueckenatlas.de/Default.aspx. 

 
125. England, P.H. Mosquitoes: surveillance and recording. 2013  [cited 2018 May 20]; 

Available from: https://www.gov.uk/government/collections/mosquitoes. 
 
126. Nature Today, Muggenradar.nl. 2018  [cited 2018 May 20]; Available from: 

https://www.naturetoday.com/intl/nl/observations/mosquito-
radar?utm_source=muggenradar.nl&utm_medium=redirect&utm_campaign=olddomain. 

 
127. Ogden, N.H., et al., Active and passive surveillance and phylogenetic analysis of Borrelia 

burgdorferi elucidate the process of Lyme disease risk emergence in Canada. Environ 
Health Perspect, 2010. 118(7): p. 909-914. 

 
128. Weese, J. and K. Clow. Tick submissions: Pet Tick Tracker. 2018; Available from: 

https://www.petsandticks.com/tick-submissions. (Accessed May 2018) 
 
129. Laaksonen, M., et al., Crowdsourcing-based nationwide tick collection reveals the 

distribution of Ixodes ricinus and I. persulcatus and associated pathogens in Finland. 
Emerg Microbes Infect, 2017. 6(5): p. e31. 

 
130. Garcia-Martí, I., et al., Modelling and mapping tick dynamics using volunteered 

observations. Int J Health Geog, 2017. 16: p. 41. 
 
131. Centers for Disease Control and Prevention, Crowdsourcing to report and respond to 

zoonotic diseases. 2018. Available from: https://www.cdc.gov/onehealth/in-
action/crowdsourcing.html. (Accessed September 2019) 

 
132. Curtis-Robles, R., et al., Combining public health education and disease ecology 

research: Using citizen science to assess Chagas disease entomological risk in Texas. 
PLoS Negl Trop Dis, 2015. 9(12): p. e0004235. 

 
133. Werner, D. and H. Kampen, Aedes albopictus breeding in southern Germany, 2014. 

Parasitology Res, 2015. 114(3): p. 831-834. 
 
134. Walther, D. and H. Kampen, The citizen science project 'Mueckenatlas' helps monitor the 

distribution and spread of invasive mosquito species in Germany. J Med Entomol, 2017. 
54(6): p. 1790-1794. 

 
135. Wagner, S., et al., Vector competence of field populations of the mosquito species Aedes 

japonicus japonicus and Culex pipiens from Switzerland for two West Nile virus strains. 
Med Vet Entomol, 2018. 32(1): p. 121-124. 

 



 

 

 34 

136. Bonney, R., et al., Citizen science: A developing tool for expanding science knowledge 
and scientific literacy. BioScience, 2009. 59(11): p. 977-984. 

 
137. Kampen, H., et al., Approaches to passive mosquito surveillance in the EU. Parasit 

Vectors, 2015. 8: p. 9. 
 
138. Branchini, S., et al., Participating in a citizen science monitoring program: Implications 

for environmental education. PLoS ONE, 2015. 10(7): p. e0131812. 
 
139. Hadj-Hammou, J., et al., Getting the full picture: Assessing the complementarity of 

citizen science and agency monitoring data. PLoS ONE, 2017. 12(12): p. e0188507. 
 
140. Aceves-Bueno, E., et al., The accuracy of citizen science data: a quantitative review. Bull 

Ecological Soc Am, 2017. 49(4): p. 278-290. 
 
141. Boakes, E.H., et al., Patterns of contribution to citizen science biodiversity projects 

increase understanding of volunteers’ recording behaviour. Scientific Reports, 2016. 6: 
p. 33051. 

 
142. Andrew, R.J., et al., Hierarchical spatial models of abundance and occurrence from 

imperfect spatial data. Ecolog Mono, 2007. 77(3): p. 465-481. 
 
143. Bonter, D.N., Data validation in citizen science: a case study from Project FeederWatch. 

Front Ecol Environ, 2012. 10(6): p. 305-307. 
 
144. Bird, T., et al., Statistical solutions for error and bias in global citizen science datasets. 

Vol. 173. 2013. 
 
145. Zuur, A.F., A protocol for data exploration to avoid common statistical problems. 

Methods in Ecology and Evolution, 2010. 1(1): p. 3-14. 
 
146. Gray, T.J. and C.E. Webb, A review of the epidemiological and clinical aspects of West 

Nile virus. Int J Gen Med, 2014. 7: p. 193-203. 

 
  



 

 

 35 

Chapter 2: A comparison of West Nile virus surveillance using 

survival analyses of dead corvid and mosquito pool data in 

Ontario, 2002-2008. 

As published in: Preventive Veterinary Medicine, Volume 122, Issue 3, pages 363-370, 

December 2015  

Article authorship: A. L. Thomas-Bachli, D. L. Pearl, O. Berke, E. J. Parmley, I. K. Barker 

Abstract 

The aim of this study was to improve understanding of the relative performance of the use of dead 

wild corvids and mosquito pools infected with West Nile virus (WNv) in surveillance for WNv 

activity in the environment. To this end, all records on dead corvid submissions and mosquito 

pools tested in Public Health Units (PHUs) in Ontario, from 2002 – 2008, were explored. Survival 

analyses were employed using the first-WNv-positive cases detected each year for each PHU, and 

censored observations for PHUs which did not detect WNv during a given year using each data 

source (504 observations). Survival analyses were employed to compare the number of 

surveillance weeks before WNv was detected by either data source, and the influence of temporal, 

geographic and sociodemographic factors on these data. The outcome measurement for the final 

accelerated failure time (AFT) model with log-logistic distribution was a time ratio, which 

represents the ratio of the survival time of one group relative to another. Dead corvid surveillance 

was faster at detecting WNv than testing mosquito pools during the early years of WNv incursion 

into Ontario, while mosquito testing found WNv more quickly later in the study period. There was 

also regional variation in time-to-detection of WNv, by modality, as well as for various types of 
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urban/rural settings. In comparison to mosquito surveillance, West Nile virus was detected more 

quickly using dead corvid surveillance in sparsely populated regions. These areas may benefit from 

collection of dead corvids to optimize detection and direct early surveillance efforts. When we 

compared the time-to-detection of WNv using dead corvids and the onset of human cases in PHUs, 

we found that dead corvid surveillance was predictive of West Nile activity in health units that 

reported human cases during the first 3 years of the incursion into Ontario.  

Introduction 

West Nile virus (WNv) is a mosquito-borne arbovirus in the Flavivirus genus, which is 

maintained and amplified in a complex cycle between birds and bird-feeding mosquitoes [1].  

Under favourable environmental conditions, particularly during late summer and autumn in the 

northern hemisphere, the virus sufficiently amplifies within the local bird and mosquito 

populations [2]. Human infections are the result of spill-over from this enzootic cycle. One study 

found evidence of a shift in the feeding-behaviour of carrier mosquitoes from birds to humans 

late in the summer, when migratory birds are not readily available for feeding [3]. Most human 

WNv infections are subclinical and go undetected.  However, approximately 20% of infections 

result in febrile illness, while fewer than 1% of those infected may develop severe neurological 

symptoms that can be fatal [4].   

The first human cases of WNv in North America were detected in New York State in 1999 

[5]. Surveillance for the disease began in Ontario in 2000, including enhanced passive 

surveillance of dead birds submitted by the public, with very limited active surveillance of 

suspected vector mosquito species through trapping and WNv-testing [6]. In 2001, wild bird 

surveillance was restricted to the Corvidae (blue jays, crows, magpies and ravens) due to their 
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high susceptibility to WNv and near 100% case fatality rate [7]. More widespread active 

surveillance using mosquito pools was introduced in 2002 and extended to the entire province in 

2003. The first WNv-positive mosquitoes and dead corvids were detected in Ontario in 2001, and 

the first human case was reported in 2002 [6]. To conserve resources, individual public health 

units (PHUs) discontinued dead corvid testing after between 4-7 birds tested positive for WNv 

each year. Because the dead birds were only tested by each PHU until the end of season or until a 

maximum of approximately 4 positive tests (whichever occurred first), it is not appropriate to use 

prevalence or incidence rate measures to compare the dead corvid and mosquito surveillance 

programs. The mosquito pool and dead corvid surveillance data collected during the first eight 

years of the Ontario experience with WNv have not been compared for their relative time-to-

detection and ability to detect WNv within PHU areas. By employing survival analyses to 

explore the time-to-first positive test within a PHU, the dead bird and mosquito pool data could 

be compared appropriately. 

 West Nile virus is now considered endemic throughout Ontario. However, against the 

background of endemicity, local outbreaks are likely to occur, depending on a complex interaction 

of environmental conditions driving mosquito abundance, WNv amplification [8], bird and 

mosquito distribution and mosquito feeding behavior [9], as well as evolving viral genetics and 

changing immunity amongst mosquito, avian and human populations [1]. Due to the complexities 

involved in WNv distribution and transmission, predicting areas of higher risk on a fine-scale has 

remained an elusive goal [8]. Until predictive models improve, timely and accurate regional WNv 

detection can be used to inform local public health strategies, particularly public awareness 

campaigns to promote personal protection, which currently is the first line of defense for reducing 

human risk [2]. Given limited resources for vector-borne disease surveillance, it is important to 
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evaluate surveillance program activities (dead bird and mosquito pool testing), in terms of their 

ability to detect WNv, timeliness-to-detection, and potential biases.  

This study investigated the time-to-detection of WNv in Ontario at the PHU level over the 

period 2002 - 2008. The 36 PHUs [10] are regions designated to plan and provide public health 

services in the province of Ontario [11]. Specific research objectives were (i) to compare mosquito 

pool to dead corvid surveillance for their ability and timeliness of WNv detection within PHUs, 

and (ii) to examine socio-demographic factors, temporal and geographic trends in the speed of 

WNv detection using dead corvid and mosquito surveillance.  

Materials and Methods 

Data sources 

From 2001 – 2008, over each WNv season (generally mid-May to late October), dead 

birds found by the public were collected by each local public health unit (PHU) with support 

from the Ontario Ministry of Health and Longterm Care (MOHLTC), and recorded and sampled 

by the Ontario Region of the Canadian Wildlife Health Cooperative (CWHC). Samples were 

subsequently tested for WNv by real-time reverse transcriptase polymerase chain reaction (rRT-

PCR) at the National Microbiology Laboratory, Public Health Agency of Canada in Winnipeg 

Manitoba in 2001 and 2002 [12,13]. From 2003-2008, testing was done by CWHC on oral 

swabs, using a wicking antigen capture ELISA test (VecTest®). Samples producing an 

inconclusive VecTest® result were re-tested using rRT-PCR, and VecTest® results representing 

the first case of WNv detected in a PHU were confirmed using rRT-PCR, by the Animal Health 

Laboratory, University of Guelph [12,13].  
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Since 2002, the mosquito surveillance program consists of mosquito trapping at various 

localities within a PHU.  Trapped mosquitoes are collected once weekly and submitted to service 

providers for speciation and testing [14]. Mosquitoes of the same species are pooled for testing 

(<=50 mosquitoes per pool) at a level which is intended to detect at least one positive mosquito 

per pool. Testing is conducted by highly specific RRT-PCR [6].  

Public Health Ontario (PHO) provided a dataset containing geographic coordinates of 

mosquito trap sites in PHUs across the province. For each trap site, they also provided the number 

of pools caught per week, the number of mosquitoes within each pool, the date tested and WNv 

test results by pool. A dataset containing the number of human cases by PHU and week reported 

was also provided by Public Health Ontario. The dead wild bird data were retrieved from the 

Canadian Wildlife Health Cooperative database. For each bird submitted, this dataset included 

information about the PHU where the bird was found, including the geographic coordinates, date 

the bird was found, species of bird, and WNv test results. The study period selected for this analysis 

was 2002 – 2008, because during this time period there was consistent province-wide surveillance 

of both dead birds and mosquitoes. All data management and statistical analyses were performed 

using Stata 11.2 (StataCorp, College Station, TX, USA). 

Epiweek user-developed software [15] was used to derive the epidemiological week 

(beginning on Sunday, and numbered beginning in the week ending with the first Saturday in 

January, provided that 4 days or more fell in that month) during which either a dead corvid was 

found or mosquito pool was collected. An epidemiological week is a standardized method for 

counting the number of weeks in a year, often used to ensure year-over-year consistency in 

entomological studies [16]. 
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Each PHU was assigned to a geographic region according to designations by the Ontario 

Ministry of Health and Longterm Care (MOHLTC) (Appendix 1). The socio-demographic 

profile of each PHU was based upon the peer group classification system developed by Statistics 

Canada and the MOHLTC [17] (Appendix 2).  Peer groups of PHUs have similar social, 

demographic and economic characteristics. There were six types of peer groups: metropolitan 

centre, urban centre, urban/rural mix, sparsely populated urban/rural mix, mainly rural and rural 

northern region. Because the City of Toronto PHU is the only PHU designated as a metropolitan 

centre, it was grouped with urban centres for this study to avoid analytical problems. During 

2003, the Muskoka-Parry Sound health unit was dissolved and merged with the North Bay and 

Simcoe District health units to become North Bay-Parry Sound (NBPS) and Muskoka-Simcoe 

health units. To maintain consistency between all years for the survival analysis, we took the first 

WNv-positive dead corvid and mosquito pool results from either Muskoka-Parry Sound or North 

Bay and Simcoe District, whichever were detected first, for 2002 and considered these as the 

first positive test results for NBPS. The final dataset consisted of 504 observations (censored or 

cases), containing the epidemiological week during which the first WNv-positive dead corvid or 

first mosquito pool was collected within each of the 36 PHUs (i.e., event time) or if no positive 

case was detected that year for the particular data source, the censored observation was assigned 

epidemiological week 46. Thus, the follow-up period was from the epidemiological week when a 

first positive dead bird or mosquito pool was detected during a given year, until epidemiological 

week 46.  Each observation also included PHU, year of study (modeled as either continuous or 

categorical), data source (dead corvid or mosquito pool), geographic region and socio-

demographic profile.  
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Analytical methods 

Descriptive statistics 

Basic descriptive statistics were carried out to calculate the proportion of WNv-positive 

mosquito pools and dead corvids among those tested over the years of study, and the timeliness of 

testing methodologies. For the dead bird dataset we used the most complete information: the date 

of result reporting to the PHU, to calculate the difference in days between when a dead bird was 

found and the day the WNv status was known. If the date of reporting was not complete, the date 

test results were entered was used, when available. For the mosquito pool dataset, the number of 

days between when mosquitoes were collected from traps and the date of testing (the only available 

information) was used to derive the test timeliness.  

The number of PHUs that did not report any WNv-positive mosquito pools or dead corvids 

each year, and the proportion of samples that were positive of all those tested, were calculated. 

The number of weeks that elapsed before a positive mosquito pool and/or dead corvid was detected 

within PHUs was also determined. The number of PHUs that detected both WNv-positive dead 

birds and human cases, and WNv-positive mosquito pools and human cases was described. The 

time-to-detection of WNv by surveillance stream was also compared to the week of the first human 

case report for each PHU and year. 

Survival analyses 

Survival analyses were conducted to explore the association between the numbers of 

weeks before a first WNV-positive corvid and/or mosquito pool was detected at the PHU level 

using all first-positive tests for each PHU, and year of testing. Epidemiological week 1 was used 

as the start of the survival time. Predictor variables evaluated in the survival models included the 
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year of testing (investigated as both a continuous and categorical variable), data source (dead 

corvid or mosquito pool), the geographic coordinates of each PHU centroid in latitude and 

longitude, the PHU geographic region, and the sociodemographic profile.  

PHUs that did not detect a WNv-positive dead bird or mosquito pool during the year of 

study were “right censored” at epidemiological week number 46, to coincide with the 

approximate end of seasonal testing for both data streams. Right censoring allows the 

contribution of potentially useful information pertaining to PHUs that did not detect a positive 

dead corvid or mosquito pool.  

Survivor function curves were generated using the Kaplan-Meier method to evaluate the 

underlying survival distribution and to visualize the proportion of PHUs that tested positive by 

data source over the weeks of study. Survival curves represent the cumulative distribution of 

survival over time [18]; in this case, the percentage of PHUs that had not detected a WNv-

positive dead bird or mosquito pool over the weeks tested.  

Univariable proportional hazards (Cox) models were fit to the data by partial maximum 

likelihood estimation. This method maximizes on the partial log likelihood given by: 

   l(ß) = Log L(ß)      =    Σ          {Хi ß – log [ Σ    exp (Хj ß)]}   
        Yi uncensored  Yj≥Yi 

For cases with tied survival times, the Efron method was used to approximate survival times 

[19]. Since proportional hazards assumptions were not met for all variables, univariable and 

multivariable accelerated failure time (AFT) parametric models were also fit by maximum 

likelihood estimation, with the following distributions: generalized gamma, exponential, 

Weibull, log-normal, and log-logistic.  
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Each categorical variable was considered for inclusion in the models based on a 

likelihood ratio test (LRT) with a significance level of α = 0.05. A forward selection strategy was 

employed. All two-way interactions were tested for significance using the same selection 

method. Statistically significant variables and variables that were part of significant two-way 

interactions were retained in the model. Potential confounders were assessed by examining the 

change in coefficients after removal from the model. A non-intervening variable that produced 

>20% change in any other coefficient was considered a confounding variable and retained in the 

model. Effects between interacting variables were estimated by building contrasts using the 

lincom command in Stata. 

Because the data included repeated measures from the same PHUs (i.e., first positive 

corvid and mosquito pool tests each year), a “frailty” for the PHU was included. A shared frailty 

model is comparable to a random effects model, and controls for autocorrelated observations 

from annual time-to-event data collected between 2002 – 2008 for the individual PHUs [18]. 

We explored the most appropriate parametric distribution choice by the following 

procedures:  A log cumulative hazard plot was generated to evaluate the appropriateness of the 

Weibull model [18], and the generalized gamma and Weibull models were also used to evaluate 

the direction of the hazard and explore the suitability of the exponential, Weibull and log-normal 

distributions [20]. To choose the best-fitting model amongst all of the distributions, survival 

curves were visually assessed, and AIC values were compared.  

Results 

Descriptive statistics 
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A summary of information available from mosquito pool and dead corvid testing carried 

out across the province of Ontario during each WNv testing season is shown in Table 2.1. A total 

of 8,364 dead birds and 134,408 mosquito pools were tested over the study period. The annual 

proportion of birds that tested positive across all Ontario PHUs ranged from a low of 10.49% in 

2007 to a high of 26.34% in 2006. Eight PHUs did not test mosquito pools for WNv in 2002, but 

all were involved in mosquito trapping and testing in subsequent years. The intensity of mosquito 

pool testing, in terms of numbers of traps set and numbers of mosquito pools tested, reached a peak 

in 2004 with a median of 24 trap sites and 578 pools tested per PHU. A higher proportion of 

mosquito pools were positive in 2002 (4.8%), relative to the following years of study, when fewer 

than 1.5% of pools tested positive for WNv. 

The timeliness of reporting in Ontario for the two test modalities were compared based on 

analysis of 7998/19,908 and 79/257 records that contained the dates when test results were either 

reported to a PHU or completed, for the dead bird and mosquito surveillance programs, 

respectively. Timeliness of reporting varied widely for both means of surveillance in 2002 (Table 

2.1). For the remaining years, the test timeliness was similar between the two programs. Seventy-

five percent of dead bird tests were completed in one week or less, and 75% of mosquito pool test 

results were complete in 5 days or less during the years 2004 – 2008 (Table 2.1). 

WNv was detected using dead bird surveillance in almost all PHUs during all years except 

2007 when only 2/3 of PHUs reported a WNV-positive dead corvid (Table 2.2). In contrast, fewer 

PHUs detected WNv using mosquito surveillance (Table 2.2). In general, it appears that WNv 

activity was noted in more PHUs based on dead corvid surveillance compared with mosquito 

surveillance for all years (Table 2.2). 
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The median week in which the first WNv positive dead bird was detected in a PHU changed 

little from year to year, ranging from 29 to 32.5 weeks (Table 2.3). The exception was in 2004, 

when the median first-positive dead birds were found during epidemiological week 25. The 

mosquito test results also varied little by year and time to detection using mosquitoes was, on 

average, two weeks later than the median detection time using dead corvids (Table 2.3). However, 

during each year the range in median time-to-detection between PHUs varied more widely (Table 

2.3).  

During all years, the dead corvid surveillance program detected WNv in more PHUs with 

human cases, in comparison to mosquito surveillance (Table 2.3). During the seasons from 2002 

– 2004, there was a generous lag time between the first positive dead bird and human case (in 

PHUs that detected both positive dead corvids and reported human cases) (Table 2.3).  Later 

seasons, showed fewer weeks between when a positive dead corvid was found and human case 

was reported, although these values ranged widely between the PHUs (Table 2.3). Very few 

PHUs identified WNv in humans prior to dead corvids, while relatively more PHUs identified 

WNv in humans prior to mosquito pools (Table 2.3). Generally, the mosquito surveillance 

program was not as timely in detection of positive mosquito pools that preceded human cases 

during the first 3 years of surveillance (Table 2.3). However, later years were very similar 

between the two surveillance programs with respect to timing of first positive tests relative to 

first human cases (Table 2.3).  

Survival analyses  

We applied survival analyses using 504 observations (252 dead corvids and 252 mosquito 

pools), comprised of the first-WNv-positive cases detected each year for each PHU, and 

censored observations for PHUs that did not detect WNv during a given year. Using raw data 
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from all years of study, the distribution of survival times favors dead corvids in comparison with 

mosquito pools for time-to-detection of WNv in PHUs (Figure 2.1). All variables tested showed 

a significant association with the time-to-detection of WNv on parametric univariable analyses 

(Table 2.4), except the geographic coordinates of each PHU centroid in latitude and longitude.  

The best-fitting model was the AFT model with the log-logistic distribution and significant 

shared frailty (σ = 0.16, p < 0.001) with a gamma distribution for PHU-level observations. 

Significant variables in the final multivariable parametric model were: year of study (modeled as 

a categorical variable), data source (dead corvid or mosquito pool), geographic region and 

sociodemographic profile (Table 2.5). There were also significant interactions between the data 

source and year of study (LRT χ2 = 50.06, degrees of freedom = 6, p < 0.001), and data source and 

PHU sociodemographic profile (LRT χ2 = 58.68, degrees of freedom = 4, p < 0.001).  

For AFT models, the outcome measure is a time ratio (TR). A time ratio represents the 

ratio of the survival time (number of weeks before a WNv positive test result is detected) of one 

group relative to another [18]. The log-logistic parametric model showed that PHUs in eastern 

Ontario took significantly longer to detect WNv in comparison to PHUs in the central west (Table 

2.6). Public health units in eastern Ontario were also slower at detecting WNv in comparison with 

those in the central east (TR = 1.16, 95% CI 1.05 – 1.27, p = 0.02) and southwest (TR = 1.13, 95% 

CI 1.04 – 1.23, p = 0.004) regions of the province. Public health units in the central east region 

also demonstrated significantly faster detection compared to PHUs in the northwest (TR = 0.80, 

95% CI 0.64 – 0.99, p = 0.046) and northeast PHUs (TR = 0.81, 95% CI 0.67 – 0.97, p = 0.022).  

The remaining variables in the models were part of significant interactions, and their 

estimated effects on time-to-detection of WNv using dead corvid relative to mosquito surveillance 

are presented in Tables 2.7 and 2.8. During 2003 and 2004, dead corvid surveillance was faster at 
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detection of WNv in comparison with mosquito pools surveillance (Table 2.7). Conversely, in 

2007 the dead corvid surveillance took longer than surveillance using mosquito pools to detect 

WNv (Table 2.7). Public health units within sparsely populated urban/rural regions detected WNv 

faster using dead corvids in comparison with mosquito pools (Table 2.8).  

Discussion and Conclusions 

 
There are differences in the relative timeliness of WNv detection in Ontario using dead 

corvids in comparison with mosquitoes. Based on the descriptive statistics, at the start of the WNv 

incursion into Ontario, surveillance of dead corvids was able to detect WNv activity more quickly 

than surveillance of mosquitoes. Although it might be expected that active surveillance (mosquito 

trapping and testing) should outperform passive surveillance (dead bird reporting and testing), the 

public was sensitized to the newly introduced virus during the beginning of the surveillance 

program. The intensity of dead bird submissions declined from 2003 to 2007, and coincident with 

these changing submissions, the time before a first WNV-positive dead corvid was detected was 

longest in 2007 and 2008. Changes in bird immunity and pathogen virulence, and a decline in 

corvid population density as a result of WNv infection [21-23] may also explain the lower numbers 

of both submitted and positive birds, and longer time to WNv-detection.  

A comparison of the timeliness of mosquito and dead bird surveillance testing 

methodology demonstrated that both sources of surveillance information provided timely results 

within approximately one week from the start of the testing. Because this measure was calculated 

using available information (the date results were reported to the PHU for the dead corvid 

surveillance program and the date results were recorded for the mosquito surveillance program), 

the test timeliness appears slightly lengthened for the dead corvid program. With respect to the 
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specificity of testing, both dead corvid and mosquito pool tests likely have a specificity 

approaching 100%. Thus, the timeliness and specificity of the tests were comparable, and should 

not have influenced the results found by the survival models.   

The period between virus exposure in humans and the onset of symptoms is believed to 

range from a few days to 2 weeks [24]. Detection and public health messaging needs to be timely 

to elicit changes in human behavior that can reduce their chance of exposure to infected 

mosquitoes. During the first few years of WNv surveillance in Ontario, the surveillance of dead 

birds provided timely detection of WNv in PHUs where human cases were also reported. Both 

surveillance streams provided less timely detection before the first humans were likely exposed 

during the years 2005 - 2007. Consequently, it appeared to vary by year and PHU whether these 

surveillance programs provided timely information relative to the first human cases in a PHU, 

although it is unknown whether all human infections occurred in the PHU of residence. 

Survival analyses enabled the comparison of dead corvid with mosquito surveillance for 

timeliness of West Nile detection, while also incorporating information about PHUs where no 

WNv-positive corvids and/or mosquitoes were detected in a particular year. The survival models 

demonstrated geographic and socio-demographic differences among PHUs as well as annual 

variation in the time-to-detect a first positive mosquito pool in comparison with a first positive 

dead bird.  

Because Cox model violations were found and approaches to apply stratified and 

extended Cox models did not improve on the results, parametric models were presented. While 

the parametric models may provide more accurate results, they are more sensitive to 

distributional assumptions in comparison with Cox proportional hazards models. However, the 

log-logistic survival distribution in the parametric model appeared to fit the data best. The log-
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logistic distribution is characterized by hazards that may be non-monotonic, for example, rising 

and then falling. These survival distributions are biologically plausible for the time-to-first 

positive mosquito and dead bird data, in which the speed of PHUs becoming positive increases 

from early until late summer and may decline towards the end of the season, during which time 

some PHUs are censored. Although it is not possible to definitively identify the correct 

distribution, the use of methods for discriminating between different distributions assured that 

the best-fitting survival distribution for the parametric approach was presented.    

Findings from the survival models support the descriptive findings that initially, dead 

corvids provided faster time-to-detection. This pattern changed during the later years of 

surveillance with mosquito surveillance showing similar or shorter time-to-detection of WNv. In 

addition to increasing numbers of traps within PHUs after the first 2 years of the program, it is 

likely that changes to mosquito trap placement within PHUs into specific areas resulted in 

improved WNv-detection in mosquitoes over the study period. For example, as the years 

progressed, sites where WNv had been previously found were likely to be re-tested in future years 

(Curtis Russell, Public Health Ontario, personal communication, 2013).  

The frailty effect was also significant, indicating correlation of observations within PHUs. 

This lack of independence between observations by location may reflect a number of factors that 

differ substantially between PHUs, such as vector control efforts and preventive strategies, public 

awareness and education campaigns, and localized differences in weather patterns, micro-climates, 

and habitats.  

The survival model detected differences in time-to-detection of WNv by geographic 

region. These regional differences may be related to both natural and social factors. For example, 

regional differences in landscape and environmental features likely influenced corvid and 
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mosquito abundance and the amplification of WNv [25, 26]. Increased time-to-detection of WNv 

in eastern Ontario compared with the more southerly, densely populated central eastern, central 

western and south western areas may also reflect a reduced likelihood of dead bird detection by 

the public, and/or lower public perception of risk. The eastern geographic region is slightly more 

northerly than central western and central eastern Ontario, so the association may also reflect 

cooler temperatures, slower mosquito breeding and transmission rates and prolonged 

establishment of WNv within mosquito and corvid populations. However, it is interesting that the 

PHUs in southwestern and northwestern Ontario (the most southerly and northerly regions) 

showed no significant differences in detection time compared to other PHUs, except the southwest 

and eastern regional difference noted previously. Furthermore, the univariable analysis did not 

show a significant association between the time-to-detect WNv and the latitude of the PHUs, which 

was a crude attempt to support the hypothesis that WNv detection would generally be slower in 

more northerly PHUs. Further studies incorporating historical environmental data, including 

temperature, rainfall and topographical information may help to explain the broad regional 

differences in time to WNv detection using dead corvids and mosquitoes. 

The findings from the current study suggest that dead bird surveillance may provide more 

timely surveillance than mosquito surveillance in sparsely populated regions, for the purpose of 

initial detection within a PHU area. It is difficult to easily explain this finding, but perhaps the 

large body size and easy to identify nature of the corvid makes them particularly useful as 

indicators of WNv activity even with low human density. These findings may reflect the ‘risk-

based’ or ‘targeted’ nature of the dead corvid surveillance program. Specifically, dead corvids are 

likely to be infected with WNv, in comparison with trapped mosquitoes [27].  
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Many mosquito-borne diseases are considered to be emerging or re-emerging due to 

climate change, land use patterns and other factors associated with human activity.  West Nile 

virus is now endemic in Ontario, and though serious human cases are rare, the potential for severe 

neurologic disease among some of those infected represents a significant ongoing threat to public 

health. There has been a recent surge in human WNv cases in Ontario, as well as human and equine 

cases of Eastern Equine Encephalitis virus (EEEV), another serious mosquito-borne zoonotic 

disease, in Quebec and the northern United States [14]. This study demonstrated that multilevel 

survival analyses can be employed to evaluate surveillance data from a time-to-detection 

perspective, which may be especially useful for data that are collected until disease is first detected 

during a season within an area. While first detected WNv-positive dead birds do not equate to an 

increased risk of WNv transmission to humans, knowledge that WNv is circulating within a PHU 

area can help better direct mosquito surveillance for control efforts and infection prevention 

messaging to the public.  

To the best of the authors knowledge, this is the first published investigation of the relative 

time-to-detection using dead corvid versus mosquito pool data in different sociodemographic and 

geographic landscapes. Results from these survival models can also be utilized to inform advanced 

surveillance techniques such as space-time cluster detection methods. For example, by adjusting 

for covariates known to be associated with faster detection times, clusters of PHUs with positive 

corvids and/or mosquito pools may be more likely to reflect space-time clusters of increased risk 

relative to the expected background activity [28, 29]. The insight gained from this research also 

has the potential to help direct efforts and resources towards public health monitoring and 

arbovirus surveillance in Ontario. 
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` 

 
Figure 2.1. Estimated survivor function curves for first WNv-positive tests by data source (found 
dead corvids or trapped mosquitoes in speciated pools) within Ontario PHUs during 2002-2008 
based on raw data.  
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Table 2.1 Descriptive statistics pertaining to WNv surveillance programs for dead birds and mosquitoes in Ontario PHUs (2002-2008), 
and timeliness of tests. 

Year Percentage of 
WNV-
positive birds 
(WNV-
positive/ 
tested*) 

Percentage of 
WNV-positive 
mosquito pools 
(WNV-positive/ 
tested) 

Number 
of 
mosquito 
trap sites 
tested in 
Ontario 

Median number 
of mosquito trap 
sites per PHU 
(interquartile 
range) [range] 

Median number of 
mosquito pools 
tested per PHU 
(interquartile range) 
[range] 

Median number of 
days between dead 
bird sighting and 
test results reported 
to public health unit 
or recorded 
(interquartile range) 
[range] 

Median number of 
days between 
mosquito collection 
and mosquito pools 
test results recorded 
(interquartile range) 
[range] 

2002 17.35 
(289/1666) 

4.81 
(580/12052) 

405 10.5 (5.5-19.5) 
[4-58] 

352 (127-640.5) 
[12-1435] 

14 (11 – 18)           
[3 – 83] 

82 (27 – 130)        
[3 – 256] 

2003 14.07 
(242/1720) 

0.70 
(122/17452) 

766 12 (7-29.5) 
[5-157] 

314 (196.5-473.5) 
[45-2219] 

5 (3 – 8) [1 – 198] No results available 

2004 17.36 
(250/1440) 

0.27 
(72/26915) 

1079 24 (13.5-37.5) 
[5-191] 

578 (341- 866) 
[143-3714] 

5 (2 – 7) [1 – 98] 3 (2 – 5) [1 – 9] 

2005 23.26 
(300/1289) 

1.44 
(289/20064) 

984 21 (16.5-36)  
[5-121] 

398.5 (281-624) 
[92-2289] 

4 (2 – 7) [1 – 60] 3 (2 – 4) [1 – 25] 

2006 26.34   
(256/972) 

0.95 
(182/19216) 

939 21 (14-35)     
[2-54] 

399 (249-681)    
[36-1862] 

4 (2 – 7) [1 – 38] 3 (2 – 4) [1 – 16]  

2007 10.49     
(79/753) 

0.26 
(51/19585) 

823 20 (13-32)     
[1-49] 

398 (274-829.5) 
[20-1392] 

4 (2 – 7) [1 – 47] 2 (1 – 3) [1 – 3] 

2008 18.90   
(150/794) 

0.21 
(41/19124) 

846 21 (14-32)     
[1-50] 

354 (227-814.5)   
[1-1719] 

4 (2 – 6) [1 – 141] 2 (1 – 3) [1 – 6] 

*Ontario health units discontinued testing after approximately 4 birds tested positive for WNv. 



 

 

 57 

Table 2.2 Proportion of Ontario PHUs with a WNv-positive dead corvid or mosquito pool (2002-
2008).  
 

Year Number of 
PHUs with no 
WNV-positive 
birds 

Number of 
PHUs with no 
WNV-positive 
mosquito pools  

Proportion of PHUs 
positive for WNv using 
dead corvid surveillance 
(# +ve PHUs/all tested) 

Proportion of PHUs 
positive for WNv using 
mosquito surveillance    
(# +ve PHUs/all tested) 

2002 1 15* 97.3% (36/37) 48.3% (14/29) 
2003 1 22 97.2% (35/36) 38.9% (14/36) 
2004 2 23 94.4% (34/36) 36.1% (13/36) 
2005 1 15 97.2% (35/36) 58.3% (21/36) 
2006 1 11 97.2% (35/36) 69.4% (25/36) 
2007 12 28 66.7% (24/36) 22.2% (8/36) 
2008 4 31 88.9% (32/36) 13.9% (5/36) 

* 8 Ontario health units did not test mosquito pools for WNv in 2002
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Table 2.3. Time-to-WNv detection using dead corvids and mosquito pools surveillance in Ontario PHUs (2002-2008), and a 
comparison with human case reports.  

* from PHUs in which both WNv-positive dead corvid or mosquito pool was detected and human case(s) were reported.  
** 1 PHU reported human cases in February 2003, which may represent 2002 season infections. 
***based on a single observation. 
 
 

Year Median number of weeks 
until first positive dead 
bird detection 
(interquartile range) 
[range] 

Median number of weeks 
until first positive 
mosquito pool detection 
(interquartile range)   
[range] 

Number of PHUs 
in which WNv-
positive dead bird 
was detected prior 
to first human 
case* (number of 
PHUs in which 
human cases were 
identified prior to 
WNv-positive 
dead bird) 

Median number of weeks between 
WNv detection using dead bird 
surveillance and first human cases* 
within PHUs (interquartile range) 
[range] 

Number of PHUs in 
which WNv- 
positive mosquito 
pool was detected 
prior to first human 
case* (number of 
PHUs in which 
human cases were 
identified prior to 
WNv-positive 
mosquito pool)  

Median number of weeks 
between WNv detection using 
mosquito surveillance and first 
human cases* within PHUs 
(interquartile range) [range] 

2002 30 (28-31) [21-37] 32 (30-33)  [26-37] 17 (1) 5.5 wks prior (3-9)                    [14 
wks prior – 1 wk later] 

13 (5) 2.5 wks prior (1-7)                    
[10 wks prior – 4 wks later) 

2003 29 (26-31) [17-34] 33 (30.75-34.25)         
[28-36] 

13 (0) 6.5 wks prior (2.5-9.5)             [12 
wks prior – 21 wks later**] 

4 (12) 1 week later (2 wks prior – 2 
wks later)                                  
[7 wks prior – 23 wks later**] 

2004 24.5 (22-29) [20-33] 31 (30-32.5) [28-36] 6 (0) 11 wks prior (9-13)                   [8-
17 wks prior] 

2 (5) 1 week prior                                 
(5 wks prior – 1 wk later) 
[same as interquartile range] 

2005 31 (29-32) [20-39] 32 (31-34)  [27-36] 11 (2) 2 wks prior (4 wks prior – 1 wk 
later)                                          [15 
wks prior – 6 wks later] 

9 (5) 1 week prior (2 wks prior – 0 
wks later)                                   
[8 wks prior – 3 wks later] 

2006 31 (28.5-32) [21-34] 31.5 (30-33) [27-36] 15 (2) 3 wks prior (6-1)                          
[10 wks prior – 1 wk later] 

13 (3) 2.5 weeks prior (3 wks prior – 
0 wks later)                                       
[7 wks prior – 3 wks later] 

2007 33 (29-35) [20-40] 33 (32-33.5) [29-35] 4 (4) 0 wks prior  
(6 wks prior – 1 wk later)          
[17 wks prior – 11 wks later] 

2 (6) 0 wks prior 
(1 wk prior – 3 wks later)            
[2 wks prior – 7 wks later] 

2008 32.5 (30-35) [26-40] 32 (29.75-34.75)[26-37] 4 (2) 4 wks prior (5 wks prior – 2 wks 
later)                                  [5 wks 
prior – 10 wks later] 

1 (6) 4 wks prior*** 
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Table 2.4. Univariable gamma shared-frailty accelerated failure time parametric models 
with log-logistic distribution, measuring the associations between the number of weeks 
until a first WNv-positive test within PHU and year of surveillance, geographic region, 
sociodemographic profile and data source (2002-2008).  

  

 
 

Coefficient P-value 95% confidence interval 

Geographic region    
Central west Reference   

Northwest -0.12 0.12 -0.28 – 0.03 
Northeast -0.06 0.33 -0.17 – 0.06 

Eastern -0.05 0.44 -0.17 – 0.07 
Central east 0.07 0.10 -0.01 – 0.16 

Southwest 0.05 0.33 -0.05 – 0.14 
constant 0.69   

Likelihood ratio test χ2 (df *=5) 14.01 0.02  
Data source    

Mosquito pool Reference   
Dead corvid -0.31 <0.001 -0.37 – -0.25 

constant 3.69 <0.001 3.61 – 3.77 
Likelihood ratio test χ2 (df = 1) 117.71 <0.001  

Year    
2002 Reference   
2003 0.01 0.79 -0.06 – 0.09 
2004 -0.10 0.01 -0.18 – -0.02 
2005 0.05 0.16 -0.02 – 0.11 
2006 0.02 0.49 -0.04 – 0.09 
2007 0.17 <0.001 0.07 – 0.22 
2008 0.15 <0.001 0.26 – 0.51 

constant 3.30 <0.001 3.25 – 3.35 
Likelihood ratio test χ2 (df = 6)  59.11 <0.001  

Sociodemographic profile    
Urban centre Reference   

Rural northern -0.09 0.28 -0.24 – 0.07 
Rural -0.08 0.05 -0.16 – -0.01 

Sparsely populated urban/rural -0.17 0.002 -0.28 – -0.06 
Urban/rural -0.03 0.44 -0.11 – 0.05 

constant 1.46   
Likelihood ratio test χ2 (df =4) 11.90 0.02  
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Table 2.5. Gamma shared-frailty accelerated failure time parametric model with log-
logistic distribution, measuring the associations between the number of weeks until a first 
WNv-positive test within PHU and year of surveillance, geographic region, 
sociodemographic profile and data source (2002-2008).  

 Coefficient P-value 95% confidence 
interval 

Geographic region    
Central west Reference   

Northwest 0.18 0.11 -0.04 – 0.41 
Northeast 0.18 0.07 -0.01 – 0.37 

Eastern 0.10 0.02 0.02 – 0.19 
Central east -0.04 0.28 -0.11 – 0.03 

Southwest -0.02 0.66 -0.09 – 0.06 
Data source    

Mosquito pool Reference   
Dead corvid -0.09 0.02 -0.19 – 0.02 

Year    
2002 Reference   
2003 0.17 0.001 0.07 – 0.28 
2004 0.17 0.002 0.06 – 0.28 
2005 0.02 0.63 -0.07 – 0.12 
2006 -0.03 0.50 -0.12 – 0.06 
2007 0.29 <0.001 0.17 – 0.40 
2008 0.39 <0.001 0.26 – 0.51 

Sociodemographic profile    
Urban centre Reference   

Rural northern 0.12 0.35 -0.13 – 0.37 
Rural 0.27 <0.001 0.17 – 0.36 

Sparsely populated urban/rural 0.32 0.005 0.10 – 0.55 
Urban/rural 0.10 0.04 0.01 – 0.18 

Data source x year    
Mosquito pool  x 2002 Reference   

Dead corvid  x 2003 -0.19 0.003 -0.32 – -0.06 
Dead corvid  x 2004 -0.31 <0.001 -0.45 – -0.18 
Dead corvid  x 2005 0.04 0.52 -0.08 – 0.16 
Dead corvid  x 2006 0.06 0.34 -0.06 – 0.18 
Dead corvid  x 2007 -0.07 0.33 -0.22 – 0.07 
Dead corvid  x 2008 -0.25 0.001 -0.40 – -0.10 

Data source x PHU profile    
Mosquito pool x urban centre Reference   
Dead corvid x rural northern -0.13 0.22 -0.34 – 0.08 

Dead corvid x rural -0.24 <0.001 -0.34 – -0.15 



 

 

 61 

 
  
 
 
 

Dead corvid x sparsely populated 
urban/rural  

-0.49 <0.001 -0.64 – -0.34 

Dead corvid x urban/rural  -0.09 0.05 -0.18 – 0.001 
constant 3.43 <0.001 3.34 – 3.52 

θ 0.16  0.06 – 0.39 
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Table 2.6. Model-based time ratios for time-to-detect (weeks) for WNv-positive dead corvid 
relative to mosquito pool by PHU geographic region.  

 *Estimates derived from coefficients of gamma shared-frailty accelerated failure time survival model 
with log-logistic distribution. 

Geographic region Time ratio*  
(corvid vs. mosquito pool) 

P-value 95% confidence 
interval 

Central west Reference   
Northwest  1.20 0.11 0.96 – 1.50 
Northeast 1.19 0.07 0.99 – 1.44 
Eastern 1.11 0.02 1.02 – 1.21 
Central east 0.96 0.28 0.89 – 1.03 
Southwest 0.98 0.66 0.92 – 1.06 
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Table 2.7. Model-based time ratios evaluating time-to-detect (weeks) for WNv-positive 
dead corvid relative to mosquito pool by year of surveillance (2002-2008). 

 
 
 
 
 
 

*Estimates derived from coefficients of gamma shared-frailty accelerated failure time survival model 
with log-logistic distribution. 
  

Year of surveillance Time ratio* (corvid vs. 
mosquito pool) 

P-value 95% Confidence 
interval 

2002 0.92  0.10 0.83 – 1.02 
2003 0.90 0.048 0.81 – 0.999 
2004 0.80 <0.001 0.72 – 0.88 
2005 0.98 0.68 0.88 – 1.08 
2006 0.94 0.27 0.85 – 1.05 
2007 1.14 0.02 1.02 – 1.27 
2008 1.05 0.35 0.95 – 1.06 
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Table 2.8. Model-based time ratios for the effect of sociodemographic profile on time-to-
detection of WNv using dead corvids and mosquito pools in Ontario, 2002-2008, based on a 
gamma shared-frailty accelerated failure time parametric model with log-logistic 
distribution.  
 

* Estimates derived from coefficients of gamma shared-frailty accelerated failure time survival model 
with log-logistic distribution. 
 

PHU profile Time ratio* 
(corvid vs. 
mosquito pool) 

P-value 95% Confidence interval 

Urban centre 0.92 0.11 0.83 – 1.02 
Rural northern 0.91 0.48 0.69 – 1.19 

Rural 0.94 0.28 0.84 – 1.05 
Sparsely populated 

urban/rural 
0.77 0.02 0.62 – 0.97 

Urban/rural 0.92 0.16 0.82 – 1.03 
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Chapter 3. A geographic study of West Nile virus in humans, 

dead corvids and mosquitoes in Ontario, 2002 – 2008, using 

spatial scan statistics with a survival time application.  

As published in: Zoonoses and Public Health, Volume 64, Issue 7, pages 381-389, November 

2017 

Article authorship: A. L. Thomas-Bachli, D. L. Pearl, O. Berke, E. J. Parmley, I. K. Barker 

Abstract 

Surveillance of West Nile virus (WNv) in Ontario has included passive reporting of 

human cases and testing of trapped mosquitoes and dead birds found by the public. The dead 

bird surveillance program had focused on the testing of corvids (crows, ravens, jays and 

magpies), and was limited to testing within a health unit until a small number of birds test 

positive. The dead corvid and mosquito surveillance programs have not been compared for their 

ability to provide early warning in geographic areas where human cases occur each year. We 

explored the first found dead corvids and trapped mosquitoes within public health units (PHUs) 

for evidence of space-time clusters that were predictive of where first human case clusters 

occurred. We also examined whether controlling for confounding factors related to health unit 

demographics and geographic region improved the detection of areas with earlier-than-expected 

viral activity. 

 Spatial scan statistics were applied to raw time-to-event survival data and survival times 

derived after adjusting for known confounding factors. Clusters of early cases of WNv-infected 

dead birds and mosquito pools were examined in relation to clusters of early human cases to 
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evaluate their ability to predict where the first seasonal human infections occurred. The raw and 

model-adjusted clusters were compared to examine whether geographic and sociodemographic 

factors influenced the distribution of space-time clusters.  

 Statistically significant (p<0.05) space-time clusters of PHUs with faster time-to-

detection were found using each surveillance data stream. During 2002-2004, the corvid 

surveillance program outperformed the mosquito program in terms of time to first case detection, 

while the clusters of first-detected mosquito pools were more spatially similar to first human 

cases. In 2006, a cluster of first-positive dead corvids was located in northern PHUs and 

preceded a cluster of early human cases that was identified after controlling for the influence of 

geographic region and sociodemographic profile.  

 Spatial scan statistics applied to survival time surveillance information shows dead 

corvids provided timely indication of WNv activity in Ontario. Model-adjusted spatial scan 

statistics applied to surveillance data also show promise in reducing underlying bias, and 

improving cluster detection. 

Introduction 

 West Nile virus (WNv) was first identified in North America in 1999 as the causative 

agent in outbreaks of neurological illness and/or death in humans, birds and horses in New York 

State [1]. In Ontario, WNv was first detected in 2001 by testing of dead birds found by the 

public, and the first human cases were reported in 2002 [2]. WNv quickly established itself 

province-wide and became a nationally-notifiable disease in Canada in 2003 [2, 3].  

 West Nile virus primarily cycles between ornithophillic mosquitoes and birds, in both of 

which it replicates [4]. This cycle is influenced by a complex interplay of factors, including the 



 

 

 67 

environmental conditions and landscape features in an area, as well as the vector (mosquito) and 

host species (birds) population composition. Human infections typically begin to appear mid-

summer, when the virus has reached a prevalence within bird and mosquito populations 

sufficient to cause ‘spill-over’ to dead-end hosts, including humans, horses and other mammals 

[5]. Close human proximity to populations of infected bridge vector mosquitoes, which bite both 

birds and humans, is necessary for transmission to occur [6]. Changing ecology of bird 

populations mid-summer may also promote zoonotic transmission between primarily 

ornithophillic mosquitoes and humans, when there may be fewer birds present in certain areas 

[7]. Knowledge that WNv is circulating in the local bird and mosquito populations can be used to 

direct vector control strategies, prompt increased surveillance, and reinforce public health 

messaging. 

 In Ontario, there are 36 public health units (PHUs) covering all regions [8]. The PHUs 

coordinate WNv surveillance activities and disseminate public health information to prevent 

human infections at the local level (Ministry of Health and Longterm Care, Health Analytics 

Branch 2012). During 2001 – 2008, sources of surveillance data included dead birds that were 

found by the public, mosquitoes trapped and collected weekly across the PHUs, and reported 

human cases. Reporting and submission of found dead birds was restricted to the Corvidae (blue 

jays, crows, magpies and ravens) due to their high mortality rates from WNv [9], and their large 

size and widespread distribution in urban and rural areas. Each PHU, on confirming the presence 

of WNv in various parts of their jurisdiction, discontinued submissions of dead birds once the 

first few (generally between 4-7) corvids tested positive. Provincial support for the dead corvids’ 

surveillance stopped in 2009, though limited testing is still conducted by some PHUs.  
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  Previous geospatial studies investigating the utility of various types of WNv surveillance 

have used a number of approaches depending on the type of data collected. These have included 

applying spatial scan statistics based on a Bernoulli model to explore for space-time clustering of 

infected vs. uninfected dead birds and, similarly, infected vs. uninfected mosquito pools [10-12]. 

We have previously reported that the timing of WNv detection within Ontario PHUs varied by 

surveillance stream (i.e., corvids or mosquitoes), year of surveillance (between 2002-2008), 

geographic region and human sociodemographic characteristics [13]. 

 In this study, we explored whether the first-positive dead corvids and mosquito pools 

among PHUs cluster in space-time, both before and after adjusting for known influencing 

factors. We further investigated whether the timing and locations of clusters of PHUs with early 

first-positive corvid and mosquito pools would have provided timely warning for public health 

promotion before the first human cases occurred in Ontario during the 2002 – 2008 period. Due 

to the cap on the number of dead corvids tested after WNv was detected in each PHU, traditional 

count or risk-based analyses are not appropriate for evaluating the corvid surveillance data. 

However, a recently developed spatial scan statistic based on an exponentially-distributed time-

to-event survival model has allowed space-time cluster detection for survival data [14].  

 The objectives for this study were: 1) determine, using the exponentially-distributed time-

to-event scan statistic, if there were space-time clusters of PHUs with early WNv detection using 

the species-specific surveillance data, adjusted for known factors that influence WNv reporting 

and detection [13]; 2) compare the space-time clusters generated using these different data 

sources to one another before and after covariate adjustment; and 3) determine the utility of these 

statistical approaches and data sources for identifying unusually early WNv activity that might 

be of relevance to public health. To meet our objectives, the spatial scan statistic was applied to 
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time-to-event data based on the first positive cases of corvids, mosquito pools and humans, 

within individual Ontario PHUs, for each surveillance season during 2002 – 2008. By applying 

scan statistics to the survival times adjusted for geographic and human demographic factors, we 

aimed to detect areas where there was earlier than expected WNv activity. 

Methods 

Data sources 
 The Canadian Wildlife Health Cooperative provided access to its dead wild bird 

database. This dataset included the geographic coordinates and PHU in which each bird was 

found, as well as the date found and the WNv status of the test. Public Health Ontario provided 

access to human case records and mosquito surveillance data. Mosquitoes caught in Centres for 

Disease Control (CDC) traps, which use a light source and carbon dioxide, or gravid traps 

containing organic material-infused water for attracting gravid female mosquitoes. Traps were 

placed strategically within PHUs collected weekly by contract service providers during the 

summer months. The mosquitoes then were grouped by species and tested for WNv in ‘pools’ of 

≤ 50 mosquitoes [1]. Each PHU was allotted 3 pools per mosquito trap for testing per week, and 

the species were prioritized according to risk for transmitting WNv to humans. The mosquito 

dataset contained the geographic coordinates of all mosquito trap sites across the province. For 

each trap site, there were details regarding the dates mosquitoes were collected and tested, the 

species of each pool and WNv test results. The human case dataset included information about 

the PHU in which cases resided, the epidemiological week (i.e., epi week) of symptom onset, 

month and year during which symptoms appeared. Confidentiality restrictions precluded access 

to more precise location identifiers and exact date of symptom onset. Details regarding testing 

programs for birds, mosquitoes and humans have been previously described [1]. For this study, 
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we limited analysis to surveillance years 2002 – 2008, because province-wide use of dead bird 

surveillance ceased after 2008 and bird submissions were dramatically reduced subsequently.                                                                                                               

 In order to maintain consistency between the three surveillance data streams, the number 

of the epi week, using the CDC definition [15] was based on the date when a dead corvid was 

found, mosquito pool was collected, or human case became symptomatic. Each PHU was 

assigned to a geographic region (Northwest, Northeast, Eastern, Central west, Central east, 

Southwest) according to designations by the Ontario Ministry of Health and Longterm Care 

(MOHLTC) (Appendix 1) [8]. We combined the two northern regions (Northwest and Northeast) 

for analyses of the mosquito data due to low numbers of WNv-positive pools in these locations. 

The PHUs were also categorized based on the sociodemographic profile developed by Statistics 

Canada and the MOHLTC (Appendix 2) [16]. PHUs with similar social, demographic and 

economic characteristics were assigned to one of the following sociodemographic categories: 

metropolitan centre (City of Toronto), urban centre, urban/rural mix, sparsely populated 

urban/rural mix, mainly rural and rural northern region. We grouped the City of Toronto with 

urban centres for this study to avoid analytical issues since it is the only PHU designated as a 

metropolitan centre. In 2002, there were 37 PHUs, but in 2003 the Muskoka-Parry Sound (MPS) 

health unit was dissolved and merged with parts of North Bay and Simcoe District health units to 

become North Bay-Parry Sound (NBPS) and Muskoka-Simcoe (MS) health units. To maintain 

consistency for our analyses throughout the years examined, we used the first WNv-positive 

dead corvid/mosquito pool/human case results from either MPS or North Bay District, whichever 

were detected first, as the first positive for each species for the NBPS PHU in 2002.  

 The final corvid, mosquito pool and human datasets contained the epi week during which 

the first WNv-positive case was found (corvids), collected (mosquitoes) or became symptomatic 
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(humans) within each PHU, the PHU identification number and centroid geographic coordinates 

(latitude and longitude), year of study, geographic region, and sociodemographic profile. The 

corvid and mosquito datasets also contained the exact date of citizen reporting (corvid) and trap 

collection (mosquito). For the human case dataset, because the exact date of symptom onset was 

required by SaTScan, we used the date corresponding with the Wednesday during the epi week 

of symptom onset, or the first or last date of the corresponding month, if a Wednesday did not 

fall in that epi week for the given month. For each species’ surveillance data, PHUs which did 

not detect WNv during a particular year were censored at epi week 46. The precise date was 

specified as the Saturday of epi week 46 for each particular year to coincide with the 

approximate end of yearly WNv surveillance of WNv in corvids and mosquitoes in Ontario. To 

maintain consistency between the three separate surveillance streams, the approximate onset of 

the WNv surveillance season was defined as epi week 20. The survival time attribute was then 

the number of epi weeks, between epi week 20 and the epi week when WNv was detected or 

censored, for each surveillance stream within each PHU. 

Spatial scan statistics 
 Spatial scan statistics were applied using SaTScanTM version 9.3 for continuous time-to-

event (survival) data, based on an exponential survival distribution model. The exponential 

model-based scan statistic was first described in detail by Huang et al. [14]. This application is 

robust to different underlying survival distributions [17].  Briefly, the mean exponentially-

distributed survival times (time-to-detect WNv within each PHU) in space-time are compared 

inside a variably-sized scanning window to the remaining PHUs outside the window. For each 

window, the maximum likelihood function tests for an excess of PHUs with early detection of 

WNv within the scanning window relative to the expected value. An observed/expected ratio is 
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then estimated, and the most likely cluster is determined as the space-time window with the 

maximum likelihood, based on a likelihood ratio test statistic. After that, Monte Carlo 

permutations of the space-time locations and survival time attributes provide statistical inference 

for the most likely cluster, and any secondary clusters identified.  The exponential spatial scan 

statistic utilizes two time attributes: the date of the first positive test results and the number of epi 

weeks between the onset of surveillance until the first positive test. The statistic scans over the 

first-positive test dates, while exploring for clusters of PHUs with exceptionally small numbers 

of epi weeks (the survival time attribute) between the surveillance onset date and WNv detection 

date. The three surveillance data streams (i.e., found dead corvids, trapped mosquitoes in 

speciated pools, and reported human cases) were analyzed separately and by year for evidence of 

clustering in space-time.  

 We allowed the scanning windows to vary spatially in size from the minimum allowable 

number of PHUs (two) to a maximum of 50% of the PHUs (i.e., 18), while the temporal component 

of the windows was allowed to vary between one day and 50% of the surveillance study period for 

each year (i.e., 13 weeks). We allowed for reporting of secondary clusters that overlapped in space, 

provided that no pairs of centroids were both in each other’s clusters. This technique allows 

identification of clusters that may be similar in space but occur during different time periods. The 

statistical significance of each cluster was based on 999 Monte Carlo permutations. For each 

statistically significant space-time cluster, we report the number of WNv-positive PHUs, number 

of censored PHUs, timeframe, location of the cluster centroid (latitude and longitude), radius of 

the cluster in kilometers defined by SaTScan, ratio of observed/expected cases, and the p-value. 

Statistically significant (p<0.05) space-time clusters that were non-overlapping in space-time are 

presented. Clusters of PHUs were mapped in ArcGIS 10.2.1 (ESRI, Redlands, CA, USA). The 



 

 

 73 

locations and timeframes of space-time clusters were compared qualitatively in terms of relative 

temporal and spatial location between surveillance streams for each year of study. All scan 

statistics were performed in SaTScanTM version 9.3 [18]. 

Model-adjusted spatial scan statistics 
 

Parametric survival models with an exponential distribution were fit using maximum 

likelihood estimation to the following three datasets: all first-WNv-positive cases or censored 

data from each Ontario PHU based on corvids found dead, all first-positive mosquito pools, and 

all first-positive human cases from each PHU during 2002-2008. We estimated the associations 

between the time-to-detect a WNv-positive test and the geographic region and sociodemographic 

profile of the PHU.  Due to repeated measures from 7 years of test results within PHUs, 

inclusion of a shared frailty for PHU with a gamma distribution to control for clustering at the 

PHU level was assessed for significance based on a likelihood ratio test. Models were 

constructed using Stata version 11.2 (StataCorp, College Station, TX, USA). The coefficients 

from the exponential parametric models for each surveillance data stream were used to derive 

expected survival times, in number of weeks, based on the adjustment methods outlined in 

Huang et al. [19].  The model-adjusted weeks were specified as the survival time attribute for the 

adjusted scan tests. Areas with statistically significant earlier detection are reported. 

Results 

 Using the dates of first-WNv-positive dead corvids reported by the public, space-time 

clusters of PHUs with faster time-to-detection of WNv were identified in 2002, 2003, 2004, 2006 

and 2007 (Table 3.1). Space-time clusters of PHUs with earlier WNv detection using trapped 

mosquitoes were identified for all years of study (except 2006 using model-adjusted survival 

times) (Table 3.2).  Space-time clusters of first human cases were identified during all years of 
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study (2002-2008) (Table 3.3). Regardless of the data source, all of the secondary clusters 

identified overlapped in space-time, so only primary clusters are presented. 

Spatial distribution of clusters, unadjusted data 
 
 Using unadjusted data from 2002, clusters of PHUs with earlier detection based on 

infected corvids, mosquitoes and humans were located in overlapping areas in the southern and 

central regions of the province (Figure 3.1). Space-time clusters of PHUs with earlier than 

expected detection of WNv based on positive mosquito pools and human surveillance changed in 

location slightly from year-to-year, but all were identified in the south and central most densely 

populated areas of Ontario. Space-time scans of first-positive dead corvids showed more regional 

variation over the study period, with clusters identified further north in the province in 2006 

(Figure 3.2). Generally, there was closer spatial overlap between the clusters of PHUs with early 

human cases and mosquito pools, in comparison with dead corvids, during years in which 

clusters were identified using all surveillance data sources. All clusters contained censored PHUs 

(i.e. where WNv was not detected) (Tables 3.1, 3.2, 3.3). 

Model-adjusted spatial scan statistic 
 
 Clusters of PHUs with earlier than expected activity, detected using model-adjusted data 

based on each surveillance stream, usually varied little from year-to-year (Tables 3.1, 3.2, 3.3). 

However, an exception was noted for human surveillance in 2006. After adjusting for underlying 

factors related to geography and demographics, we found that a cluster of PHUs with earlier than 

expected human cases was identified in the north, instead of being located in the southern part of 

the province. This cluster contained the same PHUs as those in the clusters identified using 

unadjusted and model-adjusted corvids surveillance data (Figure 3.2). 

Timeliness of detection 
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 Generally, space-time clusters of PHUs with early detection of WNv identified using 

unadjusted survival times occurred over about the same time intervals as those identified using 

model-adjusted survival times (Table 3.4). Clusters of PHUs identified using first-positive 

corvids tended to begin approximately 2 months prior to spatially-overlapping clusters based on 

first human cases (Table 3.4). During 2002, 2004 and 2006, space-time clusters of PHUs 

identified using unadjusted dead corvid surveillance data ended between 13 days to over one 

month prior to the emergence of clusters identified using human surveillance data (Table 3.4). In 

2003 and 2007, clusters detected using human surveillance began prior to the end of the clusters 

detected using unadjusted corvid surveillance data (Table 3.4). Model adjustments to the corvid 

surveillance data from 2002 resulted in the clusters ending 3 weeks later and overlapping 

temporally with the cluster of PHUs based on human cases (Table 3.4). The clusters of PHUs 

identified using infected mosquitoes all overlapped temporally with clusters based on human 

surveillance (Table 3.4).  

Discussion 

Statistically significant space-time clusters of PHUs with earlier than expected detection 

of WNv were identified using the spatial scan statistic with an exponential distribution applied to 

first-positive dead corvids, trapped mosquitoes and reported human cases. These results indicate 

a heterogenous distribution of first-positive tests for WNv in PHUs across Ontario using the 

three types of surveillance data, even after adjusting for varying demographics and geographic 

location. Using this technique, the dead corvid surveillance data provided detection of WNv in a 

timelier manner in Ontario than the other surveillance modalities during most years investigated. 

Because corvid species are large, easily recognizable, and often reside in close proximity to 
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humans, they are particularly suitable as a sentinel species for public reporting. Furthermore, 

among dead corvids submitted for WNv testing between 2002 - 2008, a relatively high 

proportion were positive for WNv infection; a much greater effort was required to detect infected 

mosquitoes [13]. The survival approach described is particularly useful for surveillance data 

which does not support risk analyses based on counts or rates. In this example, there were 

changes in testing that occurred once a series of positive test results was obtained. This 

methodology could be included in current WNv surveillance approaches to aid in the 

identification of areas in need of enhanced public health messaging, and target mosquito 

surveillance.  

Clusters of PHUs with earlier than expected positive mosquitoes and human cases 

identified using unadjusted data from 2002-2008 showed little regional variation; all contained 

similar groups of southern and central PHUs. There was more geographic variation in earlier 

than expected WNv activity based on corvid surveillance. During the initial incursion into 

Ontario, clusters of PHUs with earlier than expected first positive dead corvids were located in 

the warmer southern and south-central regions of the province, as would be expected with a virus 

dependent on accumulated degree days for replication, amplification and transmission [20]. 

However, during the years that followed, clusters of PHUs based on first positive dead corvids 

demonstrated a more northerly distribution. It is difficult to explain this change in the geography 

of early seasonal WNv cases in corvids. The virus had spread to most parts of the province by 

the end of 2002 [2] so it is unlikely that the change represents movement into naïve populations 

of birds. There are no serological studies to our knowledge that would support improved 

immunity to WNv among birds in the southern PHUs compared to those in the north. Since the 

corvid surveillance data are obtained by public reporting, it is possible that the changing 
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distribution of clusters reflects waning concern about the risk of WNv among the public in 

southern Ontario. Another explanation could be related to corvid population declines in the south 

as a consequence of high viral activity; there is some evidence of general declines in the 

American crow populations of North America based on population estimates from North 

American Breeding Bird Surveys [21] and summary data from the Audubon Christmas Bird 

Count [22]. Regardless of the cause of the change in distribution, the detection of clusters 

containing northern PHUs demonstrates the utility of citizen-derived surveillance data based on 

sentinel wildlife species in lower population density settings. This is particularly highlighted by 

the early identification of WNv in crows in northern Ontario in 2006. 

 Generally, there were minor differences in the locations and timing of clusters identified 

using model-adjusted survival times. The notable exception was in 2006, when the human case 

clusters were identified in different locations: in the south-central region using the unadjusted 

data versus the northern region of the province using model-adjusted survival times. Although 

there were relatively few human cases in the northern regions, when confounding related to 

human population density and geography was considered, a cluster of early human cases was 

identified. This highlights the utility of applying a model-based adjustment to control for 

confounding factors that might otherwise prevent the identification of meaningful clusters. 

Interestingly, this cluster of northern PHUs based on first positive human cases followed a 

cluster of PHUs based on first positive corvids that was identified several weeks earlier.   

Within individual PHUs, the first identified case of WNv based on corvid, mosquito, or 

human surveillance would have prompted action towards increased public messaging to promote 

WNv awareness and prevention of mosquito bites. The methods employed in this study could be 

utilized for detection of unusually early regional WNv activity. To this end, clusters of PHUs 
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based on first-positive corvids provided warning of earlier-than-expected WNv activity that 

preceded human disease onset in similar areas, during several years of surveillance in Ontario. 

The application of scan statistics to model-adjusted survival time data also shows promise in 

identifying areas of earlier than expected WNv activity that may not otherwise be detected when 

important known confounding variables are ignored.  
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Figure 3.1. Space-time clusters of Ontario PHUs with early time-to-detection of WNv using 
an exponential survival distribution model based on raw and model-adjusted time-to-first 
positive corvids, mosquitoes and human cases, 2002.  
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Figure 3.2. Space-time clusters of Ontario PHUs with early time-to-detection of WNv using 
an exponential survival distribution model based on raw and model-adjusted time-to-first 
positive corvids, mosquitoes and human cases, 2006.  

 

a) Corvid unadjusted 

b) Corvids model-adjusted 

c) Mosquitoes unadjusted e) Humans unadjusted 

f) Humans model-adjusted d) Mosquitoes model-adjusted 
 
      no significant clusters 
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Table 3.1. Characteristics of space-time clusters of Ontario PHUs with shorter than expected time-to-detection of West Nile 
virus (2002-2008) based on surveillance of found dead corvids using unadjusted and exponential parametric model-adjusted 
time-to-first positive test results.  

Year Data type Timeframe Number of 
PHUs in 
cluster  
(# cases/# 
censored) 

Latitude
(ºN) 

Longitude 
(ºW) 

Radius 
(km) 

Observed
/Expected  

P-value 

2002 Unadjusted 
Model-adjusted 

2002/5/23 to 2002/7/5 
2002/5/23 to 2002/7/31 

15 (7/8) 
18 (7/11) 

43.00 
42.42 

81.46 
82.13 

157.72 
265.41 

1.21 
1.14 

<0.001 
<0.001 

2003 Unadjusted 
Model-adjusted 

2003/4/24 to 2003/6/26 
2003/4/24 to 2003/7/4 

14 (7/7) 
16 (8/8) 

43.73 
44.41 

79.39 
81.01 

130.69 
184.83 

1.30 
1.26 

0.022 
0.042 

2004 Unadjusted 
Model-adjusted 

2004/5/21 to 2004/6/22 
2004/5/21 to 2004/6/22 

18 (13/5) 
18 (13/5) 

44.08 
44.08 

78.95 
78.95 

180.35 
180.35 

1.27 
1.26 

0.008 
0.005 

2005 Unadjusted 
Model-adjusted 

No significant clusters 
No significant clusters 

 

2006 Unadjusted 
Model-adjusted 

2006/5/24 to 2006/7/6 
2006/5/24 to 2006/6/29 

12 (7/5) 
13 (7/6) 

51.73 
51.73 

83.46 
83.46 

888.52 
901.77 

1.19 
1.19 

0.004 
0.030 

2007 Unadjusted 
Model-adjusted 

2007/6/1 to 2007/9/7 
2007/5/17 to 2007/10/3 

18 (14/4)  
18 (15/3)  

51.43 
44.08 

92.54 
78.95 

1271.96 
180.35 

1.70 
1.59 

0.025 
0.026 

2008 Unadjusted 
Model-adjusted 

No significant clusters 
No significant clusters 
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Table 3.2. Characteristics of space-time clusters of Ontario PHUs with shorter than expected time-to-detection of WNv (2002-
2008) based on surveillance of trapped mosquitoes using unadjusted and parametric exponential model-adjusted time-to-first 
positive test results.  

Year Data type Timeframe Number of 
PHUs in 
cluster  
(# cases/ 
# censored) 

Latitude 
(ºN) 

Longitude 
(ºW) 

Radius 
(km) 

Observed/ 
Expected  

P-value 

2002 Unadjusted 
Model-adjusted 

2002/6/18 to 2002/9/18 
2002/6/18 to 2002/9/18 

18 (17/1) 
18 (17/1) 

44.07 
44.07 

79.43 
79.43 

    161.42 
    161.42 

2.04 
2.04 

<0.001 
<0.001 

2003 Unadjusted 
Model-adjusted 

2003/7/8 to 2003/9/3 
2003/7/8 to 2003/9/3 

15 (11/4) 
15 (11/4) 

43.25 
43.73 

79.96 
79.39 

    124.89 
    131.57 

3.24 
3.04 

<0.001 
<0.001 

2004 Unadjusted 
Model-adjusted 

2004/7/15 to 2004/9/8 
2004/7/15 to 2004/9/8 

17 (10/7) 
18 (10/8) 

42.72 
42.86 

81.23 
80.18 

    186.43 
    168.09 

3.56 
3.14 

<0.001 
0.001 

2005 Unadjusted 
Model-adjusted 

2005/7/7 to 2005/8/30 
2005/7/7 to 2005/8/30 

18 (15/3) 
18 (15/3) 

42.86 
43.05 

80.18 
79.32 

    168.09 
    192.8 

2.05 
1.85 

<0.001 
0.001 

2006 Unadjusted 
Model-adjusted 

2006/7/13 to 2006/9/6 
No significant clusters 

18 (16/2)             42.86 80.18     168.09 1.55 0.019 

2007 Unadjusted 
Model-adjusted 

2007/7/18 to 2007/8/28 
2007/7/18 to 2007/8/28 

17 (8/9) 
17 (8/9) 

42.72 
42.72 

81.23 
81.23 

    186.43 
    186.43 

5.19 
11.22 

<0.001 
<0.001 

2008 Unadjusted 
Model-adjusted 

2008/6/25 to 2008/9/10 
2008/7/29 to 2008/9/10 

17 (5/12) 
  9 (5/4) 

42.42 
43.05 

82.13 
79.32 

    240.05 
    114.42 

8.19 
18.72 

0.003 
0.002 
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Table 3.3. Characteristics of space-time clusters of Ontario PHUs with shorter than expected time-to-detection of WNv (2002-
2008) based on surveillance of human cases using unadjusted time-to-first positive test result.  

Year Data type Timeframe Number of 
PHUs in 
cluster  
(# cases/   
# censored) 

Latitude 
(ºN) 

Longitude 
(ºW) 

Radius 
(km) 

Observed/ 
Expected 

P-value 

2002 Unadjusted 
Model-adjusted 

2002/7/17 to 2002/11/1 
2002/7/17 to 2002/11/1 

17 (15/2) 
18 (15/2) 

43.73 
43.85 

79.39 
80.37 

    117.14 
    129.41 

1.97 
1.92 

<0.001 
<0.001 

2003 
Unadjusted 
Model-adjusted 

2003/6/25 to 2003/9/30 
2003/6/25 to 2003/9/30 

17 (12/5) 
18 (12/6) 

44.66 
44.54 

76.87 
78.21 

    292.21 
    220.88 

2.86 
2.61 

<0.001 
<0.001 

2004 Unadjusted 
Model-adjusted 

2004/7/28 to 2004/9/22 
2004/7/28 to 2004/9/22 

17 (5/12) 
18 (5/13) 

42.72 
42.42 

81.23 
82.13 

    186.43 
    265.41 

7.63 
5.61 

0.012 
0.019 

2005 Unadjusted 
Model-adjusted 

2005/7/6 to 2005/10/5 
2005/7/6 to 2005/9/21 

18 (12/6) 
17 (11/6) 

42.42 
44.07 

82.13 
79.43 

    265.41 
    152.08     

2.79 
2.33 

0.001 
0.005 

2006 Unadjusted 
Model-adjusted 

2006/7/31 to 2006/9/6 
2006/7/31 to 2006/9/6 

18 (12/6) 
18 (9/9) 

43.05 
52.19 

79.32 
88.51 

    192.80 
  1139.10 

2.30 
2.72 

0.010 
0.014 

2007 Unadjusted 
Model-adjusted 

2007/8/8 to 2007/10/10 
2007/8/8 to 2007/10/10 

15 (11/4) 
15 (11/4) 

44.41 
44.41 

81.01 
81.01 

    167.78 
    167.78 

3.97 
4.81 

<0.001 
0.001 

2008 Unadjusted 
Model-adjusted 

2008/7/9 to 2008/9/10 
2008/7/9 to 2008/9/10 

17 (5/12) 
17 (5/12) 

44.66 
44.66 

76.87 
76.87 

    292.21 
    292.21 

8.71 
6.19 

0.002 
0.001 
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Table 3.4. Timing of most likely space-time clusters of PHUs with early detection of WNv using dead corvid, mosquito and 
human surveillance (2002-2008), unadjusted and model-adjusted time-to-first positive test result.  

 
Year 

 
Data type 

 
Birds 

 
Mosquitoes 

 
Humans 

2002 Unadjusted 
Model-adjusted 

May 23 – July 5 
May 23 – July 31 

June 18 – Sept 18  
June 18 – Sept 18 

July 18 – Nov 1 
July 18 – Nov 1 

2003 Unadjusted 
Model-adjusted 

April 24 – June 26 
April 24 – July 4 

July 8 – Sept 3 
July 8 – Sept 3 

June 26 – Sept 30 
June 26 – Sept 30 

2004 Unadjusted 
Model-adjusted 

May 21 – June 22 
May 21 – June 22 

July 15 – Sept 8 
July 15 – Sept 8 

July 28 – Sept 22 
July 28 – Sept 22 

2005 Unadjusted 
Model-adjusted 

No significant clusters 
No significant clusters 

July 7 – Aug 30 
July 7 – Aug 30 

July 7 – Oct 5 
July 7 – Sept 21 

2006  Unadjusted 
Model-adjusted 

May 24 – July 6 
May 24 – June 29 

July 13 – Sept 6 
No significant clusters 

July 30 – Sept 6 
July 30 – Sept 6 

2007 Unadjusted  
Model-adjusted   

June 1 – Sept 7 
May 17 – Oct 3 

July 18 – Aug 28 
July 18 – Aug 28         

Aug 8 – Oct 10 
Aug 8 – Oct 10 

2008 Unadjusted 
Model-adjusted 

No significant clusters 
No significant clusters   

June 25 – Sept 10 
July 29 – Sept 10 

July 9 – Sept 10 
July 9 – Sept 10 
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Chapter 4. Were dead crow sightings useful for predicting West 
Nile virus in Ontario? Looking back at citizen-derived phone call 
data. 

Abstract 

West Nile virus (WNv) was identified in Ontario in dead birds in 2001, and the first 

human cases were reported in 2002. In 2002, surveillance focused on testing of corvids 

(including crows, ravens, magpies and jays) found dead by citizens across Ontario, in addition to 

testing of trapped mosquitoes and human case reports. Although over 15 years have passed since 

WNv emerged in Ontario, the citizen phone calls reporting dead corvids found during the initial 

spread of the virus have not been explored for their utility in detecting the presence of the virus 

within public health units. The objectives of this study were to examine the spatial and temporal 

trends in the citizen phone calls in relation to WNv-positive test results of corvids submitted for 

testing. Phone call reports of found dead corvids, and those submitted for testing within PHUs 

were examined descriptively and using scan statistics. There were 12,886 citizen phone calls 

reporting dead corvids received by all 37 Ontario public health units as they existed in 2002. Of 

the found dead corvids, 958 were tested for WNv and 278 tested positive. The southern public 

health units (PHUs) generally showed the highest density of phone calls. Some northern PHUs 

also demonstrated relatively high phone calls per capita, while urban PHUs with high population 

densities had low corvid phone calls per capita. In most PHUs, the first WNv-positive corvids 

and the highest proportion of positive tests occurred earlier than the peak in citizen phone calls, 

indicating a lag response by the public, possibly due to increased awareness and heightened 

interest after WNv had been identified. There was a significant temporal cluster of WNv-positive 

corvids which began earlier than a temporal cluster based on the phone calls. The space-time 
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clusters of phone calls and WNv-positive corvids showed some similarities in space. However, a 

cluster of WNv-positive corvids in the north occurred much later than the cluster based only on 

phone calls, while spatially similar clusters in the south were identified earlier using WNv-

positive corvids. There were regional differences in submission patterns that may have 

influenced the clusters found in some areas. For the rapid identification of WNv within PHUs, 

testing of corvids and subsequent positive tests generally provided more rapid and accurate 

indication of WNv presence. Measures based on phone calls alone would not have been as timely 

but could provide spatial risk information for monitoring the likely presence of the virus.  

Introduction 

West Nile virus (WNv) is an arbovirus of the Japanese encephalitis virus (JEV) serogroup. 

The natural hosts of WNv are wild birds, and the disease is spread by mosquitoes, although 

horizontal transmission has been documented in some bird species [1]. It is suspected that birds 

are responsible for dispersion of the virus through long range migration [2], while shorter flights 

set up areas of local amplification in mosquito populations [3]. Spill-over from birds to dead-end 

hosts, (i.e. humans and other mammals), can occur when the virus has amplified within local bird 

and mosquito populations.  

In Canada, surveillance activities were initiated in 2000 to monitor for the presence of the 

virus, after its identification as the cause of a neuro-invasive disease outbreak in New York State 

in 1999. Corvids, the family of birds that includes crows, magpies, ravens, and jays in North 

America, appeared to be highly susceptible to WNv infection and demonstrated high mortality 

rates [3]. A system was therefore established by the Canadian Wildlife Health Centre (CWHC) 

to obtain information from the Ontario public on dead corvid phone calls and collect some of 
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these specimens for WNv testing. By 2001, the disease was identified in found dead corvids in a 

southern Ontario PHU, and, subsequently, cases in corvids and humans were reported across the 

province through the summer and fall of 2002 [3, 4].  Compared with mosquito testing and 

human case data, the first WNv-positive dead corvids identified within Ontario PHUs provided 

the earliest warning of WNv presence, during the initial years of surveillance [4]. Spatial scan 

statistics based on early WNv-positive corvids also demonstrated similarities with early WNv 

activity in humans, particularly after adjusting for human demographics [4]. 

The purpose of this study was to determine whether the citizen phone reports of dead 

corvids in 2002 were useful on their own, without knowledge of WNv status, for timely 

indication of WNv presence within PHUs during this seminal year. To this end, the following 

were explored: 1) the distribution of citizen phone reports of dead corvids across Ontario PHUs; 

2) the timeliness of citizen phone calls reporting dead corvids in relation to the first WNv-

positive corvids and the proportion of submitted carcasses that tested positive for WNv; 3) the 

distribution of clusters of unusually high rates of phone calls in time, space, and space-time, in 

comparison to clusters identified based on numbers and proportions of tested birds that were 

positive for WNv. Lastly, carcass submission patterns were examined to understand whether the 

spatial distribution of submissions may have influenced the space-time clusters of WNv-positive 

corvids previously identified. To achieve this objective, clusters of unusually high or low rates of 

carcass submissions were compared to phone calls in space-time. 

Methods 

The Canadian Wildlife Health Cooperative (CWHC) Ontario/Nunavut Region provided a 

dataset containing all citizen phone reports of found dead corvids, across Ontario during 2002. 
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This dataset included the date on which each dead corvid was reported, caller identification 

and/or organization, the public health unit, as well as information on whether the corvid was 

submitted for WNv testing, the test results among those submitted, and the dates positive corvids 

were confirmed at the laboratory. Laboratory testing methodologies have been described in detail 

elsewhere [3]. Briefly, the dead corvid carcasses which were collected by Ontario PHUs for 

testing were sent to the CWHC at the University of Guelph, where RNA was isolated and 

screened for the presence of WNv by real time TaqMan RT-PCR. Positive samples were verified 

by a second TaqMan PCR and standard RT-PCR. Among PHUs without previously identified 

WNv activity, viral isolation was conducted at the National Microbiological Laboratory instead 

of PCR [3].  

The proportion of phone call intensity per capita for each PHU in 2002 was calculated 

using the human population within each PHU from the 2001 Canadian Census [5]. A choropleth 

map was created to visualize the phone calls per capita across Ontario PHUs using ArcMap 

v10.2.1 (ESRI, Redlands, CA, USA). The phone calls and proportion of positive tests were 

summarized by epidemiological week (epi-week) during which the phone report was received or 

test results were reported to the PHU. Timelines were generated of the phone calls and 

proportion of WNv-positive corvids among those tested based on the week during which test 

results were complete, for all of Ontario and individually by PHU. We considered the timing of 

the peak in phone calls to be the week during which the greatest number of phone calls had taken 

place. These timelines were qualitatively examined for trends in peak phone calls compared to 

the timing of the first WNv-positive corvids and the peak in the proportion of positives among 

those tested. 
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Using the software SaTScanTM (Kulldorff, M. 2009), temporal, spatial and space-time 

clusters of citizen phone reports of dead corvids were identified and compared to clusters 

identified based on WNv test-positive corvids. For the spatial and space-time cluster detection, 

PHU centroids in latitude and longitude were obtained using the calculate geometry feature in 

ArcMap v 10.2.1 (ESRI, Redlands, CA, USA). The SaTScanTM program employs a spatial scan 

statistic for identification of clusters where there are more or fewer cases than expected. 

Depending on the researcher’s hypotheses, clusters can be identified in space, time or space-

time, using a variety of statistical models (e.g., Bernoulli, Poisson, space-time permutation). The 

scan statistic explores for clusters and their locations by moving a continually varying-sized 

circular or elliptical window over the data, exploring for groups of events inside the scanning 

window that are greater-than-expected in comparison with events outside the window, while 

adjusting for the geographic distribution of the population. For space-time cluster detection, the 

scanning window can be visualized as a varying-sized cylindrical shape, with the circular base 

representing the spatial component and the height of the cylinder representing the time 

component. The statistical significance of each cluster is determined through Monte Carlo 

hypothesis testing.  

A discrete Poisson model was used to identify spatial and temporal clusters of high rates 

of phone calls. The discrete Poisson model employs a Poisson distribution for case counts based 

on the underlying population size (i.e., the human population of the PHU). A Bernoulli 

distribution was used for identifying temporal, spatial and space-time clusters of high rates of 

WNv-positive corvids as well as space-time clusters of high and low rates of carcasses submitted 

for testing. The Bernoulli model uses information on cases and controls, to explore for clusters 

based on the case distribution relative to the controls. The Bernoulli model is used to test the 
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probability of cases versus controls within the varying-sized circles or cylinders. For 

identification of spatial and space-time clusters of WNv-positive corvids, we compared the 

number of carcasses submitted for testing which were positive for WNv (cases) to the number of 

carcasses submitted for testing which were negative (controls). A space-time permutation model 

for space-time scan tests using the WNv-positive corvids was also employed for comparison. A 

space-time permutation model does not use the background population but instead assumes a 

stable underlying population. The test compares the cases within the window to those that would 

be expected if time and location were independent for all cases.  

 Maximum scanning windows for these analyses were set to 50% of the study period for 

temporal scan tests, 50% of the population at risk for spatial scan tests, and both parameters for 

the space-time scan tests. More specifically, the population at risk for the spatial scan tests based 

on phone calls using a Poisson model was the human population within the PHU where the 

phone call was placed. For the spatial clusters of WNv-positive corvids, based on the Bernoulli 

model, the population at risk was the total number of dead corvids received for testing within the 

PHU where the positive corvid was found. The population at risk for the space-time clusters of 

high and low rates of corvid submissions based on the Bernoulli model was the total number of 

corvids reported by citizens within each PHU. An aggregation length of 1 day was specified for 

the temporal and space-time scan tests. The significance level was determined by employing 

9,999 Monte Carlo replications. Only non-spatially overlapping clusters are reported for the 

spatial scans, while overlapping clusters were allowed for the space-time scan tests if there were 

no pairs of PHU centres in each other’s clusters. This allows for identification of clusters that 

overlap in space during different time periods. We report only the clusters that do not overlap in 

space-time. 
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Results 

Descriptive statistics 

There were 12,886 phone call reports of dead birds reported across Ontario in 2002. Of 

these dead corvid reports, 958 were collected for testing and 278 tested positive for WNv. There 

were 1451 calls which were placed anonymously, with only the location information provided. 

Most callers reported finding a single dead corvid, while 402 callers reported groups of dead 

corvids (between 2-6). A small number of individuals were repeat callers, with 47 citizens 

calling twice during the season and 2 citizens called in to report dead birds on three separate 

occasions. Most calls were placed by individual citizens, while 389/11,435 (3.4%) of calls were 

placed by organizations. The most common types of organizations listed were animal care-

related (258/389), including veterinary hospitals, animal shelters, kennels, wildlife health 

centres, and zoos.  

There was wide variation in the density of phone calls within PHUs, ranging from 0.57 – 

67.64 per 100,000 people in PHUs across Ontario (Table 4.1). The PHUs in the southern region 

of Ontario generally showed the highest density of phone calls (Figure 4.1). In the northern 

PHUs, there were comparatively lower densities of phone calls, except for the northern District 

of Algoma health unit which showed high phone calls per capita (Table 4.1, Figure 4.1). Two 

urban PHUs with high population densities (City of Toronto and City of Ottawa) had relatively 

low phone calls per capita compared with other PHUs (Table 4.1, Figure 4.1). 

 

Timeliness of phone calls and West Nile virus-positive tests 

All PHUs except one (North Bay Parry Sound health unit) submitted the first or second 

reported dead corvid for testing, beginning April 15 (epidemiological week 16). Figure 4.2 is a 
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graphical representation of the timeline of the total number of dead corvid phone calls with the 

number of WNv-positive test results using dead birds for testing as they were identified by 

citizen calls. This timeline shows the peak in the number of WNv-positive test results occurred 

three weeks sooner at epi week 32 than the peak in all citizen phone call reports, which occurred 

at epi week 35 (Figure 4.2). When PHUs were examined individually for weekly dead corvid 

phone reports and the weekly proportion of WNv-positive tests among corvids submitted, most 

(27/36) PHUs showed the positive proportion of tests peaked prior to the peak in phone calls. 

However, in some PHUs, phone calls peaked during the same week (2/36) or earlier (7/36) than 

the peak proportion of WNv-positive tests (Table 4.1). Timiskaming PHU was not compared due 

to low numbers of phone calls and lack of WNv-positive corvids. Almost all PHUs 32/36 

(88.9%) identified the first WNv-positive corvid prior to the peak in citizen reports of dead 

corvids (Table 4.1). The positive proportion of tests peaked during the same week as the first 

positive corvid identification in 14/36 PHUs.  

Spatial scan statistics 

 A temporal cluster of WNv-positive corvids (p < 0.05) was identified which began 2 weeks 

prior to and ended over one month later than the temporal cluster based on all phone call reports 

(Table 4.2). There were two statistically significant spatial clusters of phone calls (Table 4.2, 

Figure 4.3a). The most likely cluster contained 16 PHUs in southern Ontario, and the second 

most likely cluster contained the Durham Region PHU. The spatial scan test based on birds 

tested for WNv identified two statistically significant spatial clusters of WNv-positive corvids 

(Figure 4.3b). The most likely spatial cluster of WNv positive corvids was located in eastern 

Ontario, comprised of 2 PHUs (Figures 4.3b). The secondary clusters for phone calls and WNv 

positive corvids were adjacent to each other but different in size (Figures 4.3a and 4.3b). 
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 There were three significant space-time clusters of dead corvids based on all phone call 

reports which were identified using the space-time permutation model (Table 4.2, Figure 4.4a). 

The most likely cluster took place from late July to early August, and contained a single PHU in 

the south, the Halton Region health unit (Table 4.2 and Figure 4.4a). The second most likely 

cluster took place from mid-May to late July, in the northern part of the province (Table 4.2 and 

Figure 4.4a). The third most likely cluster based on all phone call reports was located in the 

south and extended from the middle of September to early October (Table 4.2 and Figure 4.4a).  

 When the space-time scan statistic was applied with a space-time permutation model using 

the date of the test results and PHU location where WNv-positive corvids were found, five 

statistically significant clusters were identified (Table 4.2, Figure 4.4b). The most likely cluster 

contained two eastern PHUs: Kingston-Frontenac and Hastings-Prince Edward County health 

units, between August 8 – August 22. The second most likely cluster contained a large area of 

northern PHUs from late summer to early fall, which was much later than a spatially-similar 

northern cluster identified using all phone call reports. The third, fourth and fifth most likely 

clusters based on WNv-positive corvids contained single PHUs, all in southern Ontario, during 

June and July (Table 4.2, Figure 4.4b). The fifth most likely cluster was in the Halton PHU, from 

June 15 – July 20, ending approximately one month earlier than the space-time cluster for Halton 

PHU based on all phone calls reports.  

 The space-time scan statistic based on the Bernoulli model identified two space-time 

clusters (p < 0.05) of high rates of WNv-positive corvids (Table 4.2, Figure 4.4c). The most 

likely cluster took place from early September to late October, containing 13 southwestern 

PHUs. The second most likely space-time cluster of high rates of WNv positive corvids based on 

the Bernoulli model contained a cluster of the 15 southernmost PHUs between early July to early 
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August (Table 4.2, Figure 4.4c). 

 Also identified were space-time clusters of high and low corvid carcass submissions 

relative to corvids that were not submitted for testing, using the space-time scan statistics with a 

Bernoulli model. A space-time cluster of high rate carcass submissions was made up of a large 

northern region containing 24 PHUs beginning during the earliest part of the WNv season (mid-

April) and continuing to August 5th (Table 4.2, Figure 4.5), while the low submission rate cluster 

was identified in the later summer from August 1 to September 28 (Table 4.2, Figure 4.5). 

  

Discussion 

 Most phone calls were received from individual citizens, with a small proportion from 

animal-related organizations. The citizen response varied across health units in the province. 

There were generally higher densities of calls in southern Ontario, as was expected based on 

previous research which showed higher recording effort in citizen science studies to be 

associated with higher population density [9]. Though corvid populations are widespread across 

Ontario and abundant in both urban and rural areas, the lower density of reports in two urban 

PHUs (Toronto and Ottawa) may reflect lower densities of corvids in these areas, and/or 

sociodemographic factors related to the likelihood of reporting by citizens. One northern PHU 

showed a relatively high per capita call density, demonstrating the potential utility of citizen 

reporting of wildlife health observations in less populated settings.  

 Since phone call reports resulted in some carcasses being submitted for testing, it is not 

possible to completely separate out these two data for comparison. However, a qualitative 

evaluation of the timeliness of phone call reports in comparison with WNv-positive test results 
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demonstrated that WNv was identified through carcass testing before citizen phone calls 

reporting dead corvids peaked in most PHUs across Ontario. Most PHUs demonstrated this 

trend, however the northern PHUs tended to identify WNv through testing of carcasses after the 

peak in phone calls reports had already occurred. It does not appear that this difference was 

related to a lag in carcass submissions from northern PHUs, since all PHUs except one (North 

Bay Parry Sound health unit) began submitting dead corvids for testing either on the first or 

second citizen phone report. There may have been more encouragement for the public to send 

carcasses to the provincial authorities earlier in the season to explain the lag in peak phone call 

reports compared to positive corvids. There may have also been other contributing causes of 

mortality explaining the increased phone call reports in northern Ontario during the early spring, 

such as stresses related to migration [10] and juvenile mortality at fledging. It is also possible 

that heightened awareness around West Nile virus when it was identified in the south of the 

province prompted residents in northern regions to react in greater proportions to finding dead 

corvids, regardless of the cause of death. A limitation with respect to the significance of this 

finding is the low number of phone call reports and submissions received by some smaller 

northern PHUs. Furthermore, it was likely a combination of logistics, resources and laboratory 

capacity that contributed to the small proportion of corvid carcasses collected and tested across 

the province. The dataset on submitted dead corvids also did not provide information related to 

carcass quality or suspected causes of mortality, so further exploration of these factors is not 

possible. 

 A cluster of high rates of phone call reports which began and ended later than the temporal 

cluster of a high proportion of WNv-positive corvids was identified using the temporal scan 

statistic. This finding confirms that, across Ontario, the peak in citizen phone calls followed the 
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peak in WNv activity in corvids. However, citizen phone calls provided what could be 

considered an initial ‘screening’ for birds likely to have WNv-related mortality, and the 

subsequent testing of carcasses was efficient at verifying local WNv presence. The timeliness 

between dead corvids being reported and test results being finalized was quite variable in 2002 

and took, on average, 2 weeks (Chapter 2). During the years following 2002, test results were 

received on average within 4 days of the date the dead corvid was reported [4].  

 Results from the spatial scan statistic show congruency between the most likely spatial 

cluster of high rates of dead corvid citizen phone calls and the most likely cluster of a high 

proportion of WNv-positive corvids, in the southern part of Ontario where WNv risk in corvids 

and humans was previously shown to be high [11]. The spatial cluster of citizen phone calls in 

Durham region was not identified using the data on WNv-positive corvids. It is possible that this 

spatial cluster based on phone calls would have indicated an area with circulating WNv infection 

in corvids and mosquitoes, since limitations on the timely testing of carcasses based on 

laboratory capacity at the time likely influenced the surveillance data on WNv-positive corvids.  

 There were two space-time clusters of WNv-positive corvids based on the space-time 

permutation model which overlapped geographically with space-time clusters of phone call 

reports, while 3 other clusters of WNv-positive corvids were not identified using phone call 

reports. The most likely cluster based on phone call reports was located in the Halton region 

PHU and took place after the 5th most likely space-time cluster in the same PHU based upon 

WNv-positive corvids. This finding shows the utility of the testing program for earlier warning 

than would have been provided through phone calls alone. It is possible that public awareness of 

WNv increased through the summer of 2002 and influenced rates of phone call reporting over 

time. The amplification of the virus within corvid and mosquito populations was also likely 
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captured by these increasing rates of phone calls after the virus had been identified in certain 

areas. Conversely, the 2nd most likely space-time clusters based on phone calls and WNv-

positive corvids comprised many of the same northern PHUs, but the cluster identified using 

phone call reports took place much earlier than the cluster based on WNv-positive corvids. The 

earlier space-time cluster of phone calls in the north may represent other causes of mortality in 

corvids like those related to spring migration, or reaction to reports of WNv in the south. 

However, in most areas, the phone calls provided the initial screening for WNv presence, while 

testing was important for verifying WNv as the true cause of mortality among corvids found 

dead by the public.  

 The space-time scan statistic based on the Bernoulli model identified two unique clusters 

of a high proportion of WNv positive corvids which were not found using the space-time 

permutation model. These clusters likely represent high WNv activity within these regions; in 

southern Ontario from early June to early July and slightly further north in the autumn from early 

September to late October. The Bernoulli model is not influenced by population shifts, which can 

bias space-time clusters identified using the space-time permutation model. In Ontario during 

middle to late summer, when school holidays take place, population shifts from urban areas in 

the south to more northeasterly parts of the province, and corvid distributional changes, could 

influence the likelihood of citizens finding dead corvids. More northerly population shifts in 

humans and corvids in later summer would expectedly bias results of the space-time permutation 

models towards the northern regions in the later summer, which may explain the discrepancy 

between the results found for positive corvids using both models (Figure 4.4b vs. Figure 4.4c). 

 A limitation of this study was the availability of only one year of dead corvid phone call 

reports. If pre-outbreak data were available on mortality rates in corvids, time series 
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methodologies might allow earlier identification of changes in reporting rates than the week 

during which the most calls were received within PHUs. Our findings suggest that other causes 

of corvid mortality or human behavior may bias these data in some areas, but in most cases, they 

are valuable for initial screening of potential regional activity.  

Summary and Conclusion 

 Since these data were collected prior to the widespread use of smartphones, a present-day 

program would be improved by current technological capabilities. These could include location 

identification and the ability for citizens to upload photographs of corvid carcasses for species 

verification by increasing the ease of reporting, enabling geolocation and species verification. 

Unfortunately, photographs cannot aid in ruling out WNv as a cause of death, since the disease 

causes no external clinical signs, and neurologic disease can contribute to traumatic injuries.  

 This study demonstrates that the dead corvid testing program was efficient for timely 

identification of WNv within local areas in 2002, even though testing methodologies were 

evolving. Measures based on phone call reports of dead corvids were useful for initial warning 

that WNv may have been present in the surrounding area. As our previous study has shown, 

identification of WNv in mosquito pools is a less timely indicator of WNv presence, though may 

provide more specific geographic information. Now that WNv is endemic in Ontario, it is 

equally important to advise the public about the start of the risk period for seasonal transmission. 

Once human cases appear, the risk has likely been present in the environment for some time (i.e., 

approximately one month or more).  

 As in 2002, measures that can be taken against WNv transmission remain few, and include 

protecting against mosquito bites and reducing mosquito populations on privately-owned 

properties [12,13]. These types of strategies require ongoing public engagement efforts, 
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particularly since the heightened awareness and concern amongst the public has waned and 

media interest about the disease has died off, despite WNv remaining a seasonal threat to human 

and animal health. There are no data to clearly support the benefit of providing timely awareness 

of WNv activity to citizens and health providers, and when public engagement strategies are 

most useful for reducing disease risk. However, if we assume that there are benefits of targeted 

timely warning to the public that WNv is present in an area, the results of this study support the 

incorporation of citizen monitoring for dead corvids and the testing of carcasses for ongoing 

WNv surveillance.  
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Figure 4.1 Map of dead corvid phone call reports per capita for the surveillance of West 
Nile virus, in Ontario PHUs, 2002. 
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Figure 4.2. Epidemic curves of bird tests and citizen calls demonstrating a time lag between 
all dead corvid phone reports (sightings) and the WNv-positive corvids among those tested 
in Ontario, 2002. 
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a)                                                                 b) 

                   
Figure 4.3. Map of PHUs in Ontario, 2002, showing the location of spatial clusters 
identified using the spatial scan statistic, based on a) density of citizen phone call reports of 
dead corvids (Poisson model) and b) all WNv-tested corvids (Bernoulli model) 

a) b)Spatial	cluster	all	phone	call	reports Spatial	cluster	all	WNv +ve corvids



 

 

 105 

 

a)                                                                b) 

    
     c) 

 
Figure 4.4. Map of PHUs in Ontario, 2002, showing the location of space-time clusters 
identified using a) the space-time permutation model, based on all citizen phone call 
reports of dead corvids, b) the space-time permutation model, based on WNv-positive 
corvids, and c) the Bernoulli model, based on WNv-positive corvids relative to WNv-
negative corvids
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Figure 4.5. Map of PHUs in Ontario, 2002, showing the location of high and low rate space-
time clusters, identified using the space-time scan statistic with a Bernoulli model, based on 
all corvids submitted for WNv testing in comparison with phone reports of dead corvids 
not submitted for testing. 
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Table 4.1. Incidence of dead corvid phone reports within Ontario PHUs and the timeliness 
of WNv-positive dead corvids, 2002.  
 

Public Health Unit (2002) Dead corvid 
phone 
reports per 
100,000  
human 
population  

Peak dead 
corvid  
phone 
reports 
(epiweek) 

Peak 
proportion 
WNv +ve 
corvids 
(epiweek) 

First WNv 
+ve  corvid 
 (epiweek) 

Northwestern District 5.82 31 32 32 

Thunder Bay District  2.34 37 32 31 

Porcupine 1.83 38 35 35 

Algoma 13.21 34 34 29 

Sudbury 2.49 31 36 35 

Timiskaming 0.57 36 N/A  N/A 

North Bay District 5.72 32 35 35 

Muskoka Parry Sound 7.67 36 29 29 

Renfrew County and District 3.16 31 30 30 

Ottawa 0.86 33 30 30 

Eastern Ontario 6.21 37 30 30 

Leeds, Grenville and Lanarck District 7.37 35 28 30 

Kingston, Frontenac, Lennox and Addington 1.33 32 33 32 

Hastings and Prince Edward Counties 8.07 37 34 32 

Peterborough  4.77 35 33 31 

Haliburton, Kawartha, Pine Ridge District 9.42 34 34 29 

Simcoe District 9.91 35 40 31 

Durham Regional 14.38 35 32 30 

York Regional 11.91 34 31 29 

Toronto 0.73 31 27 27 

Peel Regional 14.10 35 21 21 

Bruce-Grey-Owen Sound 4.51 34 33 30 

Wellington-Dufferin-Guelph 11.82 35 32 29 
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Halton Regional 67.64 32 29 24 

Huron County 6.30 34 30 29 

Perth District 29.54 33 27 27 

Waterloo 8.23 34 36 28 

City of Hamilton 2.02 29 40 28 

Niagara Regional 24.94 34 29 28 

Oxford County 30.93 34 32 23 

Brant County 17.72 35 29 29 

Haldimand-Norfolk 18.02 35 28 28 

Middlesex-London 23.66 36 32 25 

Elgin-St. Thomas 6.74 34 31 31 

Lambton 13.86 34 29 29 

Chatham-Kent 47.14 35 28 24 

Windsor-Essex 21.56 33 30 25 
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Table 4.2. Public health unit (PHU) area-level spatial, temporal and space-time clusters of dead corvid phone reports, WNv-
positive corvids and carcass submissions for WNv testing, Ontario, 2002.  
 

Type of 
cluster 

Distribution Dataset Cluster  Location (centroid 
latitude and 
longitude) 

Radius 
(km) 

# PHUs Observed/e
xpected 

Relative 
risk 

P-value Time- frame 

Temporal Poisson All dead 
corvid reports 

1 N/A N/A All 5.02 25.96 0.001 2002/7/22 -
2002/9/20 

Temporal Bernoulli WNv +ve 
corvids 
(cases) and 
WNV –ve 
corvids 
(controls) 

1 N/A N/A All 6.17 24.16 0.001 2002/7/7 - 
2002/10/29 

Spatial Poisson All dead 
corvid reports 

1 42.72 N, 81.23 W 163.20 15 1.79 4.02 <0.001 N/A 
2 43.9 N, 78.44 W 0 1 2.07 2.41 <0.001 N/A 

Spatial Bernoulli WNv +ve 
corvids 
(cases) and 
WNV –ve 
corvids 
(controls) 

1 44.66 N, 76.87 W 53.92 2 2.24 2.35 0.005 N/A 

   2 42.72 N, 81.23 W 141.75 13 1.25 1.45 0.049 N/A 
Space-time Space-time 

permutation 
All dead 
corvid reports 

1 44.08 N, 78.95 W 0 1  1.61 N/A <0.001 2002/7/26 - 
2002/8/19 

   2 47.65 N, 83.82 W 479.0 9  2.89 N/A <0.001 2002/5/12 - 
2002/7/22 
 

   3 43.11 N, 80.77 W 48.26 4  2.85 N/A <0.001 2002/9/14 - 
2002/10/7 

Space-time Space-time 
permutation 

WNv +ve 
corvids 

1 44.63 N, 77.55 W 53.92 2 5.9 N/A <0.001 2002/8/8 - 
2002/8/22 

   2 51.73 N, 83.46 W 824.84 10 3.86 N/A <0.001 2002/8/20 - 
2002/10/2 

   3 42.42 N, 82.13 W 0 1  25.27 N/A <0.001 2002/6/12 -
2002/6/14 

   4 43.0 N, 81.46 W 0 1  4.36 N/A 0.012 2002/7/22 -
2002/7/29 

   5 44.08 N, 78.95 W 0 1  3.91 N/A 0.017 2002/6/15 - 
2002/7/20 
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Space-time 
 

Bernoulli 
 

 WNv +ve 
corvids 
(cases) and 
WNV –ve 
corvids 
(controls) 

1 44.41 N, 81.01 W 154.31 13 
 

4.77 5.23 <0.001 2002/9/9 - 
2002/10/25 

   2 43.0 N, 81.46 W 157.72 15  1.89 2.47 <0.001 2002/7/8 – 
2002/8/7 

Space-time Bernoulli  
High rates 

Corvid 
carcasses 
tested (cases) 
and dead 
corvids not 
tested 
(controls) 

1 51.73 N, 83.46 W 946.72 24 4.35 6.97 <0.001 2002/4/15 – 
2002/8/5 

Space-time Bernoulli 
Low rates 

Corvid 
carcasses 
tested (cases) 
and dead 
corvids not 
tested 
(controls) 

1 43.73 N, 79.39 W 75.69 6 0.03 0.02 <0.001 2002/8/1 – 
2002/9/28 
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Sociodemographic factors associated with citizen phone reports 
of dead corvids during the introduction of West Nile virus in 
Ontario, Canada 

Abstract 

West Nile virus (WNv) was identified in most regions of Ontario, Canada by the end of 

2002. Surveillance of WNv at the time included testing of corvids found dead and reported by 

citizens across Ontario. The objective of this study was to examine associations between rates of 

citizen phone reports of dead corvids and sociodemographic factors within the geographic areas 

where the reports were obtained. The data were grouped by forward sortation area (FSA), a 

geographical area based upon postal codes, which was linked with census data. Associations 

between the weekly rate of citizen reports and FSA-level sociodemographic factors were 

measured using multilevel negative binomial models. There were 12,295 sightings of dead 

corvids reported by citizens in 83.3% of Ontario FSAs. Factors associated with the weekly rate 

of phone reports included the proportion of high-rise housing, the proportion of households with 

children, the proportion of seniors in the population, the proportion of citizens with no 

knowledge of either official language and the latitude of the FSA. There was a higher rate of 

citizen phone reports in FSAs with less than 80% high-rise housing and greater proportions of 

households with children. There were significant interactions between the proportion of the 

population having no knowledge of official languages with the proportion of seniors and FSA 

latitude. The positive and negative association in the rate of calls with the proportion of seniors 

and latitude of the FSA, respectively, were moderated by the proportion of the population with 

knowledge of official language(s). Understanding the sociodemographic characteristics 

associated with citizen reporting rates for disease surveillance can be used to inform the use of 
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spatial scan statistics. For example, the normal scan test on residuals from a regression model 

can be used to reduce confounding. In vector-borne disease surveillance systems, this type of 

approach can be helpful to improve cluster detection beyond what is expected. 

Introduction 

West Nile virus was first identified in 1937 in Uganda [1], and until the mid-1990’s was 

associated with sporadic outbreaks of mild illness in humans in Africa, the Middle East, and 

Europe [2]. Subsequently, strains of WNv appeared to cause higher morbidity and mortality in 

humans and horses in parts of Europe, North Africa and the Middle East [3]. A strain of WNv 

implicated in outbreaks of mortality in domestic geese in Israel was homologous to the strain that 

emerged in New York State, United States (U.S.) in 1999 [4]. These outbreaks were associated 

with more severe neurologic disease and higher mortality in humans, horses and birds. Corvids 

(crows, magpies, ravens, jays) appeared to be particularly susceptible to WNv infection and 

demonstrated high mortality rates [5]. In Canada, surveillance activities for the detection and 

monitoring of West Nile virus were initiated in 2000, which included mosquito trapping and 

testing, sentinel surveillance using chickens, collection and testing of corvids found dead by the 

public, as well as reporting of human and equine cases [6]. In addition, a database of all dead 

corvid phone reports was created, which included the location of corvid carcasses which were 

not tested for WNv and the test status of carcasses that were collected [6]. In 2001, the disease 

was first identified in Ontario in a found dead corvid in a southern public health unit (PHU), and 

subsequently, cases in corvids and humans were found across the province (and most of North 

America) through the summer and fall of 2002 [7].  

Our previous research demonstrated that the citizen-science derived data on dead corvids 
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collected and tested provided timely identification of West Nile virus activity in PHUs across 

Ontario [8]. This was more evident during the early years after the incursion of West Nile virus 

into Ontario, when public interest was high and naïve populations of corvids were very 

susceptible to the disease. Furthermore, these data were useful for predicting where human cases 

would later occur, especially after adjusting for underlying sociodemographic and geographic 

factors associated with human cases at the public health unit level [9].  

There is increasing interest in citizen-derived data for scientific study (i.e. “Citizen 

Science”), including for the surveillance of wildlife diseases [10] and emerging infections like 

Lyme disease [11] and Zika virus [12]. Opportunistic citizen reporting can be a cost-effective 

option for data collection over wide geographic and temporal scales, including on private land 

[10]. However, citizen-derived data can be biased by a number of factors including non-random 

distribution of effort and detection probability, which can influence their spatiotemporal 

distribution [13]. The citizen phone reports of dead corvids have not been explored for their 

associations with underlying area-level sociodemographic factors that may influence citizen 

participation. It is important to consider these potential confounding effects when cluster 

detection methods are utilized. By adjusting the cluster analyses for these potential confounding 

variables, bias can be reduced for identification of more epidemiologically meaningful clusters. 

These associations can also shed light on the level of citizen engagement among different 

population demographics for the collection of data for scientific research and disease 

surveillance. Thus, the objectives of this study were to examine the citizen phone reports of dead 

corvids descriptively and for their associations with area-level sociodemographic factors.  
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Methods 

Data sources and management 

A dataset containing all citizen phone reports of found dead corvids across Ontario during 2002 

was provided to the researchers by the CWHC. This dataset included the date the dead corvid 

was sighted, the caller’s name and/or organization, their street address, town/city and postal 

code, or geographic coordinates in latitude and longitude. Among the records containing the 

street address without latitude/longitude coordinates, there were 1,965/12,279 records containing 

errors (i.e., small typos, incorrect city/town, or missing information), which prevented geo-

location. The most consistently accurate level of spatial location for these entries at the highest 

geographic resolution was the postal code information. In Canada, the first 3 characters of the 

postal code, i.e., the Forward Sortation Area (FSA), represents a geographic area within a major 

region or province/territory, based on mail distribution zones [14] and can be linked to Census 

data. Cartographic boundary files [14] and 2001 FSA Census data [14] were obtained from 

Statistics Canada. Phone reports which contained the latitude and longitude coordinates rather 

than street address and postal code were linked to the FSA within ArcMap v10.2.1 (ESRI, 

Redlands, CA, USA).  The latitude and longitude of the FSA centroid was determined using the 

Calculate Geometry function in ArcMap. Sociodemographic variables and human population 

size within the FSAs were obtained from the 2001 Canada Census [14, 15]. The 

sociodemographic variables obtained from the census included the following: the proportion of 

low-rise homes, the proportion of new homes, the proportion of households with children, and 

the proportion of low income households (defined by Statistics Canada as the percentage of 

economic families or unattached individuals who spend 20% or more of their income than 

average on food, shelter, and clothing [14]). We also obtained the following Census 
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sociodemographic variables concerning the proportion of the population that were: seniors, in the 

labour force, had obtained a Bachelor’s degree or higher education level, and had no knowledge 

of either official language (i.e., English and French). Weekly phone reports of dead corvids 

within FSAs were calculated using Microsoft Excel (2016). These data were linked to the FSA 

centroid coordinates and census sociodemographic variables in a common dataset using Stata/SE 

version 14.0 (StataCorp, College Station, TX, USA).  

Statistical analyses 

 Linearity between the rate of phone calls and continuous predictors were assessed using 

locally-weighted regression scatterplot smoothing (lowess) curves [16]. Any continuous 

variables found to have a non-linear relationship with these phone call rates were categorized, if 

an appropriate transformation could not be found or the relationship could not be modelled with 

the addition of a quadratic term [16]. Spearman’s rank correlation coefficients (rs) were 

examined for each pair of independant variables to assess collinearity. If any pair of variables 

was found to be strongly correlated, using a cut-point of rs ≥ |0.8|, the variable considered most 

informative from a biological perspective was included in the proceeding models.  

 Multi-level negative binomial models were fit by Gaussian-Hermite quadrature (using the 

“menbreg” command in Stata) to explore the associations between the weekly citizen sightings 

rates and FSA-level sociodemographic factors, in addition to the FSA centroid latitude and 

longitude. A random effect with an independent covariance structure for FSA was included to 

control for clustering due to repeated observations within FSAs. The model included an offset, 

which was the natural log of the number of people residing in the FSA.  

 Univariable models were fitted to assess the relationship between weekly rates of phone 

reports and each independent variable. Variables that demonstrated an association at a liberal 
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significance level of alpha = 0.20 were further evaluated in multi-variable models using a 

backward step-wise elimination process. Associations and pair-wise interactions between 

variables were assessed using two-tailed likelihood ratio (LR) tests at a significance level of 

alpha = 0.05. Assessment of confounding was performed by removing each non-intervening 

variable from the model and evaluating whether its removal resulted in a change in any 

coefficient by 20% or more. Coefficients were exponentiated and reported as incident rate ratios 

(IRR). Predicted curves were used to interpret interaction effects involving continuous variables. 

Fixed quantities were estimated for interaction terms on sightings rates, while holding all other 

variables constant at their mean values.  

 Model fit was evaluated by assessing the assumptions of normality and homogeneity of 

variance for the best linear unbiased predictors (BLUPs), graphically using a normal quantile 

plot and by a scatterplot of the BLUPs vs. the predicted outcome, respectively [16]. Pearson and 

deviance residual plots were also examined to identify potential outliers [16]. The final multi-

level negative binomial model was also compared to a multi-level Poisson model and zero-

inflated negative binomial model, using Akaike’s Information Criterion (AIC) to identify the 

better fitting model for the data. 

Results 

Descriptive statistics 

There were 12,886 citizen phone calls concerning sightings of dead birds in 2002. The 

majority of bird species were classified as American Crows (95.64%), with the remainder 

classified as Blue Jays (0.99%), Common Ravens (0.53%), Gray Jays (0.02%), European 

Starling (0.01%), Gull (0.01%), and ‘other birds’ (2.80%).  There were 122 phone reports with 

either missing dates or location information (including postal codes), so they were excluded from 
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further analyses. Of the remaining records, the number of calls reporting dead corvids within 

each FSA ranged from 0 to 407, with a mean of 21.8 and median of 6 calls. There were 85/510 

(16.7%) FSAs where no citizen reported dead corvids in 2002. 

Univariable models 

 Results from the univariable analyses are displayed in Table 5.1. There were associations 

(p < 0.20) between phone call rates and the following seven variables: FSA centroid latitude, the 

proportion of high-rise homes (categorized into two groups based on a cut-point of 80% high-

rise), the proportion of new homes, the proportion of households with children, the proportion of 

the population with low income (modelled as a quadratic relationship), the proportion of seniors 

in an FSA, and the proportion of the population with no knowledge of either official language.   

Multivariable models 

 Significant associations were identified (p < 0.05) between phone call rates and the 

proportion of high-rises and the proportion of households with children (Table 5.2). There were 

interactions between the proportion of seniors and the proportion of people having no knowledge 

of either official language (Table 5.2), and the proportion of seniors and the latitude of the FSA 

(Table 5.2). The final fitted multi-level model demonstrated that, after controlling for other 

covariates, FSAs with greater than 80% of households characterized as high-rise were associated 

with lower sightings rates (Table 5.2). Call rates increased with the proportion of households 

with children (Table 5.2). Generally, as the proportion of seniors in the population increased, so 

did the rate of calls reporting dead corvids. However, this increase was less rapid in FSAs where 

the proportion of the population speaking an official language was lower (Figure 5.1). For FSAs 

located at higher latitudes (i.e. further north), the predicted rate of phone calls decreased, and 
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there was a sharper decline in the rate of calls in FSAs where the proportion of people speaking 

either official language was lower (Figure 5.2).  

 The best-fitting model based on AIC values was the negative binomial model with a 

random effect for the FSA. The evaluation of the residuals identified several outliers, but 

removal of these observations did not change the model estimates. The BLUPs for the random 

intercept for FSA were also normally distributed and demonstrated homogeneity of variance. 

Discussion 

When West Nile virus appeared in North America, the reporting of dead corvids by 

citizens in various jurisdictions in North America provided a unique approach towards 

monitoring the spread of a vector-borne disease. This was made possible due to the high public 

concern about the implications of human West Nile virus infections, high mortality rates among 

corvid species infected, and their widespread distributions. The impetus for this study was to 

explore how human sociodemographic factors influenced rates of phone calls reporting corvids 

found dead by citizens in Ontario during 2002, when WNv first spread across the province. 

We found that there was a high volume of citizen phone reports of dead corvids received 

from most areas of Ontario during the spring, summer and fall of 2002. The majority of birds 

were classified by citizens as American Crow, which is consistent with previous studies on 

WNv-positive species distribution [17]. The citizen reports would have been influenced by a 

number of geographic and sociodemographic factors related to the likelihood of detecting corvid 

carcasses in the environment, and social factors related to an individual’s knowledge of the WNv 

surveillance program requesting reports of dead crow carcasses and their willingness to report 

any dead crows found by phone. Due to the ecological nature of this study, one must be cautious 
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interpreting our findings from the community level (i.e., FSA), to the individual caller level. 

However, small areas being more homogenous in their population structure can limit the effect 

of ecological bias [16]. The following results suggest certain sociodemographic factors within 

small areas influenced reporting rates of dead corvids by citizens in Ontario during the initial 

spread of West Nile virus in the province.  

For example, we found that there were fewer sightings reported in areas with a high 

proportion of high-rises, in comparison to low-rise settings. This finding seems contrary to 

previous research which has shown that the American Crow [18] and Culex mosquitoes [19] are 

found in greater abundance in urban vs. rural areas. Also, research by Ward et. al. (2006), which 

used crow decoys to compare urban and rural differences in citizen detection and reporting rates 

and scavenging rates by other animals in a county in Georgia, U.S.A., found that detection and 

reporting was significantly higher in urban vs. rural areas, and carcass removal by scavengers 

occurred more quickly in rural parts of the county [20]. It is intriguing then, that FSAs with a 

high proportion of high rises (as a surrogate measure for urbanicity) were associated with lower 

reporting rates in our study. Perhaps the cut-point of 80% high-rise density used in this study 

captured a different relationship with reporting rates in high density urban environments 

compared with all other regions. It may be that despite having higher crow densities and 

abundance of mosquitoes capable of WNv transmission, there are anthropogenic factors that led 

to reduced likelihood of citizen detection and reporting of dead crows in these settings. For 

example, lower perceived safety and pleasurability of surrounding outdoor spaces has been 

found to be lower in high density neighborhoods, and to be negatively associated with time spent 

outdoors [21].  
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We also found higher rates of sightings were associated with areas in which there were 

higher proportions of households with children. This finding may reflect the geographic features 

of areas with higher proportions of households with children, like suburban areas, being more 

suitable to corvid populations. It is also possible that citizens from households with children 

generally spend more time outdoors and are more engaged with public health messaging. 

Canadian children spend greater amounts of time outdoors relative to all other age groups [22], 

and other research has shown that children interact more directly with the natural environment in 

comparison with adults [23]. Thus, this age group may be more likely to identify dead birds in 

their surrounding environment.  

The association found between higher sightings rates and areas with higher proportions of 

seniors may reflect features of these FSAs promoting larger corvid populations since the 

majority of senior Canadians live in urban metropolitan areas [24]. A national survey-based 

study does not support the presumption that Canadian seniors spend greater amounts of time 

outdoors in comparison with other Canadians [22], nor have they been found to participate more 

often than younger people in survey-based studies [25]. Further research would be needed to 

better understand the underlying mechanisms behind higher reporting rates among FSAs with 

more senior residents.  

The reduction in calls related to dead corvid sightings with increasingly northern, cooler 

latitudes likely reflects lower rates of WNv-infected crows due to mosquito-dependant WNv 

replication, amplification and transmission cycles. Further, FSAs in northern Ontario have 

generally lower human population densities, more open space, and likely more opportunities for 

scavenging of corvid carcasses by wildlife. Previous studies of anthropogenic causes of bird 

mortality have shown that the removal of bird carcasses (by scavengers) before an observer has a 
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chance to detect them is one of the largest biases in estimating mortality rates using citizen-

derived data [26, 27].   

We also found that the associations between call rates and the proportion of seniors in the 

population, as well as call rates and the latitude of the FSA, varied by the level of knowledge of 

official languages within FSAs. It may be that in areas with higher proportions of new 

Canadians, there was lower awareness of West Nile virus risk and/or understanding of public 

health messaging requesting the reporting of found dead corvids. Other social and cultural 

barriers may have reduced the likelihood of citizens finding and/or calling to report dead corvids 

in areas where higher proportions of new Canadians reside.  

 It is likely that some citizens reporting dead corvids may have misclassified the species 

involved, since it may be difficult for average citizens to differentiate American crows, ravens 

and magpies from various other black species of birds (e.g., grackles and starlings). Geographic 

differences in bird species awareness among Ontario citizens may have produced unmeasurable 

biases in the data. In the current context, a mobile phone application could be developed to aid in 

identification of different species [28], and a photograph of the specimen could be uploaded by 

the user to verify the species and evaluate carcass quality for testing. There were also a high 

proportion of location entries with small errors that precluded the use of exact coordinates for 

analyses. Since we investigated associations at a small area level this was not a serious problem 

for the purpose of this study. Current widespread use of digital technologies, including 

smartphone mobile applications and GPS capabilities, would allow for relatively easy dead crow 

reporting, verifiable with respect to exact location and species identification. These technological 

advancements may improve reporting rates for future studies and surveillance programs, and 

reduce some of the biases in citizen-derived wildlife data. 



 

 

 122 

Citizen reporting of dead corvids in Ontario during the 2002 emergence and spread of 

WNv across the province depended on citizens having the knowledge and willingness to make 

phone reports, and on their likelihood of detecting the corvid species of interest. We identified 

sociodemographic factors related to the different dead corvid sightings rates among small areas 

in the province. Measures of WNv risk based on citizen reports of dead corvids should consider 

these confounding factors, since statistical measures can be implemented to control for their 

confounding effects [15, 39]. Improvements in technology would improve the quality of these 

data, and understanding of biases related to differential reporting rates provides the ability to 

control for their confounding effects in epidemiological risk-based studies and cluster analyses. 
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Figure 5.1. Model-adjusted predicted citizen call rates concerning dead corvids by forward 
sortation area (FSA) senior population proportion at three levels of official language 
knowledge.  
‘High’, ‘Moderate’ and ‘Low knowledge’ classifications refer to the 25th, 50th and 75th percentiles based 

on the proportion of the population within FSAs having no official language knowledge. 
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Figure 5.2. Model-adjusted predicted citizen call rates concerning dead corvids by FSA 
latitude at three levels of official language knowledge. 

 

 
‘High’, ‘Moderate’ and ‘Low knowledge’ classifications refer to the 25th, 50th and 75th 

percentiles based on the proportion of the population within FSAs having no official language 

knowledge. 
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Table 5.1. Univariable+ associations between sociodemographic factors and rates of citizen 
phone calls concerning dead corvids in Ontario during the West Nile virus outbreak of 
2002.  

Sociodemographic variables Incidence rate 
ratio (IRR) 

95% 
confidence 
interval 

P-value 

Area with < 80% high-rise dwellings referent   

Area with >= 80% high-rise dwellings 0.37 0.27 – 0.50 <0.001 

Proportion of households with children 1.06 1.05-1.07 <0.001 

Proportion of seniors 1.14 1.11 – 1.16 <0.001 

Proportion of citizens with no 
knowledge of either official language 

 

0.92 

 

0.86 – 0.98 

 

0.013 

Forward sortation area (FSA) centroid 
latitude 

 

0.68 

 

0.61 – 0.75 

 

<0.001 

Proportion of new homes 1.02 1.01 – 1.03 <0.001 

Proportion of low income individuals 

Proportion of low income individuals 

squared 

1.01* 

0.997* 

0.95 – 1.07 
0.996 – 0.999 

0.76 
0.004 

+Univariable mixed-effects negative binomial models. Forward sortation area (FSA) was included as a random 
intercept. Dependant variable = weekly number of citizen reports of dead corvids within the FSA. Offset = 
natural log-transformed number of people residing within the FSA.  
*Exponentiated coefficients for squared terms and their main effects rather than true IRRs. 
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Table 5.2. Multivariable+ associations between sociodemographic factors and rates of 
citizen phone calls concerning dead corvids in Ontario during the West Nile virus outbreak 
of 2002.  
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Multi-variable mixed-effects negative binomial models. Forward sortation area (FSA) was included as a random 
intercept. Dependant variable = weekly number of citizen reports of dead corvids within the FSA. Offset = natural 
log-transformed number of people residing within the FSA. 
* Exponentiated coefficients for interaction terms and their main effects rather than true IRRs. 
 

 
  

Sociodemographic variables Incidence 
rate ratio 
(IRR) 

95% confidence 
interval 

P-value 

Area with <80% high-rise dwellings referent   

Area with >= 80% high-rise 
dwellings 

0.54 0.40 – 0.72 <0.001 

Proportion of households with 
children 

1.03 1.01 – 1.05 0.004 

Proportion of seniors 1.09 1.05 – 1.13 <0.001 

Proportion of citizens with no 
knowledge of either official language  

3822.5* 16.73 – 873155.9 0.003 

Forward sortation area (FSA) 
centroid latitude 

0.74* 0.66 – 0.82 <0.001 

Proportion of citizens with no 
knowledge of either official language 
x FSA centroid latitude 

0.83* 0.73 – 0.94 0.003 

Proportion of citizens with no 
knowledge of either official language 
x Proportion of seniors 

0.97* 0.95 – 0.98 <0.001 
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Chapter 6. Summary discussion and conclusions 
 

Rich surveillance data were collected during the emergence of West Nile virus (WNv) in 

Ontario. However, little research has been undertaken exploring the utility of the public reports 

of found dead corvids across the province and associated WNv test results. The historical dead 

corvid surveillance data also present a unique example of the involvement of citizens in the 

surveillance of an emerging zoonotic disease. This thesis explored several questions pertaining to 

these data; first, how well the dead corvid data (citizen reports and test results of birds collected) 

performed with respect to the early detection of WNv presence and risk to humans, and second, 

which sociodemographic factors influenced the public response to requests for reports of dead 

corvids found in their surroundings. To answer these questions, a comparison of the timeliness 

and sensitivity in detection of WNv of various available sources of surveillance data (citizen-

reported dead corvids sent for testing, mosquitoes trapped and tested in speciated pools, and 

human case reports) was made (Chapter 2). Next, the geospatial and temporal aspects of dead 

corvid citizen reports, corvid carcasses submitted for testing, and WNv positive carcasses from 

2002 were compared (Chapter 3 and 4). Lastly, potential biases of the citizen reports made in 

2002 were explored in relation to the human sociodemographic features in the areas from which 

they were made (Chapter 5). To my knowledge, this is the first study to perform such a 

comparison of WNv surveillance data in Ontario, and to explore sociodemographic factors 

related to citizen-derived data for surveillance of an emerging zoonotic disease.  

Comparison of dead corvid and mosquito surveillance data for West Nile virus surveillance 

in Ontario  
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The results of the studies in Chapters 2 and 3 confirm the utility of dead corvids for 

detection of the presence of WNv in regions across Ontario. Strategic testing of corvid carcasses 

was undertaken, whereby tests were limited to a small number of positive results per health unit, 

and between 10 to almost 30 percent of birds submitted for testing were positive for WNv 

between 2002 - 2008. Though not directly comparable, the proportion of positive mosquito pools 

detected among those tested was substantially lower during all years. A more comparable 

measure was the time until the first positive corvid or mosquito pool was identified within a 

public health unit area, which again showed dead corvids to be a timelier indicator for WNv 

presence during its emergence in Ontario.  

The results from survival models comparing time to first WNv-positive dead corvid and 

mosquito pool support the relatively faster time-to-detection using dead corvid surveillance 

during the initial years of viral spread in Ontario. While there was a significantly faster time-to-

detection in PHUs during the later years of the study using mosquito surveillance data in 

comparison to dead corvid data, the average time from the first positive mosquito pool until 

human cases appeared in health units was generally too late to provide targeted early warning to 

the public.  The very low proportions of positive mosquito pools among those tested also 

demonstrate the high effort required to detect WNv using this data source for surveillance. 

Although a cost-benefit analysis was not undertaken in this thesis, a cost-effectiveness study in 

California determined that testing of dead corvids found by the public was the least costly 

method for identifying WNv presence in local areas (1). Interestingly, the survival analyses 

results show that even in sparsely populated PHUs, where there is likely more scavenging of 

dead corvid carcasses and lower human population densities, WNv was identified in dead 

corvids earlier, and more often, in comparison with mosquito surveillance. Another important 
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finding from the results of the spatial scan statistics reported in Chapter 3 was the identification 

of a cluster of early WNv-positive corvids in northern Ontario, which preceded a cluster of early 

human cases identified after adjusting for geographic region and sociodemographic profile.  

These findings illustrate the utility of the dead corvid data for providing early warning of the risk 

of WNv for humans, particularly if spatial analyses can be conducted in a timely manner and 

incorporate adjustments for underlying factors influencing these surveillance data. 

Since mosquitoes have a relatively small flight range (2), the identification of WNv in 

trapped mosquitoes provides a spatial indicator of risk to humans. The flight range of infected 

corvids does not appear to have been studied at present, so it is not possible to directly compare 

the spatial-representativeness of human risk from WNv-positive dead corvid data. However, 

since public health messaging and mosquito control are undertaken at the health unit area level in 

Ontario, the spatial representativeness of these data were compared at this geographic resolution. 

Detection of the presence of virus in birds or mosquitoes represents amplification in the 

surrounding bird and mosquito populations. The translation of this knowledge to the public 

should be timed well before human cases begin to appear, to promote the use of personal 

mosquito protection, to avoid time outdoors when mosquitoes are most active, and reduce 

standing water sources. Now, perhaps even more than in 2002 when public and media interest 

were high, public engagement should be timely and targeted to influence human behaviour. 

Perhaps if people are advised about the known presence of WNv in their area, they might be 

more influenced to take precautions against this potentially devastating disease.   

Although dead corvid surveillance continues on a much smaller scale today in Ontario, 

and testing is more strategic (i.e., only where WNv is suspected), almost half of birds tested 

during the most recent season (2018) were positive for WNv (3), indicating that this is still an 
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efficient approach towards identifying WNv activity in local areas despite the established 

endemicity within bird populations. Dead corvids, or other species found to be sensitive to 

mortality on WNv infection, can serve as sentinel indicators for WNv, and can aid in the 

identification of new areas of viral spread. The timeliness and sensitivity of detection in dead 

corvids during a WNv season depends on many factors, including the influence of media causing 

heightened awareness, from human behaviours such as willingness to report corvid carcasses, to 

viral evolution, and environmental factors like winter severity, early spring temperatures, and 

rainfall, which drive disease amplification within bird and mosquito populations. In the years 

that immediately followed the emergence of WNv in Ontario, corvid population declines were 

attributed to the virus and detection of WNv using dead corvids surveillance was less efficient. 

Now that populations have recovered, natural cycles in the corvid population size and age 

structures also appear to influence corvid population-level susceptibility, with higher proportions 

of juveniles associated with earlier and more intense transmission (4). This indicates there may 

be a periodicity to the sensitivity of dead corvids for WNv surveillance and supports the 

complementary mosquito surveillance programs which are not reliant on corvid susceptibility.  

Regardless of its comparable timeliness or sensitivity towards WNv identification, 

mosquito trapping and testing is still an essential component for the surveillance of mosquito-

borne diseases. Mosquito surveillance can also be used to identify locations for larvae control 

during current outbreak seasons and for future spring programs, and to direct the control of adult 

mosquitoes if deemed necessary. Furthermore, mosquito surveillance is required to identify 

foreign species, monitor for the presence of other arboviral diseases, and improve understanding 

of mosquito population and WNv dynamics.   

Utility and biases of dead corvid sightings for West Nile virus surveillance in Ontario 
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The magnitude and geographic scope of the Ontario citizen response to requests for 

information on dead corvids in 2002 demonstrates the utility of engaging members of the public 

to collect timely data for disease surveillance purposes. Remarkably, citizens reported dead 

corvids from all regions of the province and their respective public health units. It is conceivable 

that in today’s setting, the ubiquity of mobile smartphones would enable an even greater public 

response, with increased ease of reporting, and would facilitate improved data collection by 

providing accurate geo-locations and the ability to upload photos of carcasses for speciation, age 

determination, and suitability for testing.  

The evaluation of the records of nearly 13,000 dead corvid sightings received from 

citizens across Ontario in 2002 showed that the density of sightings was not as useful as WNv 

test results from submitted carcasses for predicting areas at higher risk for human cases. 

Although dead corvid sightings often peaked prior to the date of reporting of first human cases 

(in those health units that identified infected humans), the peak sightings in most health units did 

not occur prior to the identification of WNv-positive corvids. In the years that followed 2002, 

testing of carcasses was performed only until several WNv-positive corvids were identified in 

each PHU. In 2002, while this strategy had not yet been implemented, there was strategic testing 

in PHUs that had not shown activity based on technical and laboratory capacity limits. Thus, the 

later peak in sightings compared with test results may be somewhat biased by lower testing rates 

after WNv was identified in each PHU.  

The temporal and space-time clusters of high sightings rates, though spatially similar, 

usually occurred after those based on WNv-positive corvids. Earlier research from California 

found that early seasonal human cases could be predicted by a combination of the density of 

dead corvid sightings and the proportion of positive carcasses per human population, but not by 
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using only the density of dead corvid sightings (5). It is possible that there are other causes of 

corvid mortality, and/or issues with respect to the identification of carcasses, which influences 

sightings reports. However, it is probably not possible to control for other natural causes of 

mortality in dead corvids to improve spatial risk evaluations for WNv, and testing is essential for 

verification. 

Some interesting findings pertaining to the regional differences in reporting rates were 

identified, including relatively lower rates of reporting in the two most urban areas of Ontario 

(Chapter 4) and areas with high densities of high-rise dwellings (Chapter 5). While reasons 

behind these differences are not clear, the differential reporting regionally in Ontario indicates 

that dead corvid surveillance information collected from citizens depends to some extent on the 

setting in which they live (both in terms of the likelihood of detection of dead birds, and regional 

characteristics that might influence awareness and ease of reporting). Previous research 

comparing three different environments with respect to WNv detection using dead corvid 

surveillance found dead corvid surveillance to be more useful in areas with higher densities of 

corvids, especially near known roosting sites (6). Interestingly, the same research discovered that 

seroconversion rates in chickens were not statistically different among the locations and 

speculated that other bird populations played a role in WNv amplification, particularly in areas 

with low corvid densities. Lower reporting rates and fewer positive test results from dead corvids 

may not always reflect a lower risk of WNv for humans and are likely influenced by the 

detection and reporting effort of individuals in the area, as well as the density of corvids. 

The associations between reporting rates and human sociodemographic factors within 

local areas identified in Chapter 5 also reminds us of the importance of understanding and 

correcting for biases underlying data collected from the public. These findings are especially 
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important given the increased inclusion and enormous potential for engaged citizens to detect 

changes in the environment and contribute meaningfully to public and wildlife health research 

(7).  In addition, the lower reporting rates in areas with lower knowledge of official languages 

points towards the importance of multi-language messaging when data are requested from the 

public. 
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Recommendations  

The involvement of the public in the collection of health-related data is increasingly 

being incorporated into surveillance programs for both public and wildlife health (7). The need 

for engaged citizens to collect important information for monitoring of the environment has 

never been greater and will be required to tackle the enormous challenges of biodiversity loss 

and emerging infectious diseases. Programs like Bird Studies Canada (8) and the Backyard Bird 

Count (9) have benefitted from a dedicated and knowledgeable group of citizen experts for 

reporting and documenting the presence of species and disease counts, among other information. 

Improving the volume and geographic coverage of data collected by harnessing the broader 

public can negatively influence quality, but efforts can be made to improve the quality of data 

collected or account for potential observer bias if information is provided with respect to 

experience of the citizen in species identification (7).  

Studies engaging the public in the collection of data for public and wildlife health 

surveillance should include the request for some sociodemographic details on participants, to 

improve the ability to evaluate and control for biases inherent in these data. As with any research 

conducted using human participants, it is imperative to ensure and protect citizens’ data security 

and anonymity.  

West Nile virus continues to cause human and wild bird outbreaks and mortality annually 

across Canada, although public interest and the dead corvid surveillance program funding have 

waned as the virus has become established. Recent research has shown that repercussions of the 

infection in humans can be severe and long-lasting (10). The disease continues to contribute 

substantially to bird population declines (11), and the predicted range and abundance of the 

primary mosquito vector (Culex species) are predicted to increase with climate change (12). The 
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virus itself also continues to evolve, with the potential for more virulent strains to emerge in the 

future (13). Findings from this thesis confirm the utility of data on dead corvids found by the 

public in the surveillance of West Nile virus, due to the timeliness and relatively low effort 

required in identifying its presence in local areas using these data. Corvid surveillance and 

strategic testing of carcasses should be used to help focus mosquito surveillance and abatement 

efforts and to provide targeted, timely messaging to the public. Ongoing surveillance using this 

sentinel indicator should be part of surveillance programs for WNv, particularly in areas with 

low or unknown endemicity. Models using multiple years of dead corvid sightings data, such as 

time series analyses, may allow the determination of thresholds for notification of public health 

authorities of human risk (14). Cluster detection techniques applied to corvid surveillance data, 

after adjusting for influential non-disease factors related to citizen surveillance, can be used to 

identify small geographic areas to focus vector surveillance. Predictive models incorporating 

dead corvid sightings, WNv-positive corvids, WNv-positive mosquito pools and weather data 

may allow improved early warning for public awareness campaigns and vector surveillance and 

control. From a conservation perspective, ongoing dead corvid surveillance data provide 

important information on mortality in the most vulnerable bird species to WNv infections. Given 

the enhanced data collection opportunities in the present-day setting, and the clear utility of these 

data, corvid surveillance, both sightings reports and timely testing of carcasses, should be 

continued in Ontario and across North America.  
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Appendix 1 

 

Ontario public health unit areas (PHUs) and designated geographic regions. 
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Appendix 2 

 

Ontario public health unit areas (PHUs) and sociodemographic profiles. 

 

 

 


