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ABSTRACT 
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              Advisor: 
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 Heartworm development units (HDU) are commonly used as the main predictor for the 

prevalence of heartworm infection in dogs. The HDU is based on scientific knowledge regarding 

the temperature conditions necessary for the larval development of the parasite Dirofilaria 

immitis and its vector species activity range. However, HDUs are not readily available, and other 

predictors for D. immitis infection may be better at describing its prevalence in the dog 

population. Monthly heartworm antigen test results for dogs in Ontario from 2014 to 2019 were 

subjected to time series linear regression. Further, annual heartworm antigen test results for dogs 

in Canada and the United States at the provincial/state level for the year 2018 were analysed 

using Generalized Linear Mixed Models. Average monthly and annual ambient temperature was 

shown to be a better predictor for the prevalence of heartworm infection in dogs than monthly 

and annual HDUs using temporal and spatial models.   
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Chapter 1 

Introduction and Literature Review 

 The purpose of this chapter is to introduce the reader to the parasite Dirofilaria immitis, 

the causal agent for dirofilariasis more commonly known as canine heartworm infection. It starts 

by covering the characteristics and lifecycle of D. immitis. Next, the transmission of D. immitis is 

examined and a brief history of D. immitis in North America is provided for the reader. Finally, 

risk factors that contribute to infection in companion dogs, screening and diagnostic methods, 

prevention options, as well as the impacts of climate change on the distribution and transmission 

of the parasite are discussed.  

 This chapter also introduces the topic of time series analysis for analyzing dependent data 

where observations are autocorrelated, and forecasting using both time series and machine 

learning methods. The field of geographic epidemiology, the study of the geographic patterns in 

the occurrence of a disease and the determinants associated with it, within a specific population 

is also introduced. Finally, the goal and objectives of this thesis are summarized. 
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1.1 Dirofilaria immitis 

 Dirofilaria immitis is the parasite responsible for dirofilariasis, more commonly known as 

canine heartworm infection (McCall et al., 2008). Spread by mosquitos, dogs and wild canines 

are the natural reservoir for the parasite. Several other mammals including humans can also be 

infected, but they are less suitable hosts. If left untreated, over time heartworm can lead to 

serious complications leading to the death of the infected canine.  

 The development of D. immitis is divided into five larvae stages which occur both in the 

mosquito vector and host canine (Boss and Shearer, 2011). Mosquitos ingest D. immitis 

microfilariae when taking a blood meal from an infected host. Then within the mosquito the 

microfilariae develop to the L3 larval stage. L3 larvae are then transmitted to a new host, when 

the mosquito takes another blood meal where, the L3 larvae will finish their development cycle 

within the host animal, becoming adult D. immitis (Boss and Shearer, 2011). 

 The rate at which D. immitis microfilariae develop into L3 larvae in the mosquito 

depends on the ambient temperature. The heartworm development unit (HDU) represents the 

amount of heat required for microfilariae to reach the L3 larvae stage and has been used to 

determine the annual heartworm transmission season (Bowman and Atkins, 2009). Due to 

climate change, however, the duration of the annual transmission season has likely changed over 

recent decades. Furthermore, new geographic zones can now support the development and 

transmission of D. immitis (Sassnau et al., 2014). It is therefore time to reassess the relationship 

between heartworm and various temperature variables including the HDU. The prevalence of 

heartworm should also be gauged across time and space to assess how the burden of disease has 

changed. 
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1.2 Canine Heartworm Infection 

 Dirofilariasis (commonly called canine heartworm), is a vector-borne zoonotic infection 

caused by the parasite Dirofilaria immitis and transmitted through the bite of an infected 

mosquito (Simón et al., 2014). Domestic dogs and wild canids act as the natural hosts for D. 

immitis and serve as the main reservoir for the parasite (McCall et al., 2008). Cats, ferrets and 

several other mammals including humans may also become infected. However, these species are 

less suitable hosts and in many cases, act as a dead-end host for the parasite (Boss and Shearer, 

2011; Bowman et al., 2016). Since arthropod vector habitats are sensitive to changes in climate, 

it is theorized that climate change will impact the spread of vector-borne diseases around the 

world (Morchón et al., 2012). It is for this reason that dirofilariasis is considered an emerging 

infection and is becoming a disease of interest to both veterinary and human public health (Alho 

et al., 2014). 

 Heartworm is considered one of the most important helminthic diseases in dogs in North 

America and can become a serious, life-threatening health issue in companion dogs if the 

infection remains untreated (Bowman et al., 2009). Once fully developed, D. immitis often live 

in the pulmonary arteries of the infected host. In severely infected hosts, the parasite may invade 

the right ventricle, right atrium, and caudal vena cava (Hoch and Strickland, 2008a). Initial 

damage due to infection occurs in the lung parenchyma of the infected canine and, if left 

untreated, heartworm can cause cardiopulmonary disease eventually leading to congestive heart 

failure and death of the animal (Quinn and Williams, 2011; Ettinger et al., 2017). 
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1.3 Characteristics and Life Cycle of Dirofilaria immitis 

 Dirofilaria immitis, is a parasitic nematode, with the following taxonomic classification: 

phylum Nematoda, class Secernentea, order Spirurida, family Onchocercidae, genus Dirofilaria 

(Bowman and Atkins, 2009). Male and female D. immitis nematodes can be distinguished from 

one another by their size, and by the shape of their posterior end. Fully grown, female D. immitis 

will be between 230-310 mm in length and 1.0-1.3 mm wide with an obtuse posterior end. On 

the other hand, a fully-grown male D. immitis will be smaller, between 120-190 mm in length 

and 0.7-0.9 mm wide with a tapered spiral-coiled posterior end (Grieve et al., 1983; Nguyen et 

al., 2016). 

 Compared to most nematodes, the lifecycle of D. immitis is long, with larvae taking 

anywhere from six to nine months to fully mature (Boss and Shearer, 2011). The complete 

lifecycle is broken up into five developmental stages, L1 through L5. The first three stages (L1 to 

L3) take place within the mosquito vector and the remaining two stages (L4 to L5) take place 

within the infected host canine (Boss and Shearer, 2011). 

 In an infected host, the adult female D. immitis releases microfilariae (pre-L1 stage 

larvae) which pass through the host’s capillary beds and circulate in the animal’s vascular system 

where they are capable of surviving for up to thirty months (Bowman and Atkins, 2009). At this 

stage in the development cycle, the microfilariae are roughly 300 𝜇m long and 0.7 𝜇m wide 

(Grieve et al., 1983; McCall et al., 2008). The microfilariae will continue to circulate in the 

vascular system where they are available to be ingested by a female mosquito during a blood 

meal from the microfilaremic host (Hoch and Strickland, 2008a).   
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 Once ingested by a mosquito, the microfilariae will spend the first 24 to 48 hours in the 

midgut of the mosquito before migrating to the malpighian tubules (Grieve et al., 1983; McCall 

et al., 2008). In the malpighian tubules, the microfilariae develop into L1 larvae by shortening 

and thickening into a “sausage” shape (Grieve et al., 1983). The L1 larvae will then leave the 

malpighian tubules of the mosquito and enter the lumen of the tubules where they will undergo 

two rounds of molting (L1 to L2 to L3) reaching the infective L3 stage (McCall et al., 2008). The 

rate at which the larvae undergo this molting process is highly temperature dependent. 

Microfilariae can reach the L3 stage in as little as 10 days under a constant temperature of 26°C 

(Bowman and Atkins, 2009). Under warmer conditions, the rate of maturation is even shorter (8 

days at 30°C) and at cooler temperatures, the rate of maturation is longer (one month at 18°C) 

(Knight and Lok, 1998). If the average ambient temperature is below 14°C, maturation from the 

L1 stage to the L3 stage will not occur. 

 Infective L3 larvae migrate to the head and mouthparts of the mosquito and are 

transmitted to a new host when the mosquito takes another blood meal from another animal. The 

L3 larvae are expelled onto the potential host animals’ skin in a droplet of hemolymph and enter 

the host through the puncture that remains in the skin after the mosquito withdraws its proboscis 

(Boss and Shearer, 2011; Nelson et al., 2018). Three days after being deposited on the host’s 

skin, most of the L3 larvae can be found in the subcutaneous tissue around the site of entry (Boss 

and Shearer, 2011). The L3 larvae will begin to molt into L4 larvae in as little as 3 days post 

infection within the host’s subcutaneous, adipose, or skeletal muscular tissue. Male larvae tend to 

molt somewhat faster than female larvae, however, 9 to 12 days post infection all surviving L3 

larvae will undergo a third molt reaching the L4 larvae stage (Orihel, 1961). 



 

 

6 

 

  21 days post infection, a majority of the L4 larvae have migrated from the subcutaneous 

tissue to the abdominal muscle tissues of the infected canine. By day 41, most of the L4 larvae 

can be found in either the abdominal or thoracic tissues in the host animal (McCall et al., 2008). 

L4 larvae will grow to about 18 mm in length before undergoing their last molt 50 to 70 days 

post infection into L5 larvae (Grieve et al., 1983; Hoch and Strickland, 2008a). The L5 larvae 

enter the host’s circulatory system and use it to transport themselves towards the heart and lungs 

of the infected animal where they will mature into adults. The first L5 larva can reach the heart 

and pulmonary arteries as early as 70 days post infection, and all surviving L5 larvae will reach 

the heart and lungs roughly 120 days post infection (Nelson et al., 2018). 

Female D. immitis can reach sexually maturity as early as 4 months, and are capable of 

producing new microfilariae six to nine months post infection (Bowman and Atkins, 2009; Boss 

and Shearer, 2011). These second-generation microfilariae can be found circulating in the hosts 

blood stream seven to nine months post infection, where they will remain until taken up by 

another mosquito. Under ideal conditions the entire lifecycle (microfilariae to adult D. immitis) 

takes anywhere from 184 to 210 days to complete, however, lower relative humidity and ambient 

temperature can increase the length of time it takes microfilariae to develop into mature adult D. 

immitis resulting in a longer developmental period (Hoch and Strickland, 2008a; Ettinger et al., 

2017). 

 

1.4 Transmission of Dirofilaria immitis 

Over 60 mosquito species are capable of transmitting Dirofilaria immitis larvae, of which 

nine have been identified as major potential vectors in North America: Aedes aegypti, Aedes 
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albopictus, Aedes canadensis, Aedes sierrensis, Aedes trivitattus, Aedes vexans, Anopheles 

punctipennis, Anopheles quadrimaculatus, and Culex quinquefasciatus (Brown et al., 2012). 

Transmission of D. immitis is largely influenced by climate as the development of both 

the mosquito vector and D. immitis larvae rely heavily on temperature and humidity (Cuervo et 

al., 2013). A female mosquito becomes a vector when it ingests microfilariae while taking a 

blood meal from a microfilaremic host (Brown et al., 2012). Within in the mosquito, the 

microfilariae will undergo two rounds of molting (L1 to L2 to L3) becoming L3 larvae. It is this 

process that is influenced by ambient temperature as larval development will not occur if the 

average daily ambient temperature is below 14°C. Heartworm development units (HDUs) are a 

special form of degree days used to determine the transmission period for heartworm. One HDU 

is accumulated when the mean daily temperature is at least 1°C above the threshold temperature 

of 14°C. D. immitis larvae require 130 HDUs accumulated over thirty consecutive days to reach 

the L3 stage. The transmission period for heartworm begins on the first day of the year by which 

130 HDUs have been accumulated and the transmission season ends on the last day of the thirty-

day window in which the 130 HDUs can be accumulated (Slocombe et al., 1989).  

 Heartworm transmission season models are useful for identifying the appropriate time of 

year pet owners should have their animals screened for heartworm, and receive veterinary advice 

as to when to start administering preventive heartworm medication (Slocombe et al., 1995). In 

the United States, early climate-based transmission season models for the lower 48 States 

showed that the transmission period for heartworm varied by latitude. Under normal conditions, 

heartworm transmission was limited to the three warmest months of the summer (July, August, 

September) along the border between the United States and Canada. The length of the 
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transmission period then increased with decreasing latitude; with year-round transmission 

possible in southern Florida (Knight and Lok, 1995). Updated transmission season models found 

that heartworm transmission was limited to six months or less in 80% of the United States. The 

southeastern and gulf coast states were found to have longer transmission periods compared to 

the rest of the country (up to 9 months of the year) while the southern most regions of Florida 

and Texas had climates that could potentially support the year-round transmission of D. immitis 

(Knight and Lok, 1998).   

 In Canada, the first heartworm transmission models were developed for Central and 

Southern Ontario using the following criteria: (1) the earliest estimated feeding data for the early 

season vector mosquito Aedes stimulans; (2) the threshold temperature of 14°C required for D. 

immitis development; (3) heartworm development units; and (4) daily maximum and minimum 

temperatures from 1957 to 1986 (Slocombe et al., 1989). Using these variables (and assuming no 

larvae carrying mosquitoes overwinter), June 1st was determined as the earliest date the 

transmission of D. immitis could occur in Southwestern Ontario with the transmission season 

ending on October 9th. The length of the transmission period was also found to decrease with 

increasing latitude, with heartworm transmission in Central Ontario beginning in late June to 

early July and only having a transmission period of six and a half weeks.  

 A transmission season model for all of Canada was later developed using several of the 

same methods used to determine the transmission period for D. immitis in Ontario. Using 

weather data ranging from 1963-1992, the probability of transmission, mean start date, mean end 

date, earliest start date, and latest end data were calculated. Based on this model, all ten Canadian 

provinces were determined to have climates that could sustain the transmission of D. immitis. 
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The highest probably of transmission was found to be along the United States-Canada border 

where the probability for transmission was determined to be 100% (Slocombe et al., 1995). 

Moving northward towards the 60th parallel, the probability of transmission of D. immitis 

decreased. Above the 60th parallel, the climate was determined to be too harsh to support the 

development of D. immitis larvae in much of Northern Canada (Slocombe et al., 1995).  

 Southern Ontario and the southern portion of the Okanagan Valley, in British Columbia, 

were found to have the longest annual transmission season lasting from June 18th to September 

22nd and from June 18th to October 20th respectively (Slocombe et al., 1995). For the remaining 

provinces, the mean transmission period for heartworm was calculated to be from July to the end 

of August (Slocombe et al., 1995). 

 

1.5 Heartworm Development Units  

Using heartworm development units (HDUs) to determine the seasonal transmission 

period for heartworm relies on the following conditions: (1) the threshold temperature of 14°C is 

the minimum temperature required for microfilariae to develop into the infective L3 larval stage 

within the mosquito vector. Below this temperature, no extrinsic larval incubation will occur 

(Fortin and Slocombe, 1981). (2) The 30-day time frame within which 130 HDU’s must be 

accumulated represents the maximum life expectancy of the mosquito vector in the wild (Knight 

and Lok, 1998).   

 Dirofilaria immitis larvae require 130 accumulated HDUs over a 30-day time frame to 

reach the infective L3 larval stage (Bowman and Atkins, 2009). HDUs are calculated by taking 

the mean daily temperature and subtracting the threshold temperature of 14°C (57°F), and 
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represent the number of degree days that the ambient temperature is above the threshold 

temperature (Slocombe et al., 1989; Bowman & Atkins, 2009). The calculation for HDUs is as 

follows:  

# 𝑜𝑓 𝐻𝐷𝑈𝑠 =  [
𝐷𝑎𝑖𝑙𝑦 𝑀𝑎𝑥𝑖𝑚𝑢𝑚  𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 − 𝐷𝑎𝑖𝑙𝑦 𝑀𝑖𝑛𝑖𝑚𝑢𝑚  𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒

2
] −  𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 

Other measures have been developed, which are similar to the HDU and are used to 

predict the transmission season of D. immitis. In Europe for example, Dirofilaria development 

units (DDUs) are often used to predict the transmission season for D. immitis. DDUs are used in 

Europe because both D. immitis and Dirofilaria repens (a species of Dirofilaria found in Europe 

and sub-Saharan Africa) have similar climate-dependent lifecycles (Genchi et al., 2011). 

Growing degree day (GDD) forecast models have also been used to predict transmission patterns 

for various vector borne infections in Europe, including heartworm (Genchi et al., 2009). 

 

1.6 Dirofilaria immitis in North America  

 Originating in Asia, it is hypothesized that Dirofilaria immitis was brought to North 

America by dogs of early European explorers and immigrants. The first published case of D. 

immitis in a domestic dog in the United States was in 1847 when adult D. immitis were found in 

the heart and blood vessels during an autopsy of a dog thought to have died from hydrophobia 

(Roncalli, 1998; Bowman and Atkins, 2009). Limited originally to swampy regions of the 

southeastern United States, the 1955 epidemiological survey of heartworm infected dogs in the 

United States showed heartworm to be enzootic along the East Coast and Mississippi River 

(Roncalli, 1998). By the end of the 1950s, veterinarians in the northern and western parts of the 
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United States started reporting dogs harboring D. immitis appearing in their clinics (Roncalli, 

1998).  

 Beginning in 1974, each proceeding of the American Heartworm Society (AHS) 

Symposium included a map that showed the approximate range and estimated prevalence of D. 

immitis in dogs within the continental United States (Zimmerman et al., 1992). Using these maps 

to assess how heartworm has spread over time, the map from the 2004 symposium indicated that 

heartworm was present over a wider geographic area then generally thought (Guerrero et al., 

2006). The accompanying heartworm survey results indicated that the number of dogs testing 

positive for heartworm had increased since 2001, while the percentage of dogs on preventive 

heartworm medication had declined since 1998 (Guerrero et al., 2006). Throughout the 

remainder of the 2000’s several studies were conducted to assess the prevalence of D. immitis in 

companion dogs across the United States. Serologic survey results from 2001–2007 based on the 

IDEXX SNAP® 3Dx® and IDEXX SNAP® 4Dx®  tests supported that D. immitis infection in 

dogs was more common in the southern states and along the Mississippi River compared to the 

rest of the United States, with the coastal states in the Southeastern region of the United States 

having the highest overall disease prevalence in the United States (Bowman et al., 2009). 

Interestingly, four counties in northern California reported over 9% positive antigen test results 

for  D. immitis whereas the percentage of positive antigen test results for all of California was 

only 1.6% (Bowman et al., 2009). Upon further investigation it was found that some of the 

counties included in this group were also the same counties that reported autochthonous cases of 

human heartworm infection (Theis et al., 2001; Bowman et al., 2009).  
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 In Canada, the perceptions about heartworm in the early 1970’s was that it had become 

endemic across the country (Klotins et al., 2000). Early heartworm surveillance began in 1976 

through the use of surveys among veterinarians (Slocombe, 1978). The veterinarians were 

surveyed if they had diagnosed heartworm in companion animals over the previous year based 

on the clinical signs the animal presented with at the clinic, or through either radiography, the 

use of blood smears, or necropsy.  

 The results of these surveys indicated that the prevalence of heartworm in dogs in Canada 

while low, increased slightly from 1.31% in 1978 to 1.48% in 1984 (Slocombe & McMillan, 

1980, 1985; Klotins et al., 2000). Then from 1985 onwards, the surveys indicated that the 

prevalence of heartworm in companion dogs across the country decreased each year the survey 

was administered to a low of 0.16% in 1998 (Slocombe, 1990; Klotins et al., 2000). While the 

survey results indicated that the total number of  D. immitis cases in companion animals declined 

from 1985-1998, clinics reporting D. immitis infections in companion dogs increased in both 

volume and geographical range over the same time period (Slocombe, 1990). The survey was 

administered again from 2000-2002 and in 2010. While the survey results indicated that 

heartworm prevalence in dogs in Canada had increased slightly, from 0.11% in 2002 to 0.15% in 

2010, the overall prevalence of heartworm in dogs in Canada was still low (McGill et al., 2019b).  

 In addition to providing temporal changes in the prevalence of D. immitis in companion 

dogs across Canada, the surveys provided the first indications of the spatial risk of heartworm 

infection. Southwestern Ontario, and the Winnipeg region of Southern Manitoba were initially 

identified as the major focus of infection in Canada (Slocombe & McMillan, 1980). By 1984, a 

third foci of heartworm infection appeared in Southern Québec around Montréal (Slocombe & 
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McMillan, 1985). These three areas consistently had the highest reported number of annual 

canine heartworm cases compared to the rest of Canada. A fourth foci for heartworm infection 

later emerged in the Okanagan Valley, British Columbia, where the reported prevalence of 

heartworm in dogs was 0.98% compared to the provincial prevalence of 0.26% (Slocombe & 

Villeneuve, 1993).  

 Additional studies have been undertaken to assess the risk of heartworm in companion 

dogs across Canada. Between 2013 to 2014, 115,636 dogs were tested for heartworm antigen 

using the IDEXX SNAP® 4Dx® Plus Test kit. While the prevalence of D. immitis infection in 

dogs fluctuated across the country, the national prevalence was estimated to be 0.42%, with no 

province reporting a prevalence value greater than 0.5% (Herrin et al., 2017). Another study 

utilized two data sets collected between 1977 to 2017 to estimate the prevalence of heartworm in 

dogs across Canada. The first data set was based on the Slocombe surveys from 1977 to 2010 

and the second data set was based on antigen test results from 2007 to 2017 obtained from 

IDEXX Laboratories Canada. Analysis of the survey results from 1977 to 2010 showed that the 

prevalence of heartworm in dogs in Canada was at a level of 0.32% with a significant temporal 

trend indicating prevalence across the country was decreasing over time (McGill et al., 2019b). 

Analysis of the IDEXX dataset indicated that the prevalence of heartworm in dogs in Canada 

was 0.16%, however, no significant temporal trend in the prevalence of heartworm was 

identified at the national level using the IDEXX dataset from 2007 to 2017 (McGill et al., 

2019b). Furthermore, using the IDEXX dataset, the spatial risk of heartworm infection in Ontario 

was also assessed. While the results supported the understanding that southern Ontario is the 

main focus for heartworm infections in the province, a new infection cluster was identified in 
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northern Ontario, which historically did not have heartworm clusters (McGill et al., 2019a). 

However, it was not determined if this new infection cluster in northern Ontario was the result of 

warmer temperatures allowing mosquitoes and D. immitis to move further north or, veterinarians 

not recommending preventive medication to dog owners due to living in the northern region of 

the province (McGill et al., 2019a). 

 While the prevalence of heartworm in companion dogs remains low across Canada and 

most of the United States, prevalence has been found to fluctuate from year to year. Annual 

forecasting of heartworm prevalence in dogs can alert veterinarians to potential problem areas 

and inform human and veterinary public health about the emergence of the infection in new 

geographical zones (Bowman et al., 2016). 

 In 2012, the Companion Animal Parasite Council (CAPC) started creating parasite 

prevalence maps for veterinarians and pet owners to get access to real time data on the 

prevalence of parasitic infections including heartworm in their specific geographical area 

(Macejko, 2012). These maps are updated monthly with test result data supplied by IDEXX 

Laboratories and Antech Diagnostics. Accompanying these maps are annual forecast reports that 

predict the risk of parasitic infections including heartworm for the upcoming year across Canada 

and the United States (Self et al., 2019). These forecasts are generated using known risk factors 

for heartworm infection such as trends in temperature, humidity, and human population density 

along with the historic parasite prevalence data CAPC has collected over time. 
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1.7 Risk Factors for Heartworm Infection in Dogs 

Since heartworm is a multifactorial infection, the epidemiological triad can be used to 

conceptualize its causal web. The epidemiological triad consists of agent, host and environmental 

factors and is often used to illustrate how disease is the product of the interaction between a 

susceptible host, an infectious agent, and an environment that promotes exposure and 

transmission (Gordis, 2014). Some risk factors for heartworm infection (e.g. temperature) 

however, can be related to more than one of the three categories (agent, host, and environment) 

(Brown et al., 2012). In addition to host, agent and environmental factors, there are also 

secondary risk factors that can contribute to the risk of heartworm infection in dogs, however 

these factors are less influential and often not grouped into a specific category as it may be 

unlikely that they can be sufficiently quantified to be used in epidemiological research (Brown et 

al., 2012). 

Sex, age, breed, lifestyle, and prophylaxis status are all host related risk factors for 

heartworm infection. The prevalence of heartworm is typically higher in male dogs compared to 

female dogs. Prevalence of heartworm also tends to increase with the age of the dog until the age 

of ten, at which point the risk of infection tends to slowly decrease for the remainder of the 

animal’s life (Vezzani et al., 2011). Furthermore, while the breed purity of the dog does not have 

a significant impact in the prevalence of heartworm (i.e., pure-breed vs. mixed-breed dogs), the 

prevalence of heartworm between large breeds and small breeds as well as short hair and long 

hair breeds is different. Short hair breeds are at higher risk of infection compared to long hair 

breeds, while smaller breeds appear to have a lower risk compared to larger breeds (Vezzani et 

al., 2011). The lifestyle of the animal also has an effect on the chances of it becoming infected. 
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The prevalence of heartworm is significantly higher in dogs that spend 100% of their lifetime 

outdoors when compared to both dogs that spend 100% of their lives indoors, as well as dogs 

that spend more than 50% but less then 100% their lifetime outdoors (Lu et al., 2017). It is 

important to note, that dogs with a 100% indoor lifestyle are not completely protected from 

heartworm infection based on lifestyle alone (Lu et al., 2017).  Lastly, the prophylaxis status of 

the dog is perhaps the most important host factor for assessing the prevalence of heartworm 

infection. If administered with good compliance, heartworm preventive medications have nearly 

100% efficacy (Vidyashankar et al., 2017).  

The second corner of the epidemiological triad are environmental factors that promote 

exposure to and transmission of the infectious agent. With regards to D. immitis, environmental 

factors such as climate, geography, landscape, and the local wild canine population all influence 

a dog’s exposure to the parasite (Brown et al., 2012; Wang et al., 2014). Latitude has been found 

to have an inverse relationship with heartworm infection, with dogs at lower latitudes at a higher 

risk for infection compared to dogs living at higher latitudes (Knight and Lok, 1995). The local 

wild canine population also influences the risk of heartworm infection as it is perhaps the largest 

reservoir of D. immitis due to the lack of a prophylaxis program. The higher the local wild canid 

population density, the more animals that are available to support parasite development, 

increasing the risk of transmission to the companion dog population (Bowman and Atkins, 

2009). The landscape where a dog lives contributes to its risk of heartworm infection as well. 

There is a difference in prevalence between urban, suburban, and rural landscapes. Urban 

landscapes can lead to the formation of “heat islands”, which are microenvironments that have 

the potential to support the prolonged development and transmission of D. immitis larvae 
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compared to rural environments (Nelson et al., 2018). Lastly, climate is perhaps the most 

important environmental factor as the development of D. immitis is dependent upon the ambient 

temperature and humidity. Higher ambient temperature is associated with higher heartworm 

prevalence in dogs as regions with warmer climates generally have higher levels of prevalence, 

while prevalence also tends to increase in regions of higher humidity (Wang et al., 2014; 

Bowman et al., 2016).  

The final corner of the epidemiological triad is the agent that causes the disease of 

interest. The parasite D. immitis is the causal agent of heartworm infection, and both its 

development and transmission are largely influenced by ambient temperature. The heartworm 

development unit (HDU) represents the amount of heat required for D. immitis larvae to develop 

from microfilaria into infective L3 larvae in mosquitos (Bowman and Atkins, 2009). 130 

accumulated HDUs are required for D. immitis to reach the infective stage of their development 

and become transmittable from the mosquito vector to an uninfected host. The transmission of D. 

immitis also depends on the survival of the mosquito vector. The mosquito vector must be able to 

survive the parasite burden and live long enough to transmit L3 larvae to a new host (Brown et 

al., 2012). 

The disease vector is sometimes placed in the center of the epidemiological triad as the 

traditional interactions between the agent, host, and environment is thought to be insufficient at 

explaining the complexities of vector-borne diseases (Oliveira et al., 2018). Mosquitos are the 

only known vector for D. immitis, and therefore factors that influence the mosquito population 

also influence the prevalence of heartworm in companion dogs. Over 60 mosquito species can 

support the development of D. immitis larvae; nine of which have been identified in North 
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America as the most important vectors. Knowing the distribution of these mosquito species plays 

a key role in determining a dogs risk for heartworm infection (Brown et al., 2012). To be a 

suitable vector, the mosquito species must be able to support the development of D. immitis 

larvae to the infective L3 larval stage. Transmission of the larvae is also dependent on the 

mosquito taking a second blood meal to transmit the L3 larvae to another host. Knowing where 

each vector occurs and in what abundance can help identify high and low risk areas for 

heartworm transmission. Vector distribution and population is influenced by the landscape as 

some mosquito species are more prevalent than others in either an urban or rural environment. 

Lastly, mosquito development and lifecycle are dependent on climate. Temperature, humidity 

and rainfall all influence how quickly mosquitos develop from egg to adult. 

 

1.8 Heartworm Diagnostic Testing 

 It takes anywhere from 6 to 9 months for Dirofilaria immitis antigen to appear in the 

blood of an infected canine (Brown et al., 2012). Clinical presentation of heartworm infection is 

usually chronic with most dogs showing no signs of the infection for months, or even years 

depending on the worm burden and the host’s immune system (McCall et al., 2008). To prevent 

complications associated with D. immitis in companion dogs it is recommended to identify early 

stage subclinical infections by routinely screening (Lorentzen and Caola, 2008).  

 Testing for heartworm was initially done through microfilarial recovery techniques. In 

the early 1980’s immunodiagnostic tests were introduced, which detected D. immitis antibodies 

(Klotins et al., 2000). But these early tests suffered from poor specificity as they often cross-

reacted with other nematodes. By the late 1980’s they were replaced with tests that had higher 
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specificity (Klotins et al., 2000). Today, heartworm antigen testing using an enzyme-linked 

immunosorbent assays (ELISA) has become the preferred method for diagnosing heartworm due 

to the ELISA’s high sensitivity and specificity. 

 The current antigen tests used are highly accurate compared to their early predecessors. 

The IDEXX Laboratories SNAP® 4Dx® Plus Test kit for example is a point of care antigen test 

that uses ELISA methods to detect heartworm antigen in dogs in addition to parasitic infections 

with B. burgdorferi, A. phagocytophilum, A. platys, E. canis, and E. ewingii (Herrin et al., 2017). 

The heartworm portion of the test kit has a reported diagnostic sensitivity and specificity of 

99.0% (95% CI: 94.3%–99.9%) and 99.3% (95% CI: 97.4%–99.9%), respectively (IDEXX 

Laboratories, 2016). While the specificity of ELISA tests are nearly 100%, the sensitivity of the 

test depends on the sex and age of the parasites as well as the worm burden (Atkins, 2003).  

 In addition to antigen testing, other methods are available to aid in the diagnosis of D. 

immitis. Thoracic radiographs can be used to detect infection and determine the disease severity 

by evaluating changes in the cardiopulmonary parenchyma or checking for infiltration of the 

pulmonary parenchyma. However, radiographs do not always indicate an active infection and 

therefore are not sufficient to confirm a heartworm infection diagnosis (Hoch and Strickland, 

2008a). Echocardiography can be used as a diagnostic aid by detecting dysfunction in the right 

side of the animal’s heart including an increase in the thickness of the right ventricular wall and 

the right ventricular end diastolic dimension (Hoch and Strickland, 2008a). In some animals, 

adult D. immitis may also be detected in the pulmonary artery and/or the right side of the heart 

on the echocardiogram. Echocardiography can also be used to diagnose caval syndrome, a 

serious complication associated with a chronic infection with D. immitis (Strickland, 1998). 
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Lastly, electrocardiography can be used to detect arrhythmias such as premature atrial or 

ventricular beats. However, this diagnostic aid is often less sensitive compared to radiography 

and echocardiography (Hoch and Strickland, 2008a).  

 Haematological techniques such as the Modified Knott Test can also be used as a 

microfilariae test to confirm a diagnosis D. immitis infection (Courtney and Zeng, 2001). These 

techniques involve examining blood from the animal under a microscope for the presence of 

microfilariae. However, these methods have their own limitations. First, roughly 20% of all dogs 

infected with D. immitis are not microfilaremic as they are only infected with adult male D. 

immitis. Second, if the animal is on medication designed to kill circulating microfilariae, after 

time, there may no longer be any microfilariae left to detect using these techniques, although 

adult D. immitis may still be present (Barr et al., 2011). 

 With many different methods available to veterinarians to assist them with diagnosing 

heartworm infection in dogs, there are recommendations as to what methods should be used and 

when. The American Heartworm Society (AHS) recommends annual screening for all dogs over 

the age of seven months using both microfilariae testing and antigen testing (Nelson et al., 2018). 

If an animal tests positive, the result should be confirmed by additional testing to rule out the 

possibility of a false positive. If using haematological techniques, the AHS recommends the 

Modified Knott Test as the preferred microfilariae test for measuring and differentiating D. 

immitis microfilariae from other filarial species  (Nelson et al., 2018).  

 In Canada, annual testing is required if owners wish to put their dog on heartworm 

preventive medication. However, since heartworm infection in dogs in Canada is a rare 

occurrence, a risk-based testing approach has been suggested as an alternative to annual testing 
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in regions where the prevalence of heartworm is low (Peregrine, 2019). Using a risk-based 

testing approach, once a baseline has been established, annual testing would depend on (I) the 

travel history of the dog from the previous year, (II) the dog’s history taking preventive 

heartworm medication, and (III) the owners compliance administering heartworm preventive 

medication over the past year (Peregrine, 2019). This risk-based approach would result in only 

dogs most likely to be infected undergoing testing.  

 

1.9 Prevention and Treatment 

 Primary prevention (i.e., intervening before infection can occur) is the best method to 

inhibit heartworm infection and the complications associated with it in companion dogs. 

Chemoprophylaxis medications (including the macrocyclic lactone class of drugs) are almost 

100% effective at preventing heartworm infection, if good treatment compliance is used (Hoch 

and Strickland, 2008b). Depending on the specific drug, administration is orally or topically on a 

monthly basis or parenterally every six or twelve months (Nelson et al., 2018). The drugs stop 

the development of and kill microfilariae, along with L3 and L4 larvae, and juvenile and adult 

heartworms in the infected animal if used for a continuous period of time (Hoch and Strickland, 

2008b; Nelson et al., 2018)  

 The current guidelines from the American Heartworm Society recommend year-round 

administration of preventive medications to reduce the risk of infection, improve compliance, 

and assist in the prevention of additional zoonotic parasitic infections even in regions where 

year-round transmission may not be possible (Nelson et al., 2018). Animals living in endemic 

areas should be put on preventive medication as early as 8 weeks of age while for older animals 
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(seven months or older), it is recommended that they undergo antigen and microfilariae testing 

before beginning heartworm preventive medication (Nelson et al., 2018).  

 In addition to preventive medications, vector control strategies can be undertaken by pet 

owners, veterinarians and local public health officials to help reduce the transmission of 

heartworm and other vector-borne pathogens. Community-based initiatives designed around 

eliminating mosquito larvae habitats by removing sources of standing water or treating standing 

water with larvicides such as Bacillus thuringiensis israelensis can help to reduce the vector 

population, therefore reducing the risk of transmission of D. immitis (Nelson et al., 2018).  Pet 

owners can also help lower their pet’s exposure to mosquitos by limiting the amount of time their 

pets spend outdoors during hours of the day mosquitos are most active, and by reducing the 

amount of exposure their pets have to mosquito habitats.  

 Veterinarians can also recommend the use of mosquito repellents and/or ectoparaciticide 

products. Repellents work by preventing mosquitos from taking a blood meal from the treated 

dog. This decreases the likelihood that an uninfected dog would become infected and that an 

infected dog would act as a reservoir and infect a mosquito leading to subsequent infections 

(McCall et al., 2017). Ectoparaciticide products help stop the transmission of D. immitis larvae 

by killing mosquitos when they contact or feed on the treated pet. A microfilariae positive dog 

treated with an ectoparasiticide product would no longer contribute to the spread of D. immitis. 

This is because the female mosquito would die shortly after feeding off of the dog. Additionally, 

this would help reduce the local mosquito population as the female mosquito would die before it 

was able to lay eggs, further reducing the risk of D. immitis transmission (Nelson et al., 2018).  
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1.10 The Impact of Climate Change  

 Climate change is causing an increase in the transmission rates of vector-borne 

pathogens, resulting in higher levels of both disease incidence and transmission intensity (Genchi 

et al., 2011). As a result of warmer climates, the range of many cold-blooded arthropod vectors 

such as mosquitos are expanding into new geographic areas when changing temperatures make 

these regions suitable habitats for the establishment of arthropod vectors (Genchi et al., 2009; 

Morchón et al., 2012). Additionally, climate change may also extend the transmission period of 

vector borne pathogens in current endemic regions leading to a higher burden of disease in these 

regions (Genchi et al., 2009). As a result, several vector-borne diseases are expected to emerge 

or re-emerge across the globe due to the spread of arthropod vectors and the introduction and 

establishment of pathogens they transmit into the surrounding environment (Genchi et al., 2009).  

 The impact of climate change on D. immitis transmission has already been seen in several 

European countries. Originally, D. immitis infections in dogs were found mainly in southern 

European countries, below the 50th parallel, with the largest endemic area being along the Po 

River Valley in northern Italy (Genchi et al., 2005). However, as a result of climate change, D. 

immitis has begun to spread beyond these boundaries, particular into eastern European countries 

where cases of D. immitis where once considered to be sporadic (Genchi et al., 2009, 2005). 

Furthermore, climates in Northern Europe are reaching levels suitable for the larval development 

of D. immitis. In Germany, observed increases in daily mean temperature from 1984 – 2013 

show that theoretically, the incubation and transmission of D. immitis larvae is possible in 

several regions across Germany from late April to mid-October (Sassnau et al., 2014).  
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 Since climate change is a global event and not just limited to the European continent, it is 

expected to observe the spread of D. immitis in further regions of the world. However, the 

impacts of climate change are not uniform and as a result the effects it may have on the 

distribution of D. immitis may vary. In South America for example, recent research has found 

that climate change has had a minimal impact on the incubation of D. immitis (Cuervo et al., 

2013). Assessing 30 years’ worth of climate data from 1982 to 2012, no significant variation in 

accumulated heartworm development units was found. However, while no impact on the 

incubation of D. immitis was found, the impact climate change may have on the distribution and 

lifespan of mosquito vectors in southern South America was not assessed (Cuervo et al., 2013).  

 

1.11 Time Series Analysis  

 In epidemiology, time series data occurs as a result of disease surveillance, that is by 

collecting observations on a population over time (generally) at regular time intervals. Measuring 

the prevalence of canine heartworm infection in Ontario over time at monthly intervals is an 

example of disease surveillance generating time series data. Time series analysis aims to identify 

temporal patterns including trend and seasonal patterns, as well as forecasting or predicting the 

future course of the series. However, time series data is often autocorrelated, that is observations 

closer together tend to be strongly related to observations of their immediate past. Therefore, 

proper statistical methods that address this potential autocorrelation should be used whenever 

analyzing time series data. 

 Box and Jenkins (1976) proposed the autoregressive moving-average (ARMA) modelling 

approach to stationary time series analysis. The general characteristic of a stationary time series 
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is that it does not include any changing (and thus un-predicable) pattern, the observations are 

randomly distributed around a mean and do not depend on the time at which the observation was 

observed (Hyndman and Athanasopoulos, 2018). However, if there appears to be a long term 

deviation from the mean or a seasonal swing in the observations, the time series is considered to 

be non-stationary (Hyndman and Athanasopoulos, 2018). When the methods suggested by Box 

and Jenkins are applied to time series data that includes trend and seasonal components, i.e. non-

stationary data, respective filters remove the trend and season as a data pre-processing step. This 

results in a stationary process that can then be modelled using either an autoregressive integrated 

moving-average (ARIMA) model if the time series contains a trend, or a seasonal autoregressive 

integrated moving-average (SARIMA) model if the time series contains seasonality. 

 Exploratory methods can also be used to explore the temporal variation in a time series. 

The STL method (Seasonal Time series decomposition by LOcally Estimated Smoothing Splines 

(LOESS)) provides insight into the potential presence and form of trend and seasonal 

components of a time series (Cleveland et al., 1990). The user controls the smoothness of trend 

and seasonal components to be extracted from a time series by STL (Hyndman and 

Athanasopoulos, 2018). An additional remainder component is similar to a residual in regression 

modelling. The remainder can be checked for the absence of outliers, trends, and variance 

heterogeneity but is indicating a misfit otherwise.  

 The temporal dependence in a time series is generally studied using the autocorrelation 

function (ACF) measuring the correlation between observations yt and yt-k where k is the time lag 

between observations, and it is a measure of the linear predictability of the series (Shumway, 

2017). Furthermore, the partial autocorrelation function (PACF) can also be applied to measure 
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the autocorrelation between observations yt and yt-k, however the influence of all observations 

between yt and yt-k is removed by transforming the time series before assessing the correlation 

(Shumway, 2017). The assessment of autocorrelation by the ACF and PACF can be visually 

assessed using a graph of the function or by means of a hypothesis test.  

 In addition to assessing the trend and seasonality of a time series, a regression model can 

also be fit to a time series to identify and assess risk factors. The addition of covariates results in 

a class of models known as exogenous autoregressive moving-average (ARMAX) models. These 

models assess the lagged effect a factor has on the outcome of interest i.e., the impact of the risk 

factor on the outcome is not immediate, but delayed in time (Bhaskaran et al., 2013). The 

coefficients for the covariates do not represent the effect a change in the covariate has on the 

outcome. But rather the coefficient for the covariates in the model must be interpreted 

conditional on the value of previous values of the outcome (Hyndman, 2010).  

 Another method to assess the impact of a covariate on a time series is to fit a time series 

linear regression model with ARMA errors to the time series. With this approach, when fitting 

the linear regression model, the residuals are assessed to determine if they follow a white noise 

process or if they contain any remaining autocorrelation. If autocorrelation is detected in the 

model residuals, ARMA terms are added to the model to make the residuals stationary and the 

regression coefficient is then interpreted in the same way as they would be interpreted in a linear 

regression model (Hyndman, 2010). Linear regression with ARMA residuals is generally applied 

to identify and assess the effects of covariates have on an outcome when the effect may or may 

not be immediate for example the effect weather has on the number of car accidents (Van den 

Bossche et al., 2004)   
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 Lastly, forecasting or predicting future values of a time series is an important part of time 

series analysis. SARIMA models are generally used to forecast a time series out of its own past 

observations i.e., without the help of covariates, which are generally not available for future 

values such as the future number of human dengue cases (Martinez et al., 2011). With the rise of 

big data, machine learning algorithms including random forest (RF) and artificial neural 

networks (ANN) have been applied to forecast time series data (Petukhova et al., 2018). 

Furthermore, Berke (2020) compares the forecast accuracy of the SARIMA and the ANN in a 

public health application using monthly Cryptosporidiosis incidence in the human population of 

Ontario. Accuracy measures used in these applications tell how far away the predicted values are 

from the true (i.e., observed) value. While there are a number of different accuracy measures, 

two of the more common are the root mean square error (RMSE), which is a measure of the 

standard deviation of the residuals (the difference between the observed values and the 

predictions from the model) and the mean absolute error (MAE), which is the mean for all of the 

residuals. 

 

1.12 Geographic Epidemiology  

 Geographic epidemiology is the study of the geographic patterns in the occurrence of a 

disease and the determinants associated with it, within a specific population. The main objectives 

of geographic epidemiology are: (1) disease mapping, visualizing the geographic distribution of 

a disease, (2) detecting disease clusters and disease clustering, i.e. finding subpopulations that 

have a higher or lower occurrence of disease and characteristics that result in patterns of spatial 
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dependence, (3) spatial regression modelling linking disease to risk factors (Berke and Waller, 

2010).  

 Choropleth mapping is often used as an exploratory method to display changes in the 

geographical distribution of a disease (Berke, 2001). However, because the population or sample 

size for each region of the study area may be different, raw estimates of disease frequency 

between regions cannot be directly compared. This is because the standard error for estimates 

from regions with larger populations is smaller compared to the standard error for estimates from 

regions with small populations. To overcome this problem, raw estimates can be transformed or 

smoothed to make regions comparable. Empirical Bayes estimation is one such method that 

smooths regional estimates based on their neighborhood structure, towards either a local or 

global mean (Berke, 2004). This can act as a form of internal standardization and then allows for 

the comparisons between neighboring regions to be made.   

 After mapping the geographical distribution of a disease, patterns in disease occurrence 

can be assessed. The patterns of interest in geographic epidemiology include the spatial trend 

which describes how disease changes across the study area, along with disease clusters and 

disease clustering. Disease clusters are subpopulations where the intensity of disease is higher or 

lower compared to the entire population. Methods like the spatial scan test or the flexible scan 

test can be used to detect disease clusters (Kulldorff & Nagarwalla, 1995; Tango & Takahashi, 

2005). A scanning window moves across the study region, visiting every point location or 

centroid (if using regional data). At each spot, the size of the scanning window graduality 

increases until 50% (or any lower value set by the user) of the total population is included in the 

scanning window. Then for each window the likelihood function is estimated. For the window 
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where the likelihood is maximized, a likelihood ratio test is preformed, comparing the likelihood 

of cases within the scanning window to the likelihood of cases outside the window. If the 

number of cases inside the window is determined to be in excess of its expectation, a disease 

cluster is identified (Tango, 2010). The first cluster detected is then referred to as the primary 

cluster, with any additional clusters identified referred to as secondary clusters if the p-value for 

the cluster is below the set significance level.  

 Disease clustering on the other hand, is spatial dependence in the data relative to distance 

and direction, often a result of a characteristic belonging to the disease or infectious agent. The 

spatial data type (point or regional data), determines the methods that can be applied to assess 

disease clustering. However, each method has its own assumptions and therefore, it is suggested 

to apply multiple methods when investigating clustering rather than relying on a single statistic 

(Carpenter, 2001). For regional data, the Moran’s I correlation coefficient (Moran, 1950) and the 

variogram function are two of the more popular methods to check for clustering in spatial data  

(Rossi et al., 1992). Similar to Pearson’s correlation coefficient, the Moran’s I statistic is a 

measure of the strength of the spatial correlation of a disease, with values (typically) ranging 

from -1 to +1. Large positive values suggest that there is a strong relationship (i.e., dependence) 

between nearby values, while large negative values suggest the presence of an inverse correlation 

between nearby values (Brunsdon, 2018). The variogram measures how much the variability in 

the data changes with distance. It consists of three main parameters; (1) the nugget effect which 

represents the error variance (measurement error) in the data, (2) the sill, the amount of variance 

in the variable and (3) the range, the distance at which observations are no longer correlated 

(Rossi et al., 1992).  
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 Regression modelling is used to link a health outcome and potential risk factors. Since 

spatial data often contains spatial dependence, fitting generalized linear models often results in 

overdispersion and can lead to false significant results i.e., the misidentification of risk factors. 

Overdispersion can be overcome using regression techniques designed for spatially dependent 

data such as marginal models where the parameters can be estimated using generalized 

estimating equations (GEEs), or subject specific models such as generalized linear mixed models 

(GLMMs), where spatially correlated random effects are added that capture the spatial 

dependence in the data (Liang and Zeger, 1986; Waller and Gotway, 2004). The difference 

between the two methods is how the parameter coefficients are interpreted. Marginal models are 

population average models, the predictors are averaged across the entire population and the 

parameter coefficients therefore apply to the entire study population (Dohoo et al., 2012).  

Whereas like the name implies, parameter estimates from a subject specific model reflect the 

impact the risk factor has on each individual group in the model (Dohoo et al., 2012). 

 

1.13 Thesis Objectives 

 Heartworm infection in companion dogs is emerging, which has been attributed in the 

literature as an effect of climate change. The term emerging refers to an aerial spread as well as 

temporal increase in disease frequency. A widely considered weather parameter, the heartworm 

development unit (HDU), is based on scientific knowledge regarding the temperature conditions 

necessary for D. immitis larval development and the vector species activity range. However, with 

the emergence of D. immitis, the HDU may no longer be the best parameter to use when 

assessing heartworm prevalence. Therefore, it is important to revisit the relationship between the 
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occurrence of heartworm infection in companion dogs and weather parameters such as ambient 

temperature and humidity and to compare these to HDUs over time and space.  

 The temporal and spatial emergence of heartworm in northeastern Europe, and the 

changes in climate attributed to global warming means that the risk of infection in companion 

dogs is changing. While changes in heartworm prevalence over time have been observed in the 

past, proper time series methods have rarely (if ever) been used to assess the temporal change or 

emergence.  

 The objectives of this thesis are therefore are to (1) study certain weather indicators as 

potential alternatives to the HDU as predictors for heartworm prevalence in dogs, (2) study the 

prevalence of heartworm in companion dogs in Ontario over time using a time series analyses of 

monthly prevalence estimates to determine if there is a trend in the prevalence of heartworm in 

dogs in Ontario, and (3) study the geographical variation of heartworm prevalence across Canada 

and the United States for the year 2018. 
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Chapter 2 

Time Series Analysis of Monthly Heartworm Prevalence in Dogs in Ontario, Canada, from 

2014-2019 

Formatted for submission to 

Veterinary Parasitology: Regional Studies and Reports 

2.1 Abstract 

Dirofilariosis (canine heartworm) is a zoonotic disease caused by the parasite Dirofilaria immitis 

and is considered an emerging disease in Europe due to climate change. However, it is unknown 

if the same is occurring in Ontario as past research using survey results from 1981 to 2010 and 

laboratory reports from 2007 to 2016 showed a significant downward trend in the prevalence of 

heartworm in dogs in Ontario. The objectives of this study were therefore to (1) determine if the 

apparent prevalence of heartworm in dogs in Ontario has changed during 2014 to 2019, (2) use a 

time series linear regression model with ARMA errors to determine if heartworm development 

units or similar weather parameters are better predictors of monthly heartworm prevalence, and 

(3) determine which method was more precise at forecasting monthly heartworm prevalence 

estimates, an artificial neural network algorithm or a SARIMA model. Monthly heartworm 

antigen test results from dogs in Ontario were collected from January 2014 to December 2019 

and analyzed. The results showed no change in the monthly average prevalence of heartworm 

from 2014 to 2019. Average monthly temperature at a 10-month time lag was found to be the 

best predictor of monthly heartworm prevalence while a SARIMA model was found to be more 

accurate at forecasting monthly heartworm prevalence estimates. Thus, the monthly prevalence 

of canine heartworm does not appear to be changing in Ontario from 2014 to 2019, and changes 
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in average monthly temperature seem to best explain the month-to-month variation in heartworm 

prevalence. It also appears to be more accurate to forecast the risk of heartworm in the Ontario 

dog population using SARIMA modelling.  

2.2 Introduction 

 Dirofilaria immitis (heartworm) is a mosquito-borne filarial nematode, which primarily 

infects domestic and wild canines and is the causal agent of dirofilariosis (McCall et al., 2008). It 

also has zoonotic potential (Fontes-Sousa et al., 2019). Female mosquitos ingest D. immitis 

microfilariae when taking a blood meal from an infected canine. Then, within the mosquito, the 

microfilariae undergo two molts, reaching the infective L3 larval stage (McCall et al., 2008). L3 

larvae are transmitted to a new host the next time the mosquito takes a blood meal. In the new 

host, the larvae mature into adult D. immitis, which produce second generation microfilariae 

(Boss and Shearer, 2011).  

 The rate at which D. immitis larvae develop from microfilariae to L3 larvae in 

mosquitoes is influenced by temperature, with a linear relationship existing between the rate of 

development and ambient temperature (Slocombe et al., 1989). At a constant temperature of 

26ºC, microfilariae take 10 days to reach the L3 stage (Bowman and Atkins, 2009). Under higher 

temperatures, the rate of development shortens to as little as eight days at 30ºC, while at cooler 

temperatures, the rate of development slows down to 30 days at 18.3°C (Knight and Lok, 1998). 

The development from microfilariae into L3 larvae will not occur below a threshold temperature 

of 14ºC (Fortin and Slocombe, 1981).  

 The heartworm development unit (HDU) represents the amount of heat required for D. 

immitis microfilariae to develop into the L3 larval stage. One (daily) HDU is accumulated for 
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each degree Celsius the mean daily temperature is above 14ºC. By allowing mosquitos to feed on 

a microfilariae-positive dog, it was determined that D. immitis microfilariae require 130 

accumulated HDUs to reach the L3 stage (Bowman and Atkins, 2009). Using this information, 

along with the estimated first annual feeding date for the early season vector mosquito Aedes 

stimulans, and daily maximum and minimum temperatures from 1957-1986 for southern 

Ontario, the transmission season for D. immitis in Ontario was determined. For southern Ontario, 

June 1st and October 9th were identified as the earliest and latest days of the year, respectively, 

when the transmission of D. immitis could occur. With the average annual transmission season 

determined to last from mid-June to the end of September i.e., about 14 weeks. Moving 

northward into colder areas, the length of the transmission season decreases, with central Ontario 

having an average transmission season lasting only 6½ weeks (Slocombe et al., 1989).   

 Since arthropod vectors are affected by the ambient temperature and humidity of their 

environment (Brown et al., 2012), changing climates are promoting a northward expansion of 

various arthropod species (Clow et al., 2017). As a result, the prevalence and transmission 

patterns of many vector-borne pathogens are changing. For example, northern European 

countries once considered free of D. immitis are starting to report locally acquired cases, while 

eastern European counties (e.g. Serbia and Croatia) are reporting a temporal increase in the 

annual number of canines testing positive for the parasite (Genchi et al., 2005, 2009). It is for 

this reason that canine heartworm is considered to be an emerging disease in Europe (Széll et al., 

2020). 

 Although heartworm has been considered endemic in Canada since 1977, the infection 

has always been considered rare, with recent studies putting the national prevalence of 
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heartworm in dogs in Canada at 0.42%, with no province reporting a prevalence in dogs greater 

than 0.5% (Herrin et al., 2017). While climate change has led to a geographical spread and 

temporal increase in the prevalence of heartworm in Europe, it is debated if the same is occurring 

in Ontario. A recent study that analysed surveys from 1981 to 2010 collecting information on 

how often veterinarians were diagnosing heartworm infection in dogs across Canada, showed a 

significant downward trend in heartworm prevalence in dogs in Ontario (McGill et al., 2019). 

The same study also analyzed laboratory reports of heartworm antigen test results for dogs from 

2007 to 2016 and found that the prevalence of heartworm declined in Ontario over this period 

(McGill et al., 2019). However, neither analyses employed proper statistical methods to address 

potential autocorrelation in the datasets when assessing the presence and significance of the 

downward trend (i.e., all observations were assumed to be independent of one another).  

 Taking repeated observations on a population over time (e.g., assessing the status of 

heartworm in the Ontario dog population), generates a time series, where observations taken 

closer together in time may be autocorrelated with one another (Dohoo et al., 2012). When 

statistical methods designed for independent data are used to analyse data containing 

autocorrelation, overdispersion is often encountered. The term overdispersion refers to the 

situation where the fitted model has a residual variance that is underestimated. Standard errors 

for the model parameter estimates are underestimated and thus, the confidence intervals are too 

short and hypothesis tests return significant results as p-values are underestimated (Dean and 

Lundy, 2016). To avoid the effects of overdispersion, statistical methods developed to analysis 

time series data can be applied which take into consideration the potential presence of 

autocorrelation in the data. By applying time series methods, the true state of a phenomenon in 
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the population of interest can be properly assessed, potential risk factors explored, and the future 

health status of the population forecasted. 

 In the field of human public health, time series analysis has become more common since 

the early 1990’s due to the increased availability of biomedical data (Zeger et al., 2006). 

Additionally, with the rise of big data, machine learning algorithms such as artificial neural 

networks are now being applied in the fields of epidemiology and disease surveillance to forecast 

the future health status of a population (Berke et al., 2020). The adoption of these methods in the 

field of veterinary epidemiology, however, has been much slower. Furthermore, the use of time 

series methods or machine learning algorithms to forecast disease risk, particularly for 

heartworm, is relatively unheard-of in the scientific literature, with Bayesian spatio-temporal 

regression models often used to forecast annual heartworm prevalence (Bowman et al., 2016; 

Self et al., 2019).  

 The general goal of this study was therefore to study the prevalence of canine heartworm 

in the province of Ontario over time using a time series analysis of the monthly prevalence. The 

specific objectives were to (1) determine if there is a temporal trend in apparent heartworm 

prevalence for Ontario and in which direction, (2) explore and describe the monthly variation in 

apparent prevalence of heartworm using a time series linear regression model with ARMA errors 

to determine if heartworm development units or similar weather parameters are better predictors 

of monthly heartworm prevalence, and (3) to determine whether an artificial neural network 

algorithm or traditional SARIMA modelling is the more precise forecasting approach for 

predicting the future prevalence of heartworm in dogs in Ontario.  
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2.3 Material and Methods 

 The dataset used in this study consisted of heartworm antigen test results for dogs from 

Ontario, Canada, reported monthly by the Companion Animal Parasite Council (CAPC) on its 

website (Companion Animal Parasite Council, 2020a). CAPC receives and publishes a portion of 

monthly diagnostic results from two diagnostic companies; IDEXX Laboratories and Antech 

Diagnostics (Companion Animal Parasite Council, 2020b). The dataset was assembled using 

web data extraction. Monthly prevalence reports analyzed in this study cover the time period 

January 2014 to December 2019. It is estimated that the web reports represent roughly 30% of 

heartworm antigen testing that took place each month in Ontario over that time period 

(Companion Animal Parasite Council, 2020b).  

 Monthly prevalence estimates for canine heartworm in Ontario were determined, dividing 

the number of positive antigen test results by the total number of antigen tests reported on the 

CAPC website. Since the sensitivity and specificity of the antigen tests used, and the ratio of 

IDEXX to Antech antigen tests in the dataset were unknown, no attempt was made to correct for 

false positives or false negatives in the data. Therefore, all prevalence measures reported here are 

apparent prevalence estimates (Dohoo et al., 2012).  

 The temporal variation in the apparent prevalence was explored using the STL method 

(Seasonal Time series decomposition by LOcally Estimated Smoothing Splines (LOESS)) 

(Cleveland et al., 1990). STL is an exploratory method that provides an insight into the potential 

presence and form of the trend and seasonal components in the data. The parameters’ trend-cycle 

window and seasonal window control the smoothness of the trend and seasonal components, i.e., 

how quickly they change (Hyndman & Athanasopoulos, 2018). While values for each parameter 
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are specified by the user, both parameter’s should be assigned odd values with the seasonal 

window for monthly data assigned a value ≥ 7 and the trend window assigned a value ≥
1.5𝑛(𝑝) 

1−1.5𝑛(𝑠)
−1 

where 𝑛(𝑝) is the length of the seasonal cycle and 𝑛(𝑠) is the length for the seasonal window 

(Cleveland et al., 1990). Autocorrelation in the time series data was assessed using the 

Autocorrelation and Partial Autocorrelation functions (ACF and PACF, respectively). 

 Box and Jenkins (1976) proposed the autoregressive moving-average (ARMA) modelling 

approach to stationary time series analysis. When applied to a time series that includes trend and 

seasonal components, i.e. non-stationary data, Box and Jenkins advocated for integrating the 

time series to remove any trend and/or seasonal components from the data as a data pre-

processing step, making the time series stationary. This results in an ARIMA (autoregressive 

integrated moving-average) model of order (p, d, q) where d equals the order of integration 

required to remove a trend component from the time series, e.g., d = 1 denotes first order 

differences remove a linear trend from the time series (Hyndman & Athanasopoulos, 2018). For 

time series data that include a seasonal component, Box and Jenkins proposed using a SARIMA 

(seasonal autoregressive integrated moving-average) model of order (p, d, q)(P, D, Q)k where D 

represents the order of integration required to remove the seasonal component in the data and k 

equals the number of observations in a seasonal cycle (Hyndman & Athanasopoulos, 2018). 

 While modelling is a multi-step activity, automated model selection was applied, where a 

minimum value for the Bayesian Information Criterion (BIC) determined the optimal SARIMA 

model. Thereafter, the fit of the candidate SARIMA models was further assessed by checking the 

distribution of the residuals using QQ-plots. Residuals were also assessed for any remaining 

autocorrelation by inspecting their respective ACF and PACF. The final model was chosen from 
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the candidate SARIMA models by selecting the model with the smallest BIC value that best 

minimized violations of model assumptions as indicated by residual diagnostics.  

 Weather data including temperature in degrees Celsius, relative humidity, and 

atmospheric pressure in kilopascals were obtained by web data extraction from the website Time 

and Date AS (2020). The following weather parameters were then assessed to determine if 

changes in local weather as an indicator for climate change could be used as a predictor for 

monthly heartworm prevalence estimates: monthly average temperature, monthly minimum 

temperature, monthly maximum temperature, monthly average atmospheric pressure, monthly 

average relative humidity, and total monthly precipitation (Wang et al., 2014). Furthermore, 

using weather data available online from the Government of Canada (Environment and Climate 

Change Canada, 2019), total monthly precipitation measured in millimetres and daily HDU 

values were calculated and then aggregated by month to determine if the (monthly) HDU was a 

better predictor of heartworm prevalence compared to the other (monthly) weather parameters. 

Both sources of weather data were obtained for the city of Toronto, the human population center 

of Ontario (Government of Canada, 2017) from weather stations located at Toronto Pearson 

International Airport.  

 Since circulating D. immitis antigen is not detectable on an antigen test for at least six 

months post-infection, each variable was assessed at a time lag of six, seven, eight, nine, ten, 

eleven, and twelve months, using time series linear regression models with ARMA errors for the 

apparent monthly heartworm prevalence. Additionally, the following interactions were also 

assessed: temperature×total precipitation, temperature×humidity, HDU×total precipitation, and 

HDU×humidity. The resulting models were assessed by checking the residual distributions via 
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QQ-plots and plots of the ACF and PACF. The combination of weather parameters that best 

explained the observed monthly variations in apparent heartworm prevalence were determined 

by selecting the model that best minimized violations of model assumptions and the BIC value. 

 Finally, two different forecasting approaches were compared to determine which one was 

more accurate at predicting the monthly prevalence of heartworm in dogs in Ontario: (I) 

traditional statistical SARIMA modelling, and (II) an artificial neural network (ANN) algorithm. 

An ANN is a generalization of the generalized linear model framework, which includes non-

linear regression models (Warner and Misra, 1996). ANNs consist of nodes often referred to as 

sigmoid neurons which are interconnected using synaptic weights. A simple perceptron neural 

network algorithm consists of two layers made up of input and output nodes. However, if there 

are one or more layers of hidden nodes between the input and output layers, the algorithm is 

considered to be a multilayer perceptron neural network (MLPNN) (Warner and Misra, 1996). 

Neural networks can also be classified as either feedforward or recurrent networks based on how 

the data fed into the algorithm flows from the input nodes to the output nodes. In a feedforward 

network, data are always passed forward; the results from one layer influence each consecutive 

layer until the output node is reached. On the other hand, in a recurrent neural network, the nodes 

are dynamic in the sense that data can flow forwards and backwards between the layers before 

reaching an output node (Boehmke and Greenwell, 2019). To compare the accuracy of forecasts 

from both approaches, the data were initially split into training and test data sets. The training 

dataset consisted of all monthly heartworm prevalence estimates from January 2014 to December 

2018, while the test dataset consisted of monthly heartworm prevalence estimates from January 

2019 to December 2019. Since prevalence has a lower limit of 0%, the training data were 
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transformed using a Box-Cox transformation before being forecasted, then back transformed to 

plot the results of each forecast and assess the accuracy of each method.   

  Through automated model selection, a SARIMA model was fit to the training dataset. 

The Akaike Information Criterion (AIC) was then used to select the best model to forecast the 

time series as the purpose of the model was to predict future values (Shmueli, 2010). The model 

with the lowest AIC was then used to forecast the monthly heartworm prevalence estimates from 

January 2019 to December 2019, which had been held out of the training set. The forecasted 

values were then compared to the observed values by calculating the mean absolute error (MAE) 

between the forecasted and observed values held in the test dataset. Likewise, a feedforward 

MLPNN was trained on the observations held in the training dataset using 5,000 repetitions. The 

MLPNN was then used to forecast the monthly heartworm prevalence estimates from January 

2019 to December 2019. Again, the forecasted values were compared to the observed values held 

out of the training dataset by calculating the MAE between the forecasted values and the 

observed values. The forecast method that had the lowest MAE between the forecasted 

prevalence values and the observed values was considered the more accurate method and then 

used to forecast monthly prevalence estimates for heartworm in dogs in Ontario for 2020. 

 All data analyses was performed in R version 3.6.0 (R Core Team, 2019) and RStudio 

version 1.2.1335 (RStudio Team, 2015). The following R-packages were used: “stats” for 

Seasonal Decomposition of Time Series by Loess (R Core Team, 2019), and “forecast” for 

automated SARIMA model building, linear regression with ARMA errors, training a 

feedforward MLPNN algorithm on the time series data, and forecasting the time series 
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(Hyndman and Khandakar, 2008; Hyndman et al., 2019). A significance level of 𝛼 = 0.05 was 

used for all statistical tests unless otherwise stated. 

2.4 Results 

 From January 2014 to December 2019, a total of 913,058 heartworm antigen test results 

were submitted from Ontario to the CAPC of which 2,963 were positive. The mean apparent 

prevalence of heartworm in dogs in Ontario over this time period was calculated to be 0.61% 

(95% CI: 0.52, 0.69) and ranged from a monthly low of 0.13% (95% CI: 0.02, 0.52) in December 

2014 to a high of 1.56% (95% CI: 1.09, 2.23) in January 2016. A time series plot (Figure 2.1) of 

the apparent monthly prevalence did not indicate the presence of a time trend in the data. 

However, it did indicate that there was seasonality as the prevalence estimates appeared to 

follow an annual cycle.  

 Decomposing the data into its trend, season, and remainder components using the STL 

approach revealed temporal variation in the data (Figure 2.2). The apparent prevalence of 

heartworm in Ontario appeared to trend upwards from January 2014 to September 2017, 

increasing over this time period from 0.54% to 0.64%. However, after September 2017, the 

prevalence of heartworm appeared to have a downward trend, decreasing to 0.57% by the end of 

December 2019. Over the length of the study period (From January 2014 to December 2019), the 

monthly prevalence of heartworm in dogs in Ontario changed by +0.03%, little indication of a 

trend in the time series. Examination of the seasonality in the data showed that the prevalence of 

heartworm increased during the year, reaching its highest monthly values in the late fall and 

early winter. The prevalence then decreased reaching its lowest value in May of each year.  
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 Through automated model selection, the SARIMA (0,0,1)(1,1,0)12 model (i.e., a model 

indicating no trend in the time series) was chosen as the best model to fit the time series data, 

with a BIC value of 27.39. This was based on the residual QQ-plot (Figure 2.3) and the 

autocorrelation and partial autocorrelation plots for the model using the ACF and PACF, which 

indicated no serial correlation in the residuals from the SARIMA model (Figure 2.4).  

 After assessing the weather parameters at various time lags using a linear regression 

model with ARMA errors, lagging by ten months (e.g. using the weather from January to explain 

heartworm prevalence in the following November) was identified as the best time lag to use 

based on minimized violations of model assumptions as indicated by residual diagnostics. Of all 

the weather parameters assessed, average monthly temperature was identified as the best 

parameter to use to predict the monthly apparent prevalence of heartworm in dogs in Ontario. 

Time series linear regression with ARMA errors using average monthly temperature lagged by 

10 months as a covariate resulted in a regression model with ARMA (0,0) errors that had an 

intercept of 0.85 (p < 0.001) and a slope estimate of -0.028 (p < 0.001). Model diagnostics were 

checked, and no violations of the model assumptions were detected (Figure 2.5). Additionally, 

no residual autocorrelation was observed on the ACF and PACF plots (Figure 2.6), indicating 

that the residuals were independent of one another. 

 In order to forecast the monthly heartworm prevalence in 2019 (i.e., the test data) 

automated model selection was applied; a SARIMA (1,0,1)(0,1,1)12 model was selected as the 

best model for forecasting based on the AIC criterion. When the forecasted values from the 

SARIMA model were compared to the observed values in the test dataset, the mean absolute 
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error (MAE) between the predicted and observed monthly prevalence values was found to be 

0.14%.  

 Similarly, after training a feedforward MLPNN algorithm on the training dataset the 

algorithm was also used to forecast ahead 12 months, i.e. the monthly heartworm prevalence 

estimates from January 2019 to December 2019 that were held in the test dataset. This time, 

when one compared the forecasted values from the MLPNN algorithm to the true values in the 

test dataset, the MAE between the observed and predicted monthly prevalence values was 

0.16%.  

 Lastly, the SARIMA (1,0,1)(0,1,1)12 model was also used to predict monthly heartworm 

prevalence estimates for dogs in Ontario in 2020. Table 2.1 shows how these predicted values 

compared to the true values that were later reported on the CAPC’s website. 

2.5 Discussion  

 The impact of climate change on the geographical distribution of arthropod vectors and 

the diseases they transmit is well established in the scientific literature. For instance, in North 

America, it has been clearly documented that climate change has contributed to the expansion of 

Ixodes scapularis (blacklegged tick) in to Ontario, resulting in an increase in the incidence of 

Lyme disease (Clow et al., 2016). Heartworm is considered an emerging disease in many 

European countries due to changing climates allowing mosquito vectors to expand their habitats 

into new geographical regions while at the same time, increasing the frequency in the 

transmission of D. immitis in regions where it is already established (Morchón et al., 2012). 

Since climate change is not a regional event but rather a global one, it is expected that there has 

also been a change in both the geographical distribution and transmission frequency of D. 
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immitis in Canada. However, while the risk of heartworm in dogs appears to have increased from 

2007 to 2016 in some Canadian provinces (Manitoba and Québec), past research had not found 

evidence for an increase in the prevalence of heartworm in dogs in Ontario from 1981 to 2010 

and from 2007 to 2016 (McGill et al., 2019).  

 To assess if the prevalence of heartworm in dogs in Ontario was changing, a time series 

analysis of monthly heartworm prevalence estimates for dogs in Ontario from 2014 to 2019 was 

undertaken. First, the time series was explored using STL decomposition (Figure 2.2). No trend 

was found from 2014 to 2019 as the apparent prevalence of heartworm in Ontario dogs changed 

slightly from 0.54% to 0.57%, an increase of only +0.03% over a six-year time span. However, it 

should be noted that STL decomposition is only an exploratory tool. Furthermore, the STL 

method is user dependent and thus subjective in nature; different values for the smoothing 

window lengths can result in different trend and seasonal figures. Therefore, it is possible to 

smooth the data to the point where the trend and/or seasonal component would not be detectible 

using the STL method. Likewise, it is also possible to smooth the data to a point where a trend 

appears in the time series based on the results of the STL decomposition but is not significant.  

 ARIMA models were fit to the dataset through automated model selection and a 

SARIMA (0,0,1)(1,1,0)12 model was identified as the best model based on BIC and minimized 

violations of model assumptions as indicated by residual diagnostics. The model indicated that 

while seasonality was present in the time series, there was no trend (i.e. long-term deviation from 

the mean) in the time series data. Thus, since overall month-to-month change in heartworm 

prevalence observed using the STL method was negligible (only a +0.03% change), and the 

SARIMA model indicated that no trend was present in the data, heartworm does not appear to be 
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emerging in Ontario. Instead, heartworm appears to be established as an endemic disease in the 

Ontario dog population at a level of about 0.6% (95% CI: 0.59, 0.61). The month-to-month 

variation in prevalence that can be observed in the time series is likely the result of seasonal bias 

in the reasons for heartworm antigen testing and not evidence of a temporal increase due to 

climate change.   

 Since the transmission of D. immitis is dependent upon mosquito vectors and, given that 

the climate in Ontario cannot support year-round mosquito activity, the risk of heartworm 

infection must be considered seasonal in Ontario. The chosen SARIMA model did indicate that 

there was a seasonal change in the prevalence of heartworm in dogs in Ontario (i.e. first order 

differencing was used to remove a seasonal component from the data to make the time series 

stationary). In addition to a seasonal change in monthly prevalence, seasonality could also be 

observed in the total number of monthly antigen test results, as number of monthly antigen test 

results submitted to the CAPC from veterinary clinics in Ontario was observed to decline over 

the course of the year.  The lowest number of monthly test submissions were reported during the 

winter (December to February), and the highest number of monthly test submissions were 

reported during the spring (April and May). The month-to-month variation in the number of 

reported antigen tests may be driving the seasonal change in heartworm prevalence observed in 

the time series as there is a seasonal bias in heartworm testing in Ontario. The majority of 

heartworm testing for dogs in Ontario takes place in the spring (April to May) as a prescription 

for heartworm preventive medication requires annual testing (Peregrine, 2019). In contrast, 

heartworm testing in the fall and winter is much more specific, targeting animals that show signs 

of infection. Furthermore, since the point of care antigen tests used to detect circulating 
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heartworm antigen can also detect a number of other vector-borne pathogens (Herrin et al., 

2017), it is possible that more cases of canine heartworm are being detected in the fall and winter 

due to an increase in testing for other vector-borne pathogens such as Borrelia burgdorferi. Since 

there is a lower number of tests conducted during the winter months compared to the spring, and 

majority of winter testing likely targets animals at a higher risk of infection, prevalence estimates 

for the winter months will be higher compared to the spring and summer months like the dataset 

displayed. For this reason, when assessing the risk heartworm poses to dogs living in Ontario, 

prevalence estimates obtained during the spring and summer months may give a better estimate 

of the true risk due to the more routine nature of the testing taking place in clinics across Ontario.  

 The length of the annual transmission season for heartworm in Ontario is relatively short. 

In southern Ontario (where the transmission season is longest compared to other Canadian 

provinces) the annual transmission season was determined to last on average 14 weeks of the 

year based on HDU values calculated using weather data from 1957-1986 for southern Ontario 

(Slocombe et al., 1989). Moving northward, the duration of the transmission season shortens, as 

the length of the transmission season is inversely related to latitude (Knight and Lok, 1995). 

While transmission of heartworm in Ontario is seasonal, D. immitis infection in dogs is 

diagnosed year round. However, it takes anywhere from 6 to 9 months post infection for D. 

immitis antigen to appear in the blood of an infected dog and become detectable using a point of 

care antigen test (Brown et al., 2012). To account for this delay between the onset of infection 

and when it becomes detectable, various weather-related risk factors for heartworm were 

assessed at different time lags using linear regression with ARMA errors. Average monthly 

temperature lagged by ten months was found to be the best predictor for monthly heartworm 
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prevalence. Furthermore, when compared to HDUs aggregated by month, average monthly 

temperature lagged by ten months was a better predictor of monthly heartworm prevalence 

compared to HDUs at each time lag assessed.  

 When interpreting the time series linear regression model with ARMA errors (𝑦𝑡 =  𝛽0 +

 𝛽𝑥𝑡 + 𝜂𝑡), 𝑥𝑡 is a covariate at time 𝑡 with a regression coefficient 𝛽 that is interpreted in the 

same manner as in ordinary least squares regression, while the error term (𝜂𝑡) is assumed to 

follow an ARMA process (Hyndman, 2010). When ten months lagged average ambient 

temperature was fit as a covariate, the error terms from the model were found to follow an 

ARMA (0,0) process, also known as a white noise model (Shumway, 2017). This white noise 

model indicated that there was no trend, autoregressive pattern, or moving average pattern in the 

error terms (i.e., the error terms were found to be randomly and independently distributed around 

a mean of 0). The negative model coefficient suggests that there is an inverse relationship 

between the monthly heartworm prevalence in dogs in Ontario and ten months lagged average 

ambient temperature (i.e., temperature and prevalence rise and fall out of phase).  

 In addition to identifying risk factors that can explain the monthly prevalence of 

heartworm in dogs in Ontario, predicting future monthly prevalence values can help pet owners 

and veterinarians make informed decisions regarding heartworm preventive therapies. Two 

different forecasting methods were assessed (Figure 2.8), to determine which one was more 

accurate. Using the MAE to assess the accuracy of each method, a SARIMA model was found to 

be more accurate. However, the monthly prevalence of heartworm in dogs in Ontario was only  

forecasted for the first seven months of 2020 since the larger the forecast horizon (i.e., how far 

ahead the time series is forecasted), the less accurate the predictions become (Hyndman and 
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Athanasopoulos, 2018). The forecasted values represent the future monthly prevalence of 

heartworm in dogs in Ontario. However, while they are only estimated values, they still have 

value to veterinarians, providing an estimation as to how many dogs in Ontario can expect to test 

positive for D. immitis each month.  

 While changes in average monthly temperature were found to best explain the month-to-

month variations in heartworm prevalence and SARIMA modelling was determined to be an 

accurate method to forecast future monthly prevalence estimates for heartworm infection in dogs 

in Ontario, limitations to the dataset may impact the external validity of these results. First, as 

previously mentioned, the dataset is the result of two different diagnostic tests, which have 

different diagnostic sensitivity and specificity. While heartworm antigen tests typically have a 

diagnostic sensitivity and specificity greater then 90% (Starkey et al., 2017), these two diagnostic 

tests are still imperfect and the dataset should have been adjusted to correct for the 

misclassification of cases. However, since the ratio of IDEXX to Antech tests in the dataset was 

unknown it was not possible to make this adjustment. For that reason, the prevalence estimates 

referred to in this study are estimations of the apparent prevalence and may over or 

underestimate the true prevalence of heartworm in the study population. Secondly, selection bias 

may also be an issue as the study population is not representative of the entire Ontario dog 

population. Since not all companion dogs in Ontario undergo routine heartworm screening, there 

is an underrepresentation of the true population, thereby limiting the ability to estimate the 

prevalence of heartworm for dogs in Ontario. Additionally, the dataset used is very selective; it 

only contains approximately 30% of the heartworm tests that took place each month. 

Furthermore, there is no additional information made available on the travel and medical history 
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of the animals tested. For example, not all dogs that tested positive may have been infected in 

Ontario. Even so, since the travel status of the dogs was unknown at the time of the study, all 

positive test results were treated as locally acquired cases of heartworm. Additionally, since 

heartworm preventive medication in Canada is only available via prescription, the dogs in this 

study are more likely to be on preventive medication compared to dogs not in the study 

population. Thus, the risk of heartworm will to be lower in this subset of the population.  

 The length of the dataset (72 months) may be a limitation when determining if there is a 

trend in heartworm prevalence. Although the overall change in apparent prevalence over the 

length of the study period was negligible, over the last 2½ years of the study period, the apparent 

prevalence of heartworm displayed a tendency for a downwards trend. Adding additional years 

to the dataset may help to better define how the prevalence of heartworm in dogs in Ontario is 

changing. If the downward trend observed over the last few years of the study period continues, 

this would be consistent with what previous studies have found from 1981 to 2010 and from 

2007 to 2016 (McGill et al., 2019). With only 72 observations, the dataset is also relatively small 

compared to datasets machine learning algorithms such as artificial neural networks are normally 

applied to. Given time, and with the addition of more observations, the forecast accuracy of the 

MLPNN algorithm may improve as artificial neural network algorithms can learn more complex 

patterns in the structure of a dataset given more observations from which to learn (Zhang et al., 

1998). 

 Finally, the generalizability of this study is limited as the results only apply to a portion 

of the Ontario companion dog population. Secondly, local weather data measured at Pearson 

International Airport were used to evaluate the impact of climate change, and as a predictor for 
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monthly heartworm prevalence. The decision to use weather data for Toronto was made on the 

basis that Toronto is the human population center of Ontario (Government of Canada, 2017) and 

presumable the companion dog population center as well. However, given the geographical size 

of Ontario, the weather in Toronto is not representative of the entire province. Thus, while the 

results from the study may apply to a significant portion of the Ontario dog population, there 

may be some dogs in (colder) regions of (Northern) Ontario where using the average monthly 

Toronto temperature as a predictor for heartworm risk may cause bias.  

 In conclusion, this study has shown that from 2014 to 2019 there was no long-term 

change in the prevalence of heartworm in dogs in Ontario. Thus, heartworm remains a relatively 

rare infection within the Ontario companion dog population, established at a level around 0.6%. 

Average temperature was the best predictor of monthly heartworm prevalence; and average 

monthly temperature lagged by 10 months appears to be a better predictor of heartworm 

prevalence than the HDU, which has historically been used. SARIMA modelling was also 

determined to be the more accurate forecast method to predict the future monthly prevalence 

(and thus the caseload) of heartworm in dogs in Ontario. 
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Table 2.1: Forecasted monthly prevalence estimates for heartworm in dogs in Ontario along with 

their 95% prediction interval from a seasonal autoregressive integrated moving-average 

(1,0,1)(0,1,1)12 model compared to the true values reported on the Companion Animal Parasite 

Councils’ website. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Month-Year 
Forecasted Value 

(95% PI) 
True Value 

January 2020 
0.55% 

(0.22 - 1.13) 
0.50% 

February 2020 
0.62% 

(0.24 - 1.27) 
0.49% 

March 2020 
0.33% 

(0.10 - 0.79) 
0.30% 

April 2020 
0.22% 

(0.05 - 0.58) 
0.21% 

May 2020 
0.18% 

(0.04 - 0.51) 
0.19% 

June 2020 
0.33% 

(0.10 - 0.78) 
0.20% 

July 2020 
0.34% 

(0.11 – 0.81) 
0.25% 
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Figure 2.1: Time series plot of monthly apparent prevalence estimates for canine heartworm in 

Ontario, along with the smooth trend line (red) and the smoothed series (blue), for 2014-2019. 
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Figure 2.2: The results of the Seasonal Time series decomposition by Locally Estimated 

Smoothing Splines for the time series of monthly heartworm prevalence estimates for dogs in 

Ontario from 2014-2019, decomposing the time series into its trend, seasonal and remainder 

components. The bars on the right indicate how much variation is in each component of the data. 
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Figure 2.3: QQ-plot of residuals from of seasonal autoregressive integrated moving-average 

model (0,0,1)(1,1,0)12 fit to the monthly heartworm prevalence time series from January 2014 to 

December 2019. The reference line (in blue) is the line the residuals should fall along if normally 

distributed. The dashed lines are the confidence bands representing the amount of uncertainty in 

the estimation of the residuals. 
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Figure 2.4: Correlogram (ACF) and partial correlogram (PACF) plots for the residuals from the 

seasonal autoregressive integrated moving-average (0,0,1)(1,1,0)12 model fit to the monthly 

heartworm prevalence time series from January 2014 to December 2019. The lack of a 

systematic pattern suggests that the residuals are independent of one another. The dashed blue 

lines represent the confidence bands. 
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Figure 2.5: QQ-plot of the residuals from the linear regression model with ARMA (0,0) errors 

fit to the monthly heartworm prevalence time series from January 2014 to December 2019 using 

average monthly temperature at a 10 month time lag as a covariate. The reference line (in blue) is 

the line the residuals should fall along if normally distributed. The dashed lines are the 

confidence bands representing the amount of uncertainty in the estimation of the residuals. 
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Figure 2.6: Correlogram (ACF) and partial correlogram (PACF) plots from the residuals from 

the linear regression model with ARMA (0,0) errors fit to the monthly heartworm prevalence 

time series from January 2014 to December 2019 using average monthly temperature at a 10 

month time lag as a covariate. The lack of a systematic pattern suggests that the residuals are 

independent of one another. The dashed blue lines represent the confidence bands.   
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Figure 2.7: Forecasted monthly heartworm prevalence estimates for dogs in Ontario (blue) for 

2020 along with their 95% prediction interval (gray) from a seasonal autoregressive integrated 

moving-average (1,0,1)(0,1,1)12 model. 
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Figure 2.8: The ability of the seasonal autoregressive integrated moving-average model (red) 

and multilayer perceptron neural network algorithm (blue) to predict the monthly heartworm 

prevalence in dogs in Ontario from January 2019 to December 2019, compared to the observed 

monthly values (black). 
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Chapter 3 

Spatial Epidemiology of Canine Heartworm (Dirofilaria immitis) Infection in dogs in 

Canada and the United States for 2018 

Formatted for submission to 

Preventive Veterinary Medicine 

3.1 Abstract   

 Dirofilaria immitis, commonly known as heartworm, is a zoonotic parasite spread by 

mosquitos that primarily infects domestic and wild canids. In North America (excluding 

Mexico), the major foci of heartworm infections are in the southeastern portion of the United 

States along the Gulf of Mexico and in the lower Mississippi River valley. The heartworm 

development unit is based on scientific knowledge regarding the temperature conditions 

necessary for both D. immitis larval development and its vector species’ temporal activity range. 

However, since the concept of the heartworm development unit was introduced, several other 

risk factors including ambient temperature and humidity have been identified to influence the 

risk of heartworm infection in dogs and may be better predictors of heartworm prevalence in 

dogs compared to the heartworm development unit. Using heartworm antigen test results for 

dogs from Canada and the United States for the year 2018, the geographic variation in apparent 

heartworm prevalence was assessed through smoothed choropleth mapping. The flexible spatial 

scan test was then applied to detect the presence of heartworm clusters. Finally, a Generalized 

Linear Mixed Model of the Poisson family was fit to determine if ambient temperature is a better 

predictor of the geographic variation in heartworm prevalence compared to heartworm 

development units, which are not readily available. Known risk factors for heartworm were also 
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assessed to determine their association with variations in heartworm prevalence in dogs. Average 

annual ambient temperature was found to explain the geographical variation in heartworm 

prevalence better than annual HDUs calculated from monthly data at the provincial and state 

level. Furthermore, increases in median household income were found to be associated with 

decreased risk of heartworm infection in companion dogs. In conclusion average annual 

temperature is a better predictor for the geographic variation of heartworm at the provincial and 

state level compared to annual heartworm development units.   

3.2 Introduction  

 Dirofilariasis (canine heartworm), is a vector-borne zoonotic disease caused by the 

parasite Dirofilaria immitis (Simón et al., 2014). Domestic dogs and wild canids are the natural 

hosts and primary reservoirs for D. immitis, which is spread through the bite of infected 

mosquitos. Cats, ferrets, and several other mammals including humans may also become 

infected, however, they are less suitable hosts and, in many cases, are dead-end hosts for the 

parasite (McCall et al., 2008).  

 Since the first published North American case of canine heartworm in 1847, D. immitis 

infection in dogs has been found to be endemic across the continental United States (Bowman et 

al., 2009). In Canada, heartworm infection is a rare occurrence in companion dogs compared to 

the United States with recent studies estimating the national prevalence of heartworm in the 

companion dog population between 0.16% to 0.42% (Herrin et al., 2017; McGill et al., 2019b). 

Southern Ontario was originally identified as the main focus for the infection in Canada 

(Slocombe and Villeneuve, 1993; Klotins et al., 2000). However, since then, secondary foci have 
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been identified across the country including the regions of southern Québec, southern Manitoba, 

and the Okanagan Valley in British Columbia (McGill et al., 2019b).  

 The risk of infection is influenced by climate, as the development of D. immitis larvae in 

mosquitos, depends on the temperature and humidity of the surrounding environment: D. immitis 

larvae require the mean daily temperature to be greater than 14°C (57°F) in order to develop 

from microfilariae to the infective L3 larval stage within the mosquito (Fortin and Slocombe, 

1981). The heartworm development unit (HDU) which represents the amount of heat required for 

microfilariae to reach the L3 larval stage, is often used to determine the annual heartworm 

transmission season. One HDU is accumulated for each degree the mean daily temperature is 

greater than 14°C, with 130 accumulated HDUs required before the transmission season can 

theoretically begin (Slocombe et al., 1989). The transmission season ends on the last day of the 

year 130 HDUs can be accumulated within a 30-day period, the estimated maximum life 

expectancy for the late season vector Aedes vexans in the wild (Slocombe et al., 1989). 

 The transmission of D. immitis across Canada and most of the continental United States 

is seasonal, due to climate. The most recent transmission season models for Canada and the 

United States indicate that year-round transmission is only possible in the southern portions of 

Florida and Texas (Knight and Lok, 1998). Additionally, these models show that both the 

duration of the transmission season, and the probability of an animal becoming infected are 

inversely related to latitude, i.e. the risk of infection decreases the further north that canines live 

(Slocombe et al., 1995; Knight and Lok, 1998). Above the 60th parallel, the current transmission 

season models show that heartworm infection is highly unlikely to occur due to the climate being 

too cold to support the development of D. immitis larvae in mosquitos (Slocombe et al., 1995). 
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 Screening companion dogs for D. immitis is commonly performed using a point of care 

antigen tests. Under the current guidelines from the American Heartworm Society, annual 

screening for heartworm is recommended for dogs over the age of 7 months residing in the 

United States (Nelson et al., 2018). Additionally, all animals should be retested every year close 

to the date of their first initial test (Nelson et al., 2018). While annual screening for heartworm is 

an option in Canada, the likelihood that the dog testing positive is truly positive is low given how 

rare the infection is in Canada. For this reason, it has been suggested that veterinarians in Canada 

should implement a risk-based screening approach, taking into consideration (I) if the animal has 

traveled to high risk area for heartworm in the last year, (II) if the animal was on preventive 

therapy the previous year, and (III) the compliance of the animal’s owner for administering 

preventive therapy over the previous year (Peregrine, 2019). By using this proposed risk-based 

screening approach, only companion dogs most likely to be infected would be tested.      

  Several factors can influence the chance of a dog testing positive for heartworm. 

Measurable risk factors that influence the prevalence of heartworm and can be used to assess the 

spatial variation in infection prevalence include weather (e.g. temperature), geographic (e.g. 

surface water coverage), and societal (e.g. human population density) factors (Wang et al., 

2014). Despite these known risk factors, the HDU is still frequently used as the main predictor of 

heartworm prevalence in dogs (Shearer, 2011), while more readily available quantities including 

ambient temperature are neglected.  

 Thus, the goal of this study was to study the geographic variation of annual apparent 

canine heartworm prevalence across Canada and the United States at the provincial and state 

level for the year 2018. Specific objectives were to (1) determine how the apparent prevalence of 
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heartworm varies geographically across Canada and the continental United States for the year 

2018; (2) to study if any heartworm infection clusters exist in the study area; and (3) determine 

what temperature variable best explains the geographic variation in heartworm prevalence in 

dogs and if temperature is a better indicator of heartworm prevalence in dogs compared to the 

HDU.  

3.3 Materials and Methods  

 The data for this study consisted of diagnostic test results regarding heartworm infection 

in companion dogs, and local weather information. Diagnostic test results were retrieved from 

the Companion Animal Parasite Council (CAPC) as submitted by IDEXX Laboratories and 

Antech Diagnostics (Companion Animal Parasite Council, 2020); a total of 11,501,464 

heartworm antigen test results for the year 2018 were retrieved for Canada and the continental 

United States at the provincial and state level, respectively. CAPC receives a portion of 

diagnostic test results from both IDEXX Laboratories and Antech Diagnostics, which is 

estimated to represent roughly 30% of all heartworm antigen tests conducted in the study area for 

that year (Companion Animal Parasite Council, 2020). The prevalence of heartworm in the 

companion dog population was determined for each state and province as the percentage of 

positive test submissions. Since the dataset consists of test results from both the SNAP® 4Dx® 

Plus (IDEXX Laboratories) and the AccuPlexTM 4 Test (Antech Diagnostics), it was not possible 

to correct for false positives and/or false negatives as the ratio of tests used in each province and 

state was unknown. All prevalence measures reported in this study are estimates of the 

“apparent” prevalence. 
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 The Canadian province of Prince Edward Island, along with the Canadian Territories 

(Nunavut, Northwest Territories, and Yukon) were excluded from the study area as no canine 

heartworm antigen test results were reported for these regions in 2018 by the CAPC. To visualize 

the geographic variation in the apparent prevalence of heartworm in dogs at the provincial and 

state level across the study area, boundary files for Canada and the United States were obtained 

from the Database of Global Administrative Areas (2018). The two national boundary files were 

then merged together and projected using the Lambert Conformal Conic projection. 

 Since the total number of heartworm antigen tests reported for each province and state 

was not consistent across the study area, the apparent prevalence estimates were smoothed using 

the local empirical Bayes estimator with queen neighbourhood structure (Marshall, 1991). 

Smoothing is a method to adjust for varying sample sizes and makes regional prevalence 

estimates more comparable. Tobler’s first law of geography (Waller and Gotway, 2004) states 

that nearer objects are more related then distant objects. Thus, given the size of the study area, 

local Bayesian smoothing was used to make apparent prevalence estimates for neighbouring 

regions more comparable rather than using a global smoothing method. The locally smoothed 

apparent prevalence estimates for each province and state were then used to generate a smoothed 

choropleth map (Berke, 2001), to visualize the geographic variation in apparent heartworm 

prevalence across Canada and the continental United States for the year 2018. 

 A flexible spatial scan test was applied to determine the location of possible infection 

clusters in the study area. The presence of infection clusters was assessed; and the standard 

morbidity ratio (SMR) for canine heartworm was estimated for each identified infection cluster 

(Tango, 2010). Since the proportion of the population that can be included in a cluster cannot 
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exceed 50% of the total study population (Tango, 2010), the maximum number of 

provinces/states used for the flexible scan test was set to 10. The significance of the flexible scan 

test results was assessed using Monte Carlo simulated p-values based on 9,999 simulations. The 

spatial correlation between cases of canine heartworm across the study area was also assessed 

using the Moran’s I correlation coefficient applying the population centroid (largest city) for 

each province/state and the queen neighborhood structure (Moran, 1950).  

 The decision to apply population centroids instead of geographical centroids was based 

on the assumption that there would be more companion dogs living in closer proximity to the 

population centroid of each region compared to the geographic centroid. Wikipedia (2020) was 

used to determine the largest city for each province and state, and obtain its geographical 

coordinates i.e., latitude and longitude. The coordinates for each population centroided were then 

converted from geographic coordinates into Cartesian coordinates based on the map projection, 

with the distance between each centroid measured in kilometres.  

 Various temperature variables were assessed to determine their association with the 

geographical variation in apparent heartworm prevalence, and to determine if temperature is a 

better predictor of apparent heartworm prevalence in dogs compared to the HDU. The following 

temperature variables for the largest city in each province and state were obtained from the 

website Time and Date AS (2020) and assessed using a one-year time lag: annual maximum 

temperature, annual minimum temperature, and annual average temperature. The time lag was 

deemed necessary to accommodate for the time to sero-conversion after infection in dogs which 

can range from six to nine months (Brown et al., 2012). Exploratory data analysis included 

assessing the correlation between predictor variables and the apparent prevalence of heartworm 
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using a scatter plot and the Pearson correlation coefficient. Thereafter, the Generalized Linear 

Mixed Model (GLMM) framework, including spatial and multilevel modelling approaches, was 

applied in combination with the Penalized Quasi-Likelihood (PQL) estimation method to fit a 

model based on temperature that best explained the geographic variation in apparent heartworm 

prevalence. A descriptive analysis for each predictor variable was performed and the relationship 

to the outcome (i.e., apparent prevalence) was evaluated. Variables retained in the model were 

selected through backwards model selection using a 5% significance level as a cut-off to 

determine which variables to keep in the model. The goodness-of-fit for each model was 

assessed visually by checking for deviations from a Gaussian distribution assumption using 

quantile-quantile plots (QQ-plot) of the distribution of both the deviance residuals and random 

effects, and using the 𝑅𝛽∗
2  statistic, which is a generalization of the 𝑅2 statistic that can be used 

for models fit by PQL estimation (Jaeger et al., 2017).  

 To assess whether HDUs or ambient temperature was the better predictor of heartworm 

prevalence, the same model selection process was applied as before, but this time used HDUs 

rather than temperature. However, since HDUs are calculated using daily data, and the study 

used annual prevalence estimates, an annual heartworm development unit value for each 

province/state was applied. This was done using the average monthly temperature for each 

province/state measured at the population centroid, minus the development threshold 

temperature for D. immitis larvae (14°C) then multiplied by the average number of days in a 

month (30.4375). This process was repeated for each month the average monthly temperature 

was greater than 14°C, then aggregated into a single value to represent the total number of HDUs 

each province/state accumulated over one year at its population center.  
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 Descriptive data analyses consisted of assessing the correlation between annual HDU 

values and apparent heartworm prevalence at the provincial/state level using the Pearson 

correlation coefficient. GLMMs were then fit using PQL estimation. Again, model fit was 

assessed visually by checking for deviations from a Gaussian distribution assumption using a 

QQ-plot of the distribution of both the deviance residuals and random effects, and using the 𝑅𝛽∗
2  

statistic. 

 Known risk factors for heartworm infection in dogs which have previously been assessed 

at the county level across the United States (Bowman et al., 2016; Self et al., 2019) in addition to 

temperature and HDU values were included in the model building process to determine if these 

parameters could explain the geographical variation in apparent prevalence observed across the 

study area. Specifically, the following risk factors were evaluated: average annual relative 

humidity, human population density, median household income, and percent water coverage. 

Interactions between independent variables already established in the literature (Wang et al., 

2014) were also included in the model. Backwards selection using a 5% significance level as a 

cut-off was applied to assess the combined effects of all independent variables on apparent 

heartworm prevalence. Independent variables that were not associated with the apparent 

heartworm prevalence were removed from the final model if they were not part of a significant 

interaction term. Due to its small geographical size and large human population relative to the 

other regions in the study area, the District of Columbia was identified as an outlier and excluded 

from the analysis. 

 Weather data (temperature, humidity) measured at the location of the population centroid 

for each state and province was retrieved from Time and Date AS (2020) for each month in 
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2017. From this, the annual maximum, minimum, and average temperature was determined. 

Weather data from 2017 was used because it takes 6-9 months after becoming infected for 

circulating heartworm antigen to become detectable in blood (Brown et al., 2012).  

 Wikipedia (2020) was used to determine the human population of each province and state 

included in the study area along with its area in square kilometers from which the human 

population density for each state and province was calculated per square kilometer. Wikipedia 

(2020) was also used to determine the percentage of area covered by water in in square 

kilometres for each state and province. The 2015 median household income for each state in 

United States Dollars (USD) was also obtained from Wikipedia (2020), while the 2015 median 

household income for each province was obtained from Statistics Canada in Canadian Dollars 

(CAD). CAD values were then converted into USD using the 2015 annual exchange rate for 

CAD to USD as reported by the Bank of Canada (2020). Median household income for the year 

2015 was used as it was the most recent data available for each province and state at the time of 

the data analyses.  

 QGIS was used to merge the two national boundary files to create one boundary file for 

the entire study area (QGIS Development Team, 2009). All data analysis were conducted in R 

and RStudio using a significance level of 𝛼 = 0.05 for all statistical analyses (RStudio Team, 

2015; R Core Team, 2019). The following packages were used: ‘rgdal’ for choropleth mapping 

(Bivand et al., 2019), ‘spdep’ for smoothing the prevalence data and calculating the Moran’s I 

coefficient (Bivand and Wong, 2018), ‘smerc’ for applying a flexible scan test to the study area 

(French, 2019), ‘MASS’ for fitting GLMMs by the PQL estimation method (Venables and 

Ripley, 2002), and “r2glmm” for calculating the 𝑅𝛽∗
2  statistic  (Jaeger, 2017). 
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3.4 Results 

 In total, 11,501,464 canine heartworm antigen test results from 2018 were included in 

this study. A total of 11,282,779 test results came from dogs tested in the continental United 

States, and the remaining 218,685 test results were from dogs tested in Canada. There were 

148,507 positive test results reported across the study area; 774 from Canada and 147,733 from 

the United States. The raw apparent prevalence of heartworm across the entire study area in 2018 

was 1.29% (95% CI: 1.28, 1.30). Geographically, the raw apparent prevalence of heartworm 

infection varied greatly. Mississippi had the highest raw apparent prevalence at 7.78% (95% CI: 

7.57, 8.00) followed by Louisiana at 7.09% (95% CI: 6.96, 7.23), and Arkansas at 4.45% (95% 

CI: 4.32, 4.58). Saskatchewan reported the lowest raw apparent prevalence at <0.01% (95% CI: 

0.00, 24.25) followed by Newfoundland and Labrador at <0.01% (95% CI: 0.00, 1.97) and North 

Dakota at 0.27% (95% CI: 0.20, 0.36).  

 A choropleth map (Figure 3.1) of smoothed heartworm prevalence in dogs was generated 

using the local empirical Bayes estimator with queen neighbourhood structure to internally 

standardize the raw apparent prevalence estimates. After smoothing the raw prevalence 

estimates, Mississippi, Louisiana, and Arkansas still displayed the highest apparent prevalence 

estimates on the choropleth map at 7.77%, 7.09%, and 4.45% respectively. However, smoothing 

the raw apparent prevalence estimates changed which provinces and states displayed the lowest 

apparent heartworm prevalence in 2018; Newfoundland and Labrador reported the lowest 

prevalence at 0.22%, followed by Québec at 0.30%, and North Dakota at 0.32% (Figure 3.1). 

 The results of the flexible scan test are summarized in table 3.1. A positive infection 

cluster was identified in the southeast of the United States, comprising of 71,897 cases of canine 
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heartworm across eight states (Figure 3.1). With an expected number of 27,155 cases, the SMR 

for the infection cluster was estimated to be SMRpos = 2.65 (95% CI: 2.63-2.67). Three 

secondary infection clusters were also detected in the United States with SMRpos values 

estimated to be close to 1.  

 The smoothed Moran’s I correlation coefficient (I = 0.71, p < 0.001) indicated the 

presence of spatial dependence in the smoothed apparent prevalence, while a visible north-south 

trend in heartworm prevalence in dogs was observed on the smoothed choropleth map (Figure 

3.1) 

 Of the three temperature variables assessed (maximum, minimum, and average 

temperature), annual maximum temperature did not appear to be correlated (R = 0.056, p = 0.67) 

with apparent heartworm prevalence and was therefore excluded from further analysis. The 

correlation between both remaining temperature parameters (average and minimum) and annual 

HDUs values with the apparent heartworm prevalence, is summarized in table 3.2. The 

relationship between each predictor with heartworm prevalence was first assessed using a spatial 

GLMM. However, when covariates were added to the model, the spatial dependence in the data 

was found to not be relevant and explained by the model covariates (i.e. the range of the spatial 

dependence in the data was shorter than the minimum distance between the population centroids 

for each province/state). Therefore, a GLMM of the Poisson family fit by Penalized Quasi-

Likelihood (PQL) estimation was used instead. Through backwards model selection, a model 

based on average annual temperature was found to better predict the geographic variation in 

heartworm prevalence observed across the study area compared to a model based on HDUs, with 

the temperature-based model (Table 3.3) having an estimated 𝑅𝛽∗
2  of 0.61 (95% CI: 0.48, 0.74) 
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compared to an estimated 𝑅𝛽∗
2  of 0.54 (95% CI: 0.40, 0.69) for the model based on HDUs (Table 

3.4).  

 The final Poisson regression model included known risk factors for heartworm infection 

among domestic dogs as well as interaction effects, and is summarized in table 3.3. Median 

household income had a prevalence risk ratio (PRR) that indicated a negative association with 

heartworm prevalence (i.e., higher level of exposure leads to a reduction in risk). On their own, 

average annual temperature (PRR = 7.261; p < 0.001) and average annual humidity (PRR = 

4.0115; p = 0.0028) both had a positive association with apparent heartworm prevalence. When 

the interaction effect between the temperature and humidity was introduced into the model, both 

variables displayed a negative association with apparent prevalence; PRR = 0.0116; p = 0.0196 

and PRR = 0.0272; p = 0.0178, respectfully. The interaction term, however, had a significant 

positive association with heartworm prevalence (PRR = 764.09 p = 0.0008). Comparing models 

with and without the interaction term, the 𝑅𝛽∗
2  statistic indicated that the better fitting model 

included the interaction term. Therefore, both variables and their interaction were kept in the 

model (Table 3.3). 

 When the fit of the Poisson regression mixed model was assessed, the model residuals 

appeared to be Gaussian distributed, with Alberta and Alaska identified as the two most extreme 

outliers, as indicated on the QQ-plot (Figure 3.2). The random effects or best linear unbiased 

predictors also appeared to be Gaussian distributed when viewed using a QQ-plot, indicating that 

the model fit the data (Figure 3.3).  
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3.5 Discussion  

 Warm humid regions in the southeastern portion of the United States have historically 

been the major foci of canine heartworm infections across northern America (Bowman et al., 

2009). In the work described here, the geographical variation of heartworm prevalence across 

Canada and the United States at the province/state level (Figure 3.1), displayed the following 

pattern: warm humid regions (e.g. Louisiana) had a higher annual smoothed apparent prevalence 

compared to both cooler northern regions (e.g. Ontario) and warm yet less humid regions (e.g. 

Nevada). This was also confirmed by the results of the flexible scan test as the primary 

heartworm infection cluster was detected in the southeastern portion of the United States, where 

the climate is both warmer and more humid compared to the rest of the study area (Figure 3.1).  

 The heartworm development unit (HDU) represents the amount of accumulated heat that 

is required for D. immitis larvae to reach the infective stage of their development in mosquitos 

and become transmittable from mosquitos to host animals (Slocombe et al., 1989). The first 

transmission season models for heartworm in North America, were developed for Ontario, 

Canada during the 1970’s and 80’s, based on HDUs, and determined using temperature data 

from 1957-1986 for southern Ontario (Slocombe et al., 1989; McGill et al., 2019b). Since then, 

newer models for both Canada and the United States were developed using temperature data and 

HDUs from 1962-1993 and 1963-1992 respectively at the state and provincial level (Knight and 

Lok, 1995; Slocombe et al., 1995). However, with changes in mean daily temperature as a result 

of climate change, the duration of the transmission season for heartworm across North America 

may have changed since these models were developed.  
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 Also, a result of climate change, arthropod vectors including mosquitos have expanded 

their range northward as new regions become more hospitable for their establishment, resulting 

in changes in the distribution of vector-borne diseases (Clow et al., 2017). With respect to 

heartworm, changes in the distribution of heartworm infection within companion dogs have 

already been documented in Europe with the emergence of new endemic regions in Northern 

Europe (Genchi et al., 2005, 2011; Sassnau et al., 2014).  

 It is therefore time to create new transmission season models for Canada and the United 

States, as climate change has likely led to a change in the distribution and transmission of D. 

immitis in Canada and the United States. A new transmission season model could be based on 

the HDU like previous models, calculated using more recent temperature data (e.g., 1989-2019), 

however, HDUs are not readily available to veterinarians. As an alternative, it may be possible to 

create a transmission season model based on related weather parameters including temperature 

and humidity. A model based on average temperature has been shown in this study to better 

predict the risk of heartworm spatially as average annual temperature was found to have a 

stronger association with apparent heartworm prevalence compared to HDUs when assessed on 

an annual basis.  

 While the Moran’s I correlation coefficient indicated the presence of spatial dependence 

in the annual heartworm prevalence in dogs across Canada and the United States, when adjusting 

for predictors, the spatial structure was found to be explained by the covariates in the model. For 

this reason, a GLMM of the Poisson family fit using the PQL estimation method was used rather 

than a spatial GLMM model which previous studies have used to adjust for spatially correlated 

random effects (McGill et al., 2019a). Annual average temperature and annual average humidity 
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lagged by one year were both found to increase the risk of a dog testing positive for heartworm at 

the provincial/state level. The synergistic effect between the two variables was also found to 

impact the risk of an animal testing positive, supporting the theory that dogs living in warm 

humid regions are at the highest risk for heartworm compared to any other region. With climate 

change being expected to accelerate the risk of heartworm infection in dogs, it is important to 

identify factors that may decrease the risk of heartworm infection in dogs. Increasing median 

household income was the only variable assessed that was found to be associated with a 

protective effect, decreasing the risk for heartworm e.g., increased median income by $10,000 

USD was associated with a decrease in heartworm prevalence of about one quarter (PRR=0.74) 

at the provincial/state level. The link between household income and human health has been well 

established; lower income predicts an individual at a higher risk for disease and mortality 

compared to top income earners (Marmot, 2002). In veterinary medicine, higher income 

households have more financial flexibility to afford the costs associated with heartworm 

screening and annual preventive medication.  

 The prevalence values referred to in this study are apparent prevalence estimates for 

canine heartworm infection. Without knowing the proportion of IDEXX to Antech test results in 

the dataset, it is not possible to correct for diagnostic sensitivity and specificity, which may lead 

to an over or under estimation of the true prevalence in each province/state. Also, it is unknown 

if the proportion of the two tests used varies geographically which could have influenced the 

spatial trend observed. It should be noted that typical estimates for diagnostic sensitivity and 

specificity for point of care heartworm antigen tests are greater than 90% (IDEXX Laboratories, 

2016; Starkey et al., 2017). While not knowing the ratio of tests used is a limitation of the study, 
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diagnostic misclassification does not have much of an impact on the geographic patterns in 

disease distribution given a large enough sample size in each region (Berke and Waller, 2010). 

Although how large the sample size needs to be is not specified, for most of the regions in this 

study the number of submitted test results should be sufficient. Misclassification bias, therefore, 

is not considered to affect the observed spatial pattern of heartworm infections.  

 Selection bias should be considered when interpreting the results of the study. The study 

population is selective of companion dogs receiving the care of a veterinarian, however, not all 

dogs undergo routine heartworm screening. For this reason, the study population captured in this 

study is not representative of the whole companion dog population. The dogs that make up the 

study population are also more likely to be on preventive heartworm medication. As a result, the 

risk of heartworm infection in the sample population can be considered to be lower compared to 

the risk in the unprotected population.   

 Smoothing the apparent prevalence estimates before plotting them on a choropleth map 

did not have much of an effect on the annual prevalence of heartworm in dogs in each province 

and state (Figure 3.4), except for regions that reported an apparent prevalence < 0.01% (e.g. 

Saskatchewan). When interpreting the smoothed choropleth map however, it is important to 

understand that although the risk for heartworm appears to be consistent across each 

province/state on the map, the risk of heartworm changes with latitude, with dogs at lower 

latitudes at a higher risk for infection compared to dogs living at higher latitudes (Knight and 

Lok, 1995). For this reason, the risk of heartworm in southern Manitoba, for example, is not the 

same as the risk for heartworm in northern Manitoba even though the choropleth map indicates 

that risk is uniform across the province. Furthermore, the smoother was not fully efficient, and 
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anomalies are still visible on the map (Figure 3.1). For example, British Columbia and Alberta 

had a small sample size and stand out on the map but the high prevalence risk for these regions is 

reflective of only a few positive test results (5 and 10 respectively). 

 The lack of individual-level information on each dog is another study limitation, e.g., the 

travel history of tested animals has been shown to be an important predictor of heartworm 

infection. In this study all cases of heartworm were treated as being locally acquired. It is also 

unclear if the data include repeated testing for individual animals, which would inflate the 

apparent prevalence estimate. Statistical power (i.e., the probability to identify an effect when 

present) also needs to be considered when interpreting the study results due to variations in the 

sample size across the study area. Provinces that had a small sample size (e.g., Alberta, British 

Columbia) may lack enough statistical power, whereas states like Florida and Texas have a 

larger sample size and may be overpowered.  

 In conclusion, this study confirms that the apparent prevalence of heartworm varies 

geographically across Canada and the United States. Average annual temperature was found to 

be a better predictor of annual heartworm prevalence in dogs across Canada and the United 

States compared to (annual) heartworm development units. The interaction between annual 

temperature and humidity means that companion dogs living in warm humid environments are at 

a greater risk for heartworm infection compared to companion dogs that live in cooler and/or less 

humid environments. Of the risk factors assessed, median household income was the only 

modifiable risk factor found to be associated with the risk of heartworm infection in companion 

dogs at the provincial/state level. Making preventive therapies more accessible for lower income 
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pet owners could potentially help reduce the burden of infection in dogs across Canada and the 

United States.   
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Table 3.1: Results of the flexible scan test applied to the study area to check for the presence of 

heartworm infection clusters at the state and provincial level across Canada and the United States 

for the year 2018.  

 

 

 

1Standard morbidity ratio (SMR) for canine heartworm infection in the cluster 

2Expected number of cases in the cluster 

3Louisiana, Mississippi, Alabama, Texas, Arkansas, Georgia, Tennessee, Oklahoma  

4North Carolina, South Carolina 

5Indiana 

6Missouri 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

# Regions SMRpos1 
CI

95%
(SMR) Cases At-risk Exp2 p

MC
 

1 
LA, MS, AL, TX, 

AR, GA, TN, OK3 
2.65 2.63 – 2.67 71,897 2,103,039 27,155 < 0.001 

2 NC, SC4 1.57 1.55 – 1.60 15,047 741,102 9,570 < 0.001 

3 IN5 1.16 1.13 – 1.20 4,222 281,182 3,631 < 0.001 

4 MO6 1.15 1.11 – 1.19 3,172 213,262 2,754 < 0.001 
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Table 1.2: Pearson correlation coefficients between the annual apparent heartworm prevalence 

across Canada and the United States in 2018 and its predictors: temperature (average and 

minimum) and annual heartworm development units (HDUs) lagged by one year. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Variable 𝑹 P-value 

Average Annual Temperature 0.52 < 0.001 

Minimum Annual Temperature 0.36 0.0047 

Annual HDUs 0.47 < 0.001 
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Table 3.3: Summary of the full Generalized Linear Mixed Model fit using the Penalized Quasi-

likelihood estimation method for apparent heartworm prevalence in dogs across Canada and the 

continental United States for 2018 at the provincial and state level based on temperature and 

known risk factors for heartworm. 

1Minimum and maximum value for that variable  

2The prevalence risk ratio for the total variable (exp[coefficient*range of variable]) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Variable 𝜷 Exp(𝜷) Variable Range1 
Standard 

Error 
P-value PRR2 

Intercept -0.0898   1.7876 0.9601  

Average Annual Temperature -0.1994 0.8192 2.83 – 25.17 °C 0.0828 0.0196 0.0116 

Average Annual Humidity -6.1121 0.0022 0.25 – 0.84 2.5 0.0178 0.0272 

Average Annual Temperature* 

Average Annual Humidity 
0.4411 1.5544 2.18 – 17.23 0.1242 0.0008 764.0934 

Median Household Income -0.00003 0.99997 40,593 – 75,847 USD <0.0001 0.0002 0.3124 

Random effect variance = 0.202, residual = 2.570 
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Table 3.4: Summary of the full Generalized Linear Mixed Model fit using the Penalized Quasi-

likelihood estimation method for apparent heartworm prevalence in dogs across Canada and the 

continental United States for 2018 based on heartworm development units (HDUs) and known 

risk factors for heartworm. 

Variable 𝜷 Exp(𝜷) Variable Range1 
Standard 

Error 
P-value PRR2 

Intercept -2.3276   1.2278 0.0634  

2017 HDUs -0.0008 0.9992 30.44 – 4109.06 0.0004 0.0433 0.045 

Average Annual Humidity -2.1669 0.1145 0.25 – 0.84 1.5639 0.1717 0.28 

2017 HDUs* Average Annual 

Humidity 
0.002 1.002 23.41 – 2356.37 0.0006 0.001 100.22 

Median Household Income -0.00003 0.9999 40,583 – 75,847 USD <0.0001 0.0014 0.34 

Random effect variance = 0.274, residual = 0.804 
    

1Minimum and maximum value for that variable  

2The prevalence risk ratio for the total variable (exp[coefficient*range of variable]) 
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Figure 3.1: Choropleth map of Canada and the continental United States projected using the 

Lambert Conformal Conic projection to display the apparent prevalence of heartworm in each 

state and province in the year 2018. Apparent prevalence estimates were smoothed using local 

empirical Bayesian smoothing to make neighbouring regions comparable. The location of the 

primary infection cluster relative to the study area is outlined in red.  
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Figure 3.2: QQ-plot of the deviance residuals from the Generalized Linear Mixed Model fit 

using the Penalized Quasi-likelihood estimation method based on temperature. The reference line 

(in blue) is the line the residuals should fall along assuming they are normally distributed. The 

dashed lines are the confidence bands representing the 95% confidence interval around the 

normal distribution.  
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Figure 3.3: QQ-plot of the random effects for the Generalized Linear Mixed Model fit using the 

Penalized Quasi-likelihood estimation method based on temperature. The reference line (in blue) 

is the line the random effects should fall along if normally distributed. The dashed lines are the 

confidence bands representing the amount of uncertainty in the estimation of the random effects. 
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Figure 3.4: Box-and-Whisker plot visualizing the effects of smoothing the apparent prevalence 

estimates using local empirical Bayesian smoothing and the queen neighbourhood structure had 

on the raw apparent prevalence estimates. The blue box represents the Inter-quartile range 

(middle 50% of prevalence estimates), the median apparent prevalence for the study aera is 

represented by the line that divides the box in half, the whiskers represent the range of the 

bottom 25% the top 25% of prevalence estimates, and the circles are outliers that have 

prevalence estimates 3/2 times the upper quartile.  
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Chapter 4 

Conclusion 

4.1 Summary 

 Heartworm infection is a vector-borne emerging zoonoses caused by parasites of the 

Dirofilaria species. In North America, the causal agent of heartworm in dogs is Dirofilaria 

immitis. The development of D. immitis larvae and its transmission by mosquitos is influenced 

by the temperature, and humidity of the surrounding environment. Since climate plays a crucial 

role in the transmission of D. immitis, the risk of heartworm infection in dogs is seasonal across 

most of North America (excluding Mexico) with only the southern portions of Texas and Florida 

having climates that support year-round transmission of the parasite (Knight and Lok, 1998).  

 The heartworm development unit (HDU) is based on scientific knowledge regarding the 

temperature conditions necessary for both D. immitis larval development and its vector species’ 

temporal activity range. One HDU is accumulated for each degree Celsius the mean daily 

ambient temperature is above the development threshold temperature of 14°C, with 130 HDUs 

needing to be accumulated within a 30-day window before the transmission of D. immitis can 

commence (Slocombe et al., 1989).  

 Historically, the formula for determining the annual transmission season for D. immitis in 

Canada and the United States has been based off the HDU (which are not readily available to 

veterinarians) using a minimum of 30 years of daily weather data to determine the average length 

of the annual transmission season. However, since the concept of the HDU was introduced, 

several other risk factors including ambient temperature and humidity have been identified to 

influence the prevalence of heartworm infection in dogs (Brown et al., 2012; Wang et al., 2014). 
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 Despite these known risk factors, the HDU is still primarily used to assess heartworm 

prevalence in dogs and, to determine the length of the annual transmission season for D. immitis, 

while more readily available weather parameters are neglected. Thus, this study revisited the 

spatial and temporal relationship between the occurrence of heartworm infection in dogs and 

weather parameters such as ambient temperature and humidity to determine if better predictors 

of heartworm infection other than the HDU could be identified. The specific objectives of this 

thesis were to (1) study certain weather indicators as potential alternatives to the HDU as 

predictors for heartworm risk, (2) study the prevalence of heartworm in companion dogs in 

Ontario over time using a time series analyses of monthly prevalence estimates to determine if 

there is a trend in the prevalence of heartworm in dogs in Ontario, and (3) study the geographical 

variation of heartworm prevalence across Canada and the United States.  

 Chapter 2 presents a time series analysis of the monthly prevalence of heartworm in dogs 

in Ontario from 2014 to 2019. A time series regression model with ARMA residuals 

demonstrated that average monthly temperature lagged by 10 months explained the month-to-

month variation in heartworm prevalence better than HDUs aggregated by month.  

 Chapter 3 presents a spatial analysis of the annual prevalence of heartworm in dogs for 

2018 at the provincial and state level across Canada and the United States. Again, regression 

modelling demonstrated that average annual temperature was a better predictor for the 

geographic variation in heartworm prevalence in dogs across Canada and the United States 

compared to (annual) HDUs.  

 Future research should investigate developing an updated formula to determine the 

heartworm transmission season for Canada and the United States. Average temperature may be a 
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good candidate to base a new transmission season model on, because it is shown in this thesis to 

be a better predictor and is more readily available to scientists, and veterinarians, than HDUs are.  

4.2 Discussion    

 The monthly analysis over time (chapter 2) and annual analysis across space (chapter 3) 

showed that average temperature better predicted heartworm prevalence in dogs compared to 

heartworm development units (HDUs). Ambient temperature has been shown to be an important 

risk factor for Dirofilaria immitis infection in dogs as the development of both D. immitis larvae 

and the mosquito vectors that transmit the parasite to dogs are dependent on temperature (Brown 

et al., 2012). Furthermore, previous research has shown that weather variables, particularly 

temperature and humidity are important for the spatial risk mapping of a variety of vector-borne 

pathogens including D. immitis (Wang et al., 2014). Yet, HDUs are still predominantly employed 

as the main predictor for the prevalence rate of heartworm in dogs (Shearer, 2011). 

 It takes at least six months from the time a dog exposed to D. immitis to the time 

circulating D. immitis antigen can be detected in the blood of the infected dog (Brown et al., 

2012). Therefore, the relationship between monthly weather parameters, HDU values, and 

monthly heartworm prevalence for dogs in Ontario was systematically assessed at a range of 

monthly time lags (ranging from six to twelve months). Average monthly temperature was the 

weather parameter that best explained the month-to-month variation seen in the monthly 

prevalence of heartworm in dogs in Ontario. When it was compared to HDUs, the model again 

showed that average monthly temperature was the better predictor at each time lag assessed, with 

a 10 month time lag identified as the optimal time lag to use. Given that it takes six to nine 
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months for a dog to seroconvert after exposure to D. immitis (Brown et al., 2012), this time lag is 

deemed appropriate to assess the impact of temperature on heartworm prevalence. 

 Climate change has been associated with an increase in the prevalence of heartworm 

infection in dogs in Europe (Morchón et al., 2012). In Canada, climate change may be attributed 

to an increase in the apparent prevalence of heartworm in dogs in Manitoba and Québec from 

2007 to 2016 (McGill et al., 2019b). However, in Ontario the prevalence of heartworm in dogs 

decreased over this same time period (McGill et al., 2019b). From 2014 to 2019, no substantial 

trend in heartworm prevalence for dogs in Ontario was found, which suggests that over this time 

period heartworm prevalence had attained an endemic equilibrium in the Ontario dog population. 

The lack of a trend could be because of effective heartworm preventive medications, which 

would remedy the expected emergence of heartworm due to climate change and related 

temperature increases (Morchón et al., 2012). Another explanation is related to the dataset being 

subject to selection bias, resulting in the lack of a trend observed in the data. Clinics that 

previously diagnosed heartworm infection in dogs could be requesting more pet owners get their 

dogs tested for heartworm infection, potentially leading to more cases being identified. Also, 

heartworm antigen tests are now combination tests that test for additional vector-borne pathogens 

(e.g. B. burgdoferi) besides D. immitis. With the increased concern for tick-borne pathogens, 

increased Lyme disease testing results in more indiscriminate heartworm testing in dogs. It is, 

however, more likely that the lack of a substantial trend results from a mix of indiscriminate 

testing, climate change, and heartworm prevention. To disentangle these effects, a longitudinal 

study would be required.   
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 A spatial investigation of annual heartworm prevalence across Canada and the United 

States for the year 2018 found four positive infection clusters. The primary infection cluster was 

located in the southeastern portion of the United States, where the prevalence of heartworm is 

historically higher compared to the rest of North America (excluding Mexico) (Bowman et al., 

2009). The prevalence of heartworm in dogs is higher in this region of the United States due to 

the warm humid climate. Through regression modelling an interaction between temperature and 

humidity was identified. Including the interaction effect between temperature and humidity 

helped explain the geographic variation in heartworm prevalence across Canada and the United 

States. This demonstrates that dogs living in warm humid climates (e.g. Louisiana) are at a 

higher risk for heartworm infection compared to dogs in warm less humid climates (e.g. Arizona) 

and humid but less warm climates (e.g. Ontario).  

 Known risk factors for heartworm such as human population density, median household 

income, and percent water coverage were included in the model building process to assess their 

impact on heartworm prevalence among dogs across Canada and the United States. Previous 

studies assessed these risk factors at the county level for the United States (Wang et al., 2014; 

Bowman et al., 2016), whereas here the provincial and state level was considered (chapter 3). At 

a larger spatial scale, temperature and humidity were still positively associated with the 

prevalence of heartworm. However, of the risk factors known to be negatively associated with 

heartworm prevalence, only median household income remained significant (p < 0.01). This 

could be a result of the modifiable areal unit problem (MAUP), where the results at one spatial 

scale do not apply to another spatial scale (Waller and Gotway, 2004). 
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4.3 Study Limitations  

 Limitations with the dataset used in this thesis included the lack of individual level 

information on the dogs that were tested. A dog’s travel history is important when assessing the 

risk of heartworm in a region. For example, at least 25% of all heartworm infections in dogs in 

Ontario are estimated to be travel related (McGill et al., 2019a). Since the travel status of each 

dog in the dataset was unknown, all cases of heartworm infection had to be treated as being 

locally acquired. Therefore, it was impossible to know, if for example cases of heartworm 

infection in dogs in Alberta were locally acquired, or the result of a dog being infected in another 

province/state but then travelling to Alberta where the dog then underwent testing for heartworm 

which, has been shown to have a major impact on the regional prevalence of heartworm in dogs 

especially with the importation of rescue dogs from states where heartworm is endemic (such as 

importing dogs from Louisiana after hurricane Katrina) (Levy et al., 2007).   

 It is also unclear if the dataset included multiple test results from the same dog (e.g., an 

infected dog was tested more than once), which would inflate apparent prevalence estimates. 

Although while it is not expected that the dataset includes duplicates, it remains unknown.  

 Misclassification of cases in the dataset should also be considered as the dataset consists 

of results from two different point of care antigen tests the SNAP® 4Dx® Plus test kit (IDEXX 

Laboratories) and the AccuPlexTM 4 Test (Antech Diagnostics). Since these two diagnostic tests 

are imperfect and have different sensitivity and specificity, the data analysis should have been 

adjusted for the misclassification bias. However, since the ratio of IDEXX tests to Antech tests 

in the dataset was unknown, it was not possible to correct for the sensitivity and specificity of 
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each test. Thus, prevalence estimates referred to are estimates of the “apparent” prevalence, 

rather than “true” prevalence (Dohoo et al., 2012).  

 Selection bias is also an issue to consider when interpreting the results of the study. The 

study population represented by the data is selective, since not all dogs are presented to a 

veterinarian, and out of those that are, not all of them may undergo routine heartworm screening. 

For this reason, the study population captured in this study is likely not representative of the 

whole dog population in the study area. The dogs in this study are also more likely to be on 

preventive heartworm medication (since routine screening is a mandatory part of getting a 

prescription) and as a result, the risk of heartworm infection in the sample population was likely 

lower compared to the risk in the general companion dog population.   

 The artificial neural network (ANN) algorithm was found to be less accurate in predicting 

the future course of monthly heartworm prevalence in dogs in Ontario compared to the seasonal 

autoregressive integrated moving average (SARIMA) modelling approach. This is in agreement 

with Berke et al., (2020), however, the number of observations or length of the time series may 

have limited the ability of the ANN algorithm to forecast future observations (chapter 2). While 

as a rule of thumb a minimum of 60 observations are needed to forecast a monthly time series 

using SARIMA modelling, a minimum sample size is not required to forecast a time series using 

an ANN (Zhang et al., 1998). However, the accuracy of ANN forecasts improves with longer 

time series, as ANN algorithms can learn more complex and non-linear structures in the data 

when trained on more observations (McCleary and Hay, 1980; Zhang et al., 1998). Therefore, as 

more observations are added to the time series, the ANN algorithm may eventually become more 
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accurate than a SARIMA model at forecasting estimates of the monthly prevalence for 

heartworm in dogs in Ontario. 

 There was also a limitation to the spatial scale available for mapping heartworm 

prevalence, as US data was available at both a state and county level while, Canadian data was 

only available at the provincial level. Therefore, the choropleth map (chapter 3) could not depict 

local variations in heartworm prevalence and instead, implied constant risk across each 

province/state. However, this is an incorrect representation for the prevalence of heartworm in 

dogs, as the prevalence of infection is known to vary by latitude (the prevalence of heartworm in 

dogs at lower latitudes is higher compared to the prevalence of heartworm in dogs at higher 

latitudes) (Knight and Lok, 1995).  

 The number of test results from each province/state also needs to be considered when 

interpreting the choropleth map due to variations in the sample size between provinces and states 

(chapter 3). Regions that conduct heartworm testing only seasonally had a smaller sample size 

(i.e. Western Canada) compared to regions that conduct year round heartworm testing (i.e. the 

Southeastern US). To adjust for the varying sample sizes the choropleth map was smoothed (that 

is the local empirical Bayes smoother with queen neighbourhood structure was applied) 

however, this smoother was not fully efficient, and anomalies are still visible on the choropleth 

map. For example, British Columbia and Alberta stand out on the map but, the high prevalence 

for these provinces is reflective of only a few positive test results (5 and 10 respectively) and a 

small sample size. 
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4.4 Recommendations for Future Research 

 Future research should aim to update the heartworm transmission season model for 

Canada or Canada and the continental United States. The most recent seasonal transmission 

models for the two countries were developed in the mid 1990’s, and were based on heartworm 

development units calculated using weather data that ranged from 1962-1993 and 1963-1992 

respectively (Knight and Lok, 1995; Slocombe et al., 1995). However, due to climate change it is 

likely that these models are now outdated and, research presented in this thesis recommends 

using ambient temperature and humidity to specify the local duration of the heartworm 

transmission season rather than the heartworm development unit.  

 A new transmission season model could be designed using the methods developed by 

Slocombe and his colleagues: (1) The estimated first annual feeding date for the early season 

mosquito vector Ae. stimulans, (2) the larval development threshold temperature of 14°C, (3) the 

130 accumulated heartworm development units required for larvae development, and (4) 30 

years of daily weather data (Slocombe et al., 1989). However, given the results of this research, 

it may be possible to develop a more parsimonious transmission season model, based on average 

temperature, as it was found to be a better indicator of heartworm prevalence in dogs, compared 

to HDUs on a monthly and annual basis. Temperature data is also more readily available to 

scientists and veterinarians compared to HDU values, which need to be calculated but are not 

part of weather reports. 

 The results from this thesis could also be extended by comparing daily weather 

parameters and daily HDUs (rather than monthly or annual HDUs). Furthermore, by using 

county/regional data for Canada and the US (i.e., a finer spatial scale) the impact of the 
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modifiable areal unit problem could be assessed as several known risk factors for heartworm at 

the county level were no longer significant at the provincial and state level. Such a study should 

be based on diagnostic information (i.e., hospital records) rather than online or survey data and 

should include individual level information including the travel and medication history for each 

dog as well as known host risk factors for D. immitis infection such as age, fur length and the 

size of the animal (large breeds vs. small breeds).  
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