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Abstract 

Two studies are presented that involve the mathematical modelling of the 

200912010 pandemic HINI outbreak in Montreal, Quebec, Canada. The first study uses 

J 
I 

surveillance data and reported vaccination rates to create a model that can recreate the 

pandemic. The vaccination is then removed from the model and a simulation is run to 

determine what the pandemic may have looked like without the vaccination campaign. 

The number of cases, hospitalizations and deaths averted through the vaccination 

campaign are estimated. The second study recreates both waves of the pHINl pandemic 

by allowing absolute humidity and contacts to change over time. The effect of school re-

opening in the fall and the effect of schools not opening in the fall are analyzed. Also, 

estimates for the reporting efficiency are made for each age group studied. Incorporating 

absolute humidity changes and the summer school closure allows the model to accurately 

recreate both incidence waves. 
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Introduction 

Influenza is a virus that causes the deaths and morbidity of thousands of people in 

Canada every year. Mathematical models of disease allow researchers to explore 

attributes of different diseases to assess their causes and dynamics. Mathematical models 

also allow for the prediction and development of possible results of public health 

interventions. 

In this thesis two studies are presented that concern the 2009/2010 pandemic 

HINI outbreak in Montreal, Quebec, Canada. One study uses a mathematical model, 

surveillance data and vaccination rates to produce an estimate of the impact that the 

vaccination campaign had. The second study explores the effects of school closure and 

humidity on the multi-wave structure of the pandemic. 

Chapter 1 

In this study we use the data collected on laboratory confIrmed cases of pHINl 

and the number of vaccines administered to fIt parameters to a mathematical model of the 

disease. The model is then re-run removing all vaccination, as if there were no 

vaccination campaign at all. The difference between the observed epidemic and the 

predicted epidemic is used to calculate the numbers of cases, hospitalizations and deaths 

averted through the vaccination campaign. This method is attractive due to the relatively 

simple information it requires, such as population size, weekly incidence counts and the 

level of pre-existing immunity in the population. 
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We find that the 200912010 pH1N1 vaccination campaign in Montreal led to 90 

and 436 hospitalizations averted and between 4 and 19 deaths averted. The amount of 

time between the administration of the vaccine and the onset of protection was found to 

greatly influence the total reduction in cases. The shorter the time period between when 

one receives protection following vaccination, the more cases are averted. Compared to 

instantly receiving protection following vaccination, a delay of 2 weeks prevents 5 times 

fewer cases. This study can be used to evaluate the effect of the vaccination campaign. 

Chapter 2 

This study focuses on the causes of the multiple waves of pH1N1 infection that 

were observed in MontreaL The ending of the first wave and the starting of the second 

wave appear to be correlated with the timing of the summer school closure and the fall 

school opening. The timing also seems to correlate with changes in environmental 

humidity (high humidity, poor influenza virus survival). We combine these factors into a 

SEIR (Susceptible, Exposed, Infected and Recovered) model to see if they can reproduce 

the pattern observed through surveillance. The pH1N1 vaccination campaign is also 

incorporated. 

We fmd that including age structure, changing contact rates and incorporating 

humidity can allow the mathematical model to produce incidence curves similar to those 

witnessed in MontreaL The model produces estimates for the level of underreporting of 

cases for different age groups. The effect of prolonged school closure (continued summer 

vacation) and prolonged school sessions (no summer vacation) are examined. 

2 
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Chapter 1 

Preface 

The following study was completed in collaboration with J. Dushoff and D. 

Buckeridge. The project was initiated through the CanPan CIHR Pandemic Influenza 

Research Internship Program and work was conducted at the Clinical and Health 

Informatics lab at McGill University in Montreal, Quebec. Work was continued at 

McMaster University. 
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The Impact of Vaccination During the 2009/2010 pRINl Epidemic 

in Montreal, Quebec, Canada 

Delorme, M. J., Dushoff, J. & Buckeridge, D. 

Department o/Biology, McMaster University, Hamilton Ontario, L8S 4Kl 

Email: mike).delorme@gmail.com 

Abstract 

The 200912010 pandemic of influenza HINI is studied using Montreal as the 

focal population. Data on confirmed cases and weekly vaccination rates are used to 

construct a mathematical model that can simulate the epidemic in Montreal. The epidemic 

is then simulated with the effect of the vaccination removed. The estimated number of 

cases, hospitalizations and deaths averted through the vaccination campaign are found. In 

total, approximately 921,000 vaccinations are associated with the prevention of between 

90 and 436 hospitalizations averted and 4 and 19 deaths averted, depending on the 

assumed relationship between vaccination and onset of immunity. The results are of 

interest to public health officials for evaluating the impact of vaccination. 

Introduction 

In 2009/2010 a new strain of influenza A HINI (PHINl) posed a risk to many 

people in North America. As with seasonal influenza, vaccination was the main 

intervention used by public health authorities to control the pHINI epidemic. Vaccination 

benefits individuals both directly, they protect themselves from infection, and indirectly, 

the spread of the virus is impeded through the effects of herd immunity. The combination 

of these factors is difficult and expensive to measure using traditional epidemiological 
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studies where researchers (Nichol et al. 1994, Nichol et al. 1998, Armstrong et al. 2004) 

evaluate vaccine effectiveness by following cohorts and estimating the extent to which 

vaccination reduces the risk of infection, hospitalization and death. Our study uses a 

dynamical disease model and observational data from the population of Montreal to 

determine the effect of the pRINI vaccine. 

A unique situation occurred in the fall or "second wave" of the 200912010 

influenza pandemic when the vaccine was introduced during the course of the epidemic. 

In North America, seasonal influenza vaccinations are typically administered prior to the 

start of the flu season in September or October. The pRINI vaccine was approved by 

Realth Canada on October 21st 2009 and long manufacturing timelines and post

production testing delayed administration of the vaccine in many North American cities 

to November 2009. By this point, the initial wave, or "summer wave", of the pRINI 

pandemic had ended in North America and the second wave of infections was occurring 

in many cities. The effectiveness of a vaccine campaign under different scenarios was 

prospectively studied (Khazeni et al. 2009, Gojovic et al. 2009). Khazeni et al. (2009) 

compared possible epidemics and evaluated vaccination campaigns based on differences 

in Ro, the basic reproductive ratio of the disease. Khazeni's study, along with others 

(Sander et al. 2009) has also prospectively evaluated the economics of different 

vaccination possibilities. 

In this study, we used a dynamical disease model and data on laboratory 

confirmed cases of pRINI to make a direct estimate of the number of infections averted 

through vaccination. We model the pRINI epidemic under different assumptions 

5 
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regarding the onset of protection following vaccination. The known vaccination rates for 

Montreal were then incorporated into a mathematical model to generate model 

parameters. The parameters, fit to the observed epidemic with vaccination, were then 

used to simulate an epidemic with no vaccination. This method allowed us to estimate the 

number of infections prevented through vaccination and to calculate the likely number of 

hospitalizations and deaths prevented. 

Methods 

Context 

We modelled the pHINI epidemic in Montreal, Quebec, Canada (assumed 

constant population size of 1,873,589, Canadian Census 2006) until January 9th 2010. 

Vaccinations were administered in mass clinics as well as in hospitals and by general 

practitioners. The first week of vaccination in Montreal was calendar week 42 (the week 

ending October 24, 2009) although only a few individuals were vaccinated in that week. 

The mass vaccination campaign ended officially on December 18, 2009 (calendar week 

50) and by this point 921,718 vaccinations were administered, over 98% of the eventual 

total of vaccinations in Montreal. The epidemic was not modeled past the fIrst week of 

January as the weeki y counts of confirmed pH 1 N 1 cases after that date were either 0 or 1. 

In addition, between January 10, 2010 and May 11, 2010, only an additional 17,550 

vaccinations were delivered (Kosal Khun, personal communication). 

Data 
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The data for the number of cases confIrmed through surveillance and vaccinations 

administered from calendar week 36 (the week ending September 12, 2009) to calendar 

week 1, 2010 (the week ending January 9, 2010) were used to estimate the number of 

cases averted through the pHINI vaccination campaign in Montreal. The data were 

collected by the Direction de Sante Publique de Montreal (DSP) through their pHINI 

surveillance program. Patients who visited their family physician, flu clinic or hospital 

were possibly tested for multiple types of influenza infection, including pRINl. Daily 

reports were submitted to the DSP. The weekly case counts were found by examining the 

sampling dates of individuals. After May 15, 2009 in Quebec, testing changed from broad 

testing to only testing patients with severe sickness (Skowronski et al. 2010). This means 

that there is underreporting in the incidence values for the majority of the epidemic. 

The weekly total of lab confIrmed cases is an imperfect measure of the true 

incidence of infection in the population. We used our model to generate an estimate of the 

case reporting efficiency. For example, a reporting efficiency of 1 % means that only 1 % 

of the cases in the population were actually identified and included in weeldy surveillance 

total. This would imply that 1 identified case represents 100 cases in the population. From 

week 36 (September 12, 2009) to week 1, 2010 (January 9, 2010), there were 2003 lab 

confIrmed cases in Montreal, corresponding under our assumptions to a true incidence of 

200,300 cases. We assumed that the reporting efficiency was 1% for the first wave and 

we fit it as a parameter in our model for the second wave. The estimate of the number of 

true infections for the fIrst wave was subtracted from the susceptible pool when 

modelling the second wave. 

7 
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Model Overview 

A modified SIR (Susceptible, Infected and Recovered) model was used to model 

the disease outbreak (Kermack & McKendrick, 1927). Development of an SIR model 

requires the initial numbers of infected and recovered people as well as the total 

population size. A proportion of the population can be presumed immune to pRINl at the 

start of the second wave of and determining the correct size of the susceptible pool is 

important for the model dynamics (Katriel and Stone, 2009). We adjusted the susceptible 

pool at the beginning of the second wave to reflect existing immunity in two groups: the 

elderly with protection from previous influenza exposure and people already infected in 

the first wave. Cauchemez et al. (2009) found that between household contacts, younger 

people were much more susceptible to infection than older people. The proportion of 

older people found to be immune to pR1N1 prior to the first wave in the Miller et al. 

(2010) study was approximately 24%. To account for this pre-existing immunity, 24% of 

the population over 40 was removed prior to the first wave of pR1N1. The sensitivity of 

our results to this assumption was assessed. We also removed the people who were 

infected in the first wave (1,278 confirmed cases adjusted for underreporting), since they 

should have had immunity at the start of the second wave. Therefore, the effective 

susceptible pool at the start of the second wave was 1,657,757 people. For simplicity, we 

assume that the vaccine was 100% effective at giving protection. Studies have shown the 

vaccine to be 70% to 98% effective (Greenberg et al. 2009, GlaxoSmithKline Canada 

2009, Clark 2009). Lower estimates of vaccine efficacy would lead to the vaccine not 

preventing as many laboratory confirmed cases, hospitalizations and deaths. 
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Model Estimation and Validation 

The SIR model (Kermack & McKendrick, 1927) was modified and fit to the data 

on laboratory-confirmed infections reported between calendar week 36 (September 6, 

2009) and calendar week 42 (October 24, 2009), the period without vaccination and 

calendar week 43 (October 31, 2010) to calendar week 1, 2010 (January 9, 2010), the 

period with the highest vaccination rates. The modification of the SIR model involved 

removing the Recovered class and adding an equation to track the newly created cases. 

The parameter values were fit using the mle2 algorithm in R (2.10.0). Ro, the basic 

reproductive number for the disease, was fit using the susceptible population of Montreal 

at the start of the second wave. Ro is the average number of secondary infections caused 

my one infectious individual in a completely susceptible population. Initial values used 

for the optimization procedure were Ro=2, 0=2.8 (lIday), 10=5 (Initial number of infected 

people in the population) and the case reporting efficiency value was 2%. 

dS dA S 
-= ---v(t)
dt dt N 

dI dA 
-=--OI 
dt dt 

In the above equations, v(t) is the rate at which that vaccinated people leave the 

susceptible class. The number of incident cases in a week is the difference between A(t) 

and A(t-l). In the above model N is the population of Montreal, 1,873,589 (Canadian 

9 
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Census 2006). We fit Ro, the duration of infectiousness and the initial number of infective 

people, fo. The assumed delay from vaccination to full protection was varied so that the 

model was run with no delay, I week delay and 2 week delay scenarios. 

Maximum likelihood estimation was done usmg a Poisson assumption. The 

optimization method was a broad search over parameter space (method SANN created by 

Belisle 1992 and coded by Trapletti.) and then a fmer search with the parameters returned 

from the broad search (method Neider-Mead, NeIder and Mead 1965). The parameter 

values that were fit were the average duration of infectiousness, Ro, 10 and the reporting 

efficiency. This was done for each of the three assumed relationships between vaccination 

and protection. Standard error values were found using repeated sampling from a 

multivariate normal distribution after the NeIder-Mead optimization was completed. 

Overdispersion was evaluated and corrected for by multiplying confidence intervals by 

the square-root of the overdispersion value. The confidence intervals for the parameters 

were also corrected. The overdispersion values found for the 0, 7 and 14 delay scenarios 

were 9.27, 4.22 and 6.20 respectively. We compared the results of these simulations with 

the surveillance data. 

Calculation of Infections Averted 

To calculate the possible epidemic without vaccination, the model was first set up 

to match the observed epidemic and incorporated vaccination. Weekly totals of 

vaccinations administered were converted to daily vaccination rates. The time from 

receiving a vaccination to developing protection to pRINI was set to 0, 7 and 14 days. 

10 
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Individuals were removed after vaccination from the susceptible class and parameters 

were fit to this model. These parameters were then input back into the model and the 

vaccination rate was set to zero. The resulting epidemics (with and without vaccination) 

were compared and are plotted in Figures 1, 2 and 3. The 95% confidence intervals for 

the parameters were found using maximum likelihood analysis with a Poisson assumption 

and can be found in Table 1. The difference between the two epidemics, the 

mathematically predicted epidemic without vaccination and the laboratory confirmed 

curve, is the number of averted cases that can be attlibuted to the vaccination campaign. 

The hospitalization rate for the laboratory confirmed cases as well as the death 

rate were calculated from records collected by the DSP for the first and second waves of 

pHlNl in Montreal. These were used to estimate the number of hospitalizations, cases 

and deaths averted. 

A number of assumptions used in the model were examined including: the value 

of the reporting ratio for the first wave and the proportion of people immune to pHlNl 

prior to the start of the first wave. During the first wave of pHINl a higher proportion 

may have been identified than in the second wave. This difference in identification of 

cases could be due to changes in testing protocol between the first and second wave, or to 

changes in patient behaviour in response to the public health messages. This would mean 

that the reporting efficiency may be lower for the second wave. Assuming lower values 

for immunity in older people creates a larger susceptible pool at the start of the first and 

second wave. A larger initial susceptible pool would result in an increase in the predicted 

number of cases and the estimated number of cases averted would increase. 

11 
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Results 

Ro Duration of 10 - initial Reporting Lab Hospitalizations Deaths 
infectiousness number in Ratio confirmed averted averted 
(days) "Infected" cases 

class averted 
No delay 1.761 2.528 (2.494 1.16 (0.49 32.96 1,553 436 (446 to 459) 19.34 
for (1.737 to 2.562) to 1.83) (32.90 to (1,578 to (19.75 
protection to 33.02) 1,633) to 

1.785) 20.33) 
1 week 1.753 2.63 (2.507 to 2.57 42.83 696 (674 195 (189 to 202) 8.66 
delay (1.737 2.753) (1.789 to (42.79 to to 718) (8.39 

to 3.351) 42.87) to 
1.769) 8.94) 

2 week 1.697 2.404 (2.282 3.372 46.47 320 (300 90 (84 to 96) 3.98 
delay (1.677 to 2.524) (2.284 to (46.42 to to 341) (3.74 

to 4.460) 46.52) to 
1.717) 4.25) 

Table 1 - Parameter values found through MLE for the three different assumed 

relationships between vaccination and onset of protection. The range given is the 95% 

confidence interval for the value. 

The results of the model fitting are in Table 1. The data along with the three sets 

of model output are plotted in Figures l, 2 and 3. Over the period of the second wave 

there were 2,003 actual lab confirmed cases. The estimates for the number of cases 

averted are the differences between the number of cases generated with the model and the 

estimated true incidence. 

The cases averted can also be expressed as a proportion of the population that was 

susceptible at the start of the second wave. Using the different assumptions between the 

timing of protection following vaccination, the vaccination campaign in Montreal 

possibly prevented the infection of up to 2.7% of the total population of Montreal. During 

this period (Week 42 to week 50) approximately 921,000 vaccinations were administered. 

12 
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This means that 31 vaccinations were associated with preventing 1 case for the one-week 

delay scenario. 

The hospitalization rate of lab confrrmed cases in Montreal for the second wave 

was approximately 28 hospitalizations per 100 cases. The death rate was approximately 

12 deaths per 1000 cases for the same period. Multiplying the estimate of the averted 

cases by the hospitalization and death rates produces estimates of between 90 and 436 

averted hospitalizations and between 4 and 19 averted deaths, respectively. The estimates 

were calculated by multiplying the hospitalization and death rates by the number of cases 

averted according to the highest estimate of cases averted for the "no delay" and the 

lowest estimate from the 14-day delay from vaccination to protection models. 

As the assumed delay between vaccination and protection becomes greater, so 

does the models estimate of the underreporting ratio. The observed pattern is that as the 

delay from vaccination to protection increases, the Ro estimate decreases and the case 

reporting ratio increases. 

The assumption that 23% of the population over 40 was not susceptible to pH1NI 

infection prior to the fIrst wave was checked. The analysis was repeated with the 

assumption that 100% of the population over 40 was susceptible prior to the start of the 

fIrst wave. This was done to test the sensitivity of the pre-existing immunity assumption. 

This new assumption produced a higher Ro (3.97 versus 1.73) and a longer duration of 

infectiousness (4.48 days versus 2.63 days) under the 7 day vaccination to protection 

delay assumption. 

13 
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Figure 1 - Simulated epidemic with no delay from vaccination until protection. The open 

circles are the weekly total of new pH1Nl cases in Montreal, adjusted for 

underreporting. The thicker solid line is the epidemic simulated using the best fitting 

parameters. The thinner solid line is the simulated epidemic with no vaccination. The 

dotted lines are the 95% confidence intervals. 
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Figure 2 - Simulated epidemic with one week from vaccination until protection. The open 

circles are the weekly total of new pHINI cases in Montreal, a4justed for 

underreporting. The thicker solid line is the epidemic simulated using the best fitting 

parameters. The thinner solid line is the simulated epidemic with no vaccination. The 

dotted lines are the 95% confidence intervals. 
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Figure 3 - Simulated epidemic with two weeks from vaccination until protection. The 

open circles are the weekly total of new pH1Nl cases in Montreal, a4justed for 

underreporting. The thicker solid line is the epidemic simulated using the best jitting 

parameters. The thinner solid line is the simulated epidemic with no vaccination. The 

dotted lines are the 95% conjidence intervals. 
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Discussion 

Using a SIR model fit to adjusted incidence and vaccination data we estimated 

that the approximately 921,000 vaccinations delivered in Montreal were associated with 

the prevention of up to 1,553 laboratory confirmed cases. Projections from the first wave 

suggest that these prevented infections would have led up to 436 hospitalizations and 19 

deaths. The findings of this study can assist public health policy makers in assessing the 

benefits of the vaccination program. 

The findings also illustrate the importance of the delay between vaccination and 

effective immunity. It is clear that developing immediate protection following a 

vaccination would be the best vaccine for stopping new infections. This would 

immediately remove an individual from the susceptible pool and would lead to the fewer 

overall cases through reduced transmission caused by population immunity. Assuming a 

longer delay between vaccination and protection means that individuals remain 

susceptible for longer, possibly resulting in infection, or infection and transmission of the 

virus. This study quantifies the difference between a vaccine that delivers immunity 

quickly and a vaccine that grants immunity one or two weeks after its administration. 

It is possible that personal protective measures such as hand washing or antiviral 

medication may also have contributed to the reduction in cases over the same period that 

vaccination was occurring. This model does not take into account those factors and 

assumes that only vaccination was responsible for the overall reduction in cases. 
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The method used in this study could be applied to a future epidemic where an 

intervention is available part of the way through an epidemic. A strength of this study is 

the simplicity of the information used. Population size estimates, weekly case counts and 

weekly vaccination totals were used to recreate the pRINI and account for the benefit 

gained through vaccination. 

Since the timing of the observed cases is consistent between all the simulations, 

the optimal parameters for the different vaccination scenarios allow for the epidemic to be 

reproduced with different details. The depletion of susceptible ultimately stops the 

epidemic in our model. The individuals either move to the recovered class through 

vaccination or after becoming infected. In the 0 day delay scenario, the parameters that 

we found show that individuals quickly move from susceptible to recovered through 

vaccination. In the 14 day delay scenario, individuals quicldy move from susceptible to 

recovered through becoming infected. 

The number of cases prevented was found assuming that only vaccination reduces 

the number of cases. The longer the assumed period from vaccination to onset of 

immunity, the less benefit is expected for the population (Table 1 and Figure 2). 

Pourbohloul et al. (2009) found Ro for pRINI to be 1.32 (95% CI 1.20 to 1.43) using 

adjusted data from the initial outbreak in Mexico. A prospective study by Bague1in et al. 

(2010) estimated vaccination rates and vaccine efficacy to fmd the number of cases, 

deaths and hospitalizations prevented through vaccination in England. This study found 

that the number of cases prevented through vaccination corresponds to 4% to 17% of the 

population of Montreal. Applying the rates found by Khazeni et al. (2009), 293 deaths 
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should be averted in Montreal (we predict 4 to 19 deaths were averted). The difference is 

likely due to a higher Ro in the Khazeni et al. (2009) study and different assumed 

vaccination levels. Sander et al. (2010) found that the vaccination campaign in Ontario 

can be associated with preventing 52 pRINI deaths, assuming 14 days between 

vaccination and protection. After adjusting this estimate to Montreal's smaller population 

size, 7 deaths should be averted in Montreal. This is in line with our corresponding 

estimate of approximately 4 deaths averted, assuming 14 days between vaccination and 

protection. 

It is possible that factors other than the depletion of susceptible individuals may 

have caused the number of cases to decrease, but they are not explored here. The largest 

source of uncertainty is the actual number of cases in the population. The reporting 

efficiency had to be estimated for this study, but combining multiple data sources may 

lead to better estimates of the true incidence in the population. Using hospitalization rates 

instead of (or along with) confIrmed pRlNI cases may lead to reductions in sensitivity 

caused by the reporting ratio. This approach was not used in this study because of the 

relatively small number of hospitalizations recorded. The fIndings of this study can also 

be used to answer economic questions associated with the vaccination program. The 

methods used in this study could be applied to other focal cities to assess the impact of 

regional pRINl vaccination campaigns. 
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Abstract 

In 200912010 pandemic influenza emerged in numerous countries around the 

world. Similarly to pandemics in the past, the most recent outbreak appeared in multiple 

waves. Increasing our understanding of the possible determinants of the multiple wave 

structure is beneficial to public health. We model both waves of the 200912010 outbreak 

with a single age structured compartmental model. We incorporate environmental 

humidity and the school calendar into our model. Using confirmed cases and vaccination 

figures provided by the Direction de Sante Publique de Montreal, we are able to estimate 

unknown parameter values. We show that with the addition of two simple features to the 

basic SEIR model we can produce multiple waves that match the recent outbreak well. 

With our multi-wave model we then go on to simulate different school closure scenarios 

and show that summer holidays decrease the total epidemic size and delaying the return 

of children back to school will substantially decrease the epidemic size. 

Introduction 

Influenza pandemics are typically caused when an antigenically different strain of 

influenza emerges and spreads globally due to the high level of susceptibility in the 

population. This study examines the 2009/2010 pandemic HINI influenza (pHlNI) in 
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Montreal. One key characteristic observed in pandemic influenza is the tendency for 

incidence in the population to cycle (Miller et al. 2009). Theory indicates that the initial 

spread is due to the susceptibility of the host population but the causes of subsequent 

waves are not well understood. There were multiple waves of incidence in the 1918 flu 

pandemic, 1957 pandemic and the 1968 pandemic (Miller et al. 2009). Some theories 

suggest that genetic drift in the influenza virus can cause individuals to become 

susceptible; others a link between vitamin D deficiency and innate immunity while others 

argue the waves are triggered by environmental factors (Reid et al. 2001, Cannell et al. 

2008, Shaman & Kohn 2009, Lowen et al. 2007). Few studies have looked at combining 

these factors and using them in a model. Understanding the dynamics of the epidemic 

leads to better strategies for influenza control. Dynamical models can lead to better case 

forecasting programs and ultimately better intervention policies. 

Recently, a number of papers investigating factors such as temperature, relative 

humidity and absolute humidity (AR) and their roles in influenza virus survival and 

transmission have emerged (Shaman & Kohn 2009, Lowen et al. 2007). Shaman and 

Kohn (2009) found that in temperate regions influenza virus transmission and survival are 

more tightly constrained by absolute humidity than by relative humidity or temperature. It 

is unknown however, if the multiple waves of incidence during an influenza pandemic 

can be completely explained by environmental factors. In this paper we do not address 

other hypotheses for the cause of pandemic waves such as viral mutation or the loss of 

susceptibility by individuals (Lipsitch & Viboud 2009). We also do not specifically 

attribute seasonality to vitamin D production or spending more time indoors in the winter 
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in our model. Increased vitamin D production may lead to improved immune system 

functioning and fewer new infections, but this can be encapsulated in the changes of the 

transmission of the virus. Spending more time indoors may be coupled with increased 

contact rates and more opportunities for infection to occur. The only contact rate that we 

change in our study is the rate of children interacting with children. 

It has been well documented that school-aged children contribute substantially to 

the initial spread of an epidemic (Wallinga et al. 2006, Mossong et al. 2008, Longini et 

al. 1982). Contacts between school-age children with individuals of the same age group 

are more frequent than in any other age group. Vaccination of school-aged children and 

young adults should be a priority if a vaccine is available before the main outbreak 

(Medlock & Galvani 2009, Ferguson et al. 2006). The type of physical contact between 

school-aged children also facilitates increased viral spread (Mossong et al. 2008). 

From a biological point of view, there are a number of factors that could 

contribute to the multiple waves of incidence in a pandemic. We focus our attention on 

the factors which we believed would have the greatest effects. Not only did incidence in 

the population decrease dramatically in the late spring of 2009, but incidence remained 

extremely low until the fall of 2009. Mathematically, if there is a drastic change in the 

probability of infection (given a contact), or a drastic change in the average number of 

contacts between individuals, the spread of infection in the population could decrease or 

even cease completely, leaving a large susceptible pool untouched by the infection. 
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The simplest epidemic models are only capable of modeling a single incidence 

wave at a time and do not include multiple age groups. The simple models place 

individuals into categories based on the disease state of the individual. Also, static 

transmission rates produce single waves of disease that end once the susceptible 

population has been depleted. We derive a model that is capable of producing multiple 

waves of incidence and allows multiple factors to contribute to the growth and decline of 

incidence values. According to the weekly incidence values reported and the relative size 

of the population of Montreal, at the end of the fIrst wave a large proportion of the 

population was still susceptible. This indicates that depletion of susceptible individuals is 

likely not what caused the disease to taper off. By including environmental factors and 

school calendar induced contact changes in a simple SEIR model (Susceptible, Exposed, 

Infectious and Recovered), we obtain a model that is capable of producing multiple waves 

of incidence without depleting the majority of the susceptible individuals in the 

population until the end of the pandemic. We examine two potential causes of the 

multiple wave structure because we are attempting to get a more complete assessment of 

the roles that each has. Also, we are able to examine strategies that we have control over 

(school closure timing) and its interaction with a factor that we do not generally have 

control over (absolute humidity). 

We included age structure in our model. Not only because it helps alleviate the 

bias associated with oversimplifying human interactions for the sake of modeling but also 

because each age group has unique characteristics that play an important part in the 

course of the pandemic. We used the age groups 0-4 years, 5-19 years, 20-39 years and 
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40+ years. It has been well documented that the actions of school-aged children are strong 

factors which drive the initial stages of a pandemic (Mossong et al. 2008, Wallinga et al. 

2006). Surveillance indicates that younger individuals were infected at higher rates than 

what are typically observed with seasonal influenza. During a disease outbreak one of the 

immediate goals that public health officials have is to identify what groups are being 

affected the most. We should examine multiple age groups because the public health 

response should depend on who is getting sick. The vaccination program in Montreal was 

structured on the assumption that targeting different age groups would be the best 

approach to decrease the burden of the disease. Medlock et al. (20 I 0) explored the effects 

of vaccinating different age groups with a vaccine that becomes available mid-pandemic. 

They found that vaccinating high risk people and school-aged children should be the first 

priority to reduce pHINl deaths (Medlock et al. 2010) We also know that some 

proportion of the "older" population has some resistance to infection hypothesized to be 

due to previous exposure to similar influenza viruses during their lifetime (Hancock et al. 

2009, Fisman et al. 2009). The last influenza pandemic struck in 1968 and 1969, 

approximately 40 years ago. It was important for us to separate this group of individuals 

from the rest of the population since they have some resistance to the new pH1Nl virus in 

circulation. We removed 23% of the 40+ age group to reflect the level of pre-existing 

immunity to pH1Nl prior to the start of the first wave (Miller et al. 2010). 

Clinical Reporting 

All data on weekly case counts was gathered by the Direction de Sante Publique 

de Montreal (DSP). We sort the weekly laboratory confirmed cases into the respective 

28 



MSc Thesis Michael Delorme MCMaster-Biology 

age group to get weekly incidence. We assume that the day the sample was collected from 

the patient is the day that the individual became infectious. It is very likely that the 

number of confirmed pRlNl cases is a substantial underestimate of the total number of 

illnesses that actually occurred in the population (Reed et al. 2009). The reporting 

efficiency may be low for a number of reasons (Reed et al. 2009). Not all ill people seek 

medical care and have a specimen collected. Not all specimens collected get sent to the 

public health laboratories and not all specimens from infected people will give a positive 

test result possibly because of the timing of the collection or the quality of the specimen 

(Reed et al. 2009). After May 15 in Quebec, testing was restricted from sentinel 

physicians to patients with severe illness (Skowronski et al. 2010). This means that after 3 

weeks of the identification of the initial cases in Montreal the level of influenza subtype 

testing decreased. This causes there to be underreporting in the incidence values for the 

majority of the epidemic. Multiplying the number of officially recorded cases to estimate 

the true incidence of disease in the population is not a novel method. Low reporting 

efficacy values mean that one emergency room visit or one lab confirmed specimen 

represents many infections in the population. A New York based study estimated the 

number of cases in the population represented by one emergency room visit. It was found 

that one visit by an adult aged 18-64 represented 76.5 cases in the population and one 

visit by an adult over 65 represented 11.1 cases in the population (Metzger et al. 2004). It 

has been estimated that one lab confirmed case of pRlNl infection could represent as 

many as 140 infected people in the population (Reed et at. 2009). 
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Methods 

We modeled the 200912010 influenza pandemic in Montreal with an age

structured SEIR model modified to include absolute humidity. We incorporated 

seasonality in transmission and changes in school-aged contacts during the summer 

holidays into the model. With these few changes and initial conditions, vaccination data 

and weather data specific to Montreal, Canada, we derived a model capable of simulating 

both waves of the pandemic. Montreal, Canada is a densely populated city in Eastern 

Canada with a total population, according to the 2006 census, of approximately 1.85 

million people (Institut de la statistique Quebec 2006). 

The Model Overview 

Our model treats the population as if it were divided up into compartments. At all 

times, for each age group a there are compartments for susceptible individuals (Sa), 

exposed individuals (Ea), infectious individuals (Ia) and removed/recovered individuals 

(Ru). Susceptible individuals become infected when they come in contact with an infected 

individual, governed by a transmission rate. Once an individual becomes infected, there is 

a latent period in which they are unable to spread the infection to others and do not show 

any symptoms. This period of time is referred to as the "exposed period". After a 

sufficient amount of time in the exposed period, the individual leaves the class and 

becomes infectious. From the infectious class, the individual eventually recovers and 

moves onto the removed class, where they are no longer infectious and are immune to 

infection. Because we are investigating a single pandemic which took place over a period 
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of less than a year, we chose not to include natural deaths, births or loss of immunity in 

our model. We do not include disease deaths in our model since the total number of 

confirmed pH1N1 deaths was low relative to the population size. The complete age 

structured model has four compartments for disease state of the individual with four 

distinct age groups within each disease state, giving us a total of 16 equations. Since each 

population size is ftxed, the 16 equations can be reduced to 12 independent equations. 

Transmission Rate 

In our model we have allowed transmission to vary over the course of the 

epidemic by incorportating age-based contact rate changes and the effect of 

environmental humidity on influenza virus transmission. A successful transmission of the 

virus from one individual to another is dependent upon two factors, weekly effective 

social contacts Cij and the vapour pressure coefftcient fit. As the absolute humidity 

increases, the transmission rates decrease. We used the daily average relative humidity 

(RH) and temperature to calculate the daily average vapour pressure using the C1ausius

Clapeyron relation (Equation 1). We use vapour pressure as a measure of the absolute 

humidity in Montreal (Shaman & Kohn 2009). We calculate the saturation vapour 

pressure Ps(lj at temperature T. Ps(TO) is the saturation vapour pressure at a reference 

temperate To, L is the latent heat of evaporation for water and Rv is the gas constant for 

water vapour (Shaman & Kohn 2009). The vapour pressure, p, is then calculated using 

the saturation vapour pressure and RH (Shaman & Kohn 2009). 

31 



MSc Thesis Michael Delorme 

pAT) = p"(To) X exp (:v Go - ~ )) 
RH 

P = p,s(T) X 100 

MCMaster-Biology 

(1) 

We then scaled Pt to be between zero and one and set /3t=exp(-ypJ, where y is an 

estimated parameter that converts reduced vapour pressure to increased transmission of 

the virus. Below we show the incidence rate, A, for a specific age group u. The contact 

rate is assumed to be proportional to the product of the sizes of the susceptible and the 

infectious groups Sa and Ia respectively. 

Aa = f3t S a:. L Cct.,ct. 1 10'1 

ct.' (2) 

Contact Matrix 

The Cij in the incidence rate equation is a matrix containing contact parameters for 

each age group representing the effective contact rate. The rows of the contact matrix 

represent susceptible individuals and the columns represent infectious individuals. An 

individual entry Cij represents the average number of weekly contacts between a 

susceptible i individual with infected individuals of age group j. The parameter k (below) 

corresponds to the time period of the pandemic. 
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a b b b 

C~j = 
b Ck b b 

k=123 
b b a b ' ) 

b b b a 

For simplicity we assumed that individuals of different age groups mIX at a 

constant rate, b and individuals in the same age group mix at a constant rate a. It is known 

that people are most likely to interact with individuals who are close in age (Wallinga et 

al.2006). Using a previous study, we were able to scale the values in our contact matrix, 

Cij. The social contact data in Wallinga et al. (2006) was obtained from a survey in the 

town of Utrecht in the Netherlands (Wallinga et al. 2006). We took their normalized 

contact matrix and scaled it down to 4 age groups, closely resembling our age group 

sizes. Then we averaged over the two types of interactions described earlier: I) contacts 

with individuals in your own age group a and 2) contacts with individuals in other age 

groups b. When calculating the average within group contact rate, a, we excluded the 

school-aged children. Now we have reduced the matrix down to three values, a, band c, 

but we can express band c as multiples of a. Instead of having 16 unique entries in the 

4X4 contact matrix, all of the values are scaling of a. This leaves one contact parameter, 

a, to be fit to the data. 

In our model school-aged children, age 5-19, do not mix at rate a, but mix at a rate 

Ck. It has been well documented that school-aged children come in contact with 

individuals of their own age group morc than any other age group mixes with itself or 

with other age groups (Wallinga et al. 2006, Mossong et al. 2008). Because of the 
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increased contacts, school-aged children are typically strong drivers of pandemics 

(Mossong et al. 2008). We assume that school-age children come in contact with 

individuals of their own age group more often during the school year when they are more 

aggregated in schools (Bj¢rnstad et al. 2002). To implement this assumption we change 

the contact rates of school-aged children during the summer holidays and when they 

return to school, thus the requirement for three contact parameters, c], C2 and C3. We have 

made the assumption that 

Cl = C3 > Cz = a > b 

where C1 is the contact rate between school-aged children during the spnng 2009 

semester, C2 is the contact rate between school-aged children during the summer holidays 

and C3 is the contact rate between school-aged children during the fall 2009 semester. The 

makeup and changes in the contact matrix are difficult to know accurately. We feel that 

our simplified contact matrix is a fair substitute for having reliable contact data and 

incorporates the general patterns that are present in other published works (Wallinga et al. 

2006). Incorporating these changes to transmission into the traditional SEIR 

compartmental model now gives us equations (3a), (3b), (3c) and (3d) 

(3 a) 

(3b) 
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(3c) 

(3d) 

where u represents the age group (0-4, 5-19, 20-39, 40+). The parameter 8 is the rate (per 

day) at which individuals moved from the exposed to infectious classes. The inverse of 8 

is the mean time an individual spends in the exposed class before transitioning to the 

infectious class. y is the rate (per day) at which individuals leave the infectious class i.e., 

recover from infection. The inverse of y is the mean time an individual spends in the 

infected class before transitioning to the recovered class. In the susceptible and removed 

equations, Va is a vaccination function the specific age group u. The function takes its 

values from the numbers of people vaccinated in each age group as reported by the 

Direction de Sante Publique de Montreal (DSP). It's derivation is shown in equation (4). 

Vaccination 

Studies have used 14 days for the period between vaccination and protection 

(Baguelin et al. 2010). It is unknown what happens if someone is infected after they 

receive a vaccination but before they receive full immunity from the vaccine. Efficacy of 

the vaccine has been estimated as being as high as 70% to 98% (Greenberg et al. 2009, 

Clark et al. 2009, GlaxoSmithKline Canada 2009). 

When vaccination in Montreal started on calendar week 42 (October 24,2009) of 

the pandemic, a proportion, described by equation (4), of individuals in the susceptible 

compartment of the model were removed and placed into the Recovered compartment. 
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Fourteen days after the vaccination date, a proportion of individuals would be removed 

from the susceptible category with 100% efficacy. Individuals do not gradually develop 

protection from infection as is done in Milne et al. (2009), they go from being completely 

susceptible to completely protected. As the susceptible category becomes smaller relative 

to the initial population size, the vaccination effectiveness decreases. This accounts for 

the chance a vaccinated individual becomes infected before the 14 day period. 

(4) 

where'"C is the 14 day delay before immunity and Va is the weekly vaccination data by age 

group. 

Parameter Estimation 

For our model we fixed the latent period 1/8=2.62 days and the infectious period 

1/ 'Y =2.00 days (Tuite et al. 2010). For the contact matrix we set b=OAa and c]=c3=4a. 

For our initial conditions, Sa, Ea and la, we used census data from Statistics Canada 

(Institut de la statistique Quebec 2006) and estimated the initial number of infected and 

exposed individuals in each age group by fitting our model to data. To account for the 

underreporting of confirmed cases we estimated age specific reporting ratios, Sa, as well 

as a separate reporting ratio for the second wave, W2, which we hypothesize to have a 

larger degree of underreporting then the first wave. To estimate these parameters we 

found the most likely reporting ratios, Sa, for each specific age group. These reporting 

ratios tell us how many cases a single predicted case from our model represents. We 
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simplified the search for the estimated number of initial Exposed and initial Infectious 

people by solving for a single parameter. This single parameter, x, is the sum of initial 

exposed and initial infected individuals across all ages. The parameter was then split 

between the initial Exposed and Infectious class proportional to the time a typical 

individual spends in those classes. The Exposed and Infectious totals were then 

proportionally distributed across the different age classes. 

To estimate the unknown parameter values we found maximum likelihood 

estimates based on a Poisson distribution of observed cases. This involved the 

optimization function fminsearch in Matlab, a computing program used for creating 

functions and simulations. Fminsearch uses a NeIder-Mead simplex algorithm to 

minimize the Poisson negative log likelihood function and solve for the most likely 

parameter values simultaneously (eight values in total). We simultaneously fit our model 

to four sets of data, the confirmed weekly cases for 0-4 year olds, 5-19 year olds, 20-30 

year olds and 40+ year olds. Our simulation creates age specific incidence time series 

using the vaccination, AH, contact matrix and school timing data. The model estimates 

the number of cases for each age group over the entire course of the epidemic as well as 

the parameters a and the initial numbers of exposed and infectious individuals at the start 

of the epidemic. These steps are repeated until the maximum likelihood values are found 

for each of the parameters. 

37 



MSc Thesis Michael Delorme McMaster-Biology 

Parameter Description Value Method 
a contacts within age groups 8.76x10-o Fit 
£ 0-4 0-4 reporting ratio 3.01x10-L Fit 
£ 5-19 5-19 reporting ratio 9.29x10-J Fit 
£ 20-39 20-39 reporting ratio 1.30x10-L Fit 
£40+ 40+ reporting ratio 9.23x10-J Fit 
W2 second wave reporting 0.183 Fit 
y Humidity resposne parameter 0.107 Fit 
EO-4 Initial Exposed age 0 to 4 0.315 Set 
E5-19 Initial Exposed age 5 to 19 0.974 Set 
E2o-39 Initial Exposed age 20 to 39 1.87 Set 
E40+ Initial Exposed age 40+ 2.32 Set 
10-4 Initial Infectious age 0 to 4 0.240 Set 
15-19 Initial Infectious age 5 to 19 0.743 Set 
hO-39 Initial Infectious age 20 to 39 1.43 Set 
40+ Initial Infectious age 40+ 1.77 Set 

Table 1- Maximum likelihood estimates of the parameters obtained by fitting the model to 

the data. Set values were found by solving for the total initial infected then dividing 

proportionately by population size and duration of average time in each state. 

Reproductive Value 

the basic reproductive number of a disease Ro is the average number of secondary 

cases produced by a typical infected individual during his/her entire period of 

infectiousness in a completely susceptible population. Ro is an important metric for 

establishing whether or not there will be an epidemic. Ro is the average number of 

secondary infections caused my one infectious individual in a homogeneously mixing, 

completely susceptible population. Values of Ro<l will result in the disease dying out 

whereas values of Ro> 1 there will result the spread of the disease in the populations and 

possibly an epidemic. The next generation method was used to calculate the reproductive 
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number and the effective reproductive number, Ref[, for our model (Diekmann et al. 

1990). The effective reproductive number, Ref[, is the average number of secondary 

infections caused by one infectious individual in the current population. The two differ 

since Ref! takes into account the current size of the susceptible pool and Ro initial size of 

the susceptible pooL Ro and Ref! are defmed as the dominant eigenvalue of a positive 

linear operator K(S) (Diekmann et al. 1990). Ro is calculated using the initial population 

size while Ref! is calculated with the population size at time t. K(S) for our system of 

equations is defined as: 

I( (8) = f3t X Oij X J\li X D-1 

where D is a diagonal matrix with recovery rates of the different age classes on the 

diagonal, Cij is the contact matrix, Ni is the susceptible population size of age group i and 

Bt is the vapour pressure coefficient on day t. Due to Bt. changing with the daily average 

absolute humidity and the transmission matrix changing with the school calendar, we 

calculate Ro (Figure!) and Ref! (Figure 2) every day of the pandemic. 
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Figures 1 and 2 - Top - Ro plotted for the course of both pH1Nl incidence waves in 

Montreal. The calculation uses the initial susceptible pool size for the entire time period 

Bottom - Ref! plotted for the course of both pH1Nl incidence waves in Montreal. The 

calculation allows for the size of the susceptible pool to change over the time period 

Model Simulations 

After fitting our model to the data provided by the DSP we ran three simulations. 

We ran our model with and without school closures. Our first simulation of the pH1N1 

pandemic in Montreal was with school closures during the summer holidays. The second 

simulation allowed school-aged children to remain in school throughout the summer 

holidays. The third simulation examines the impact a school closure has during the initial 

phases of the second wave. For the third simulation we examine what happens if the 

children do not return to schooL Overdispersion was calculated for the model (value 5.54) 

but we did not use it to change our parameter estimates. 

Results 

The model differs from the observed data in several ways (Figures 3 to 8). The 

model gives a much higher number of cases for each wave than what were observed in 

the data (see reporting ratios in Table 1). This is not surprising due to the known levels of 

under-reporting of the true prevalence of cases. Also, the numbers of infected children 

aged 0-4 in the model is relatively lower (to the other age groups) than the reported cases. 

This may be due to a bias in reporting. If parents are more likely to get their children 

tested for pH1N1 than they are for themselves, this may lead to the relative under-
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representation of adults in the data. In the fIrst wave, the model overestimates the 

incidence in the two youngest age groups but underestimates the incidence in the older 

age groups. Also, the local peak in the incidence for school-aged children in week 19 was 

not recreated by the model. In the second wave, the model slightly overestimates the 

number of 20-39 year-aIds that were infected. In general, the timing of the incidence 

peaks is in line with the data from the DSP. 
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Figure 7 - Cumulative cases predicted from the model as a proportion of age group. 
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Figure 8 - Laboratory confirmed cases plotted cumulatively as a proportion of age group. 

Effects of School Closures 

We modeled the effects of continuous school (Figures 9 and 10). To do this we let 

the contact behaviour of school-aged children with individuals of their own age group 

remain the same throughout the year, where previously we decreased school-aged 

contacts during the summer holidays. We also simulated extended school closures, in 

which children do not return to school in the Fall semester (Figures 11 and 12). During 
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one of our standard simulations, with reduced school-aged contacts during the summer 

holidays, our model predicts the same number of total confIrmed cases at the end of 

December 2009 as the collected surveillance data (324 0-4 cases, 726 5-19 cases, 1164 

20-39 cases and 106640+ cases). When we simulate school-aged children not returning 

to school in the Fall, the total number of cases reduces to, 213 0-4 cases, 482 5-19 cases, 

867 20-39 cases and 743 40+ cases at the end of December 2009 (Figures 11 and 12). 

This gives us a total of 975 cases across all age groups averted through children not 

returning to school for the Fall semester. 
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Figure 9 - Cumulative cases predicted by the model with schools not closing in the 

summer. The solid line is for continuous school and the dashed line is with school 

closure. 
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Figure 10 - Incident cases as a proportion of the total population predicted by the model 

with schools not closing in the summer. The solid line is for continuous school and the 

dashed line is with school closure. 
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Figure 11 - Cumulative cases as a proportion of the total population. The solid line is for 

the model run with school closure for 5-19 year aids. The dashed line is with a Fall 

semester school closures (children do not return to schoolfor the Fall semester). 
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Figure 12 - Incident cases as a proportion of the total population: In solid is the model 

simulation for 5-19 year aIds having summer holidays then return to school in the fall. 

The dashed line is a simulation where children do not return to school after summer 

vacation. 

Discussion 

In this study we have modeled the 200912010 influenza pandemic in Montreal and 

shown that the combination of changing contact rates for children as well as accounting 

for variation in absolute humidity can reproduce the two waves. 
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For the fIrst wave of the pandemic to stop there must have been a reduction in Reff 

This would most likely be due to the depletion of susceptible individuals and/or a 

decrease in the transmission rate. In this paper we show that with two assumptions about 

influenza virus transmission we are able to model both waves of the pandemic with one 

model, and without depleting the majority of the susceptible pool until the end of the 

pandemic. The decline in average daily contacts between school-age children during the 

summer holidays is a strong enough factor to create two waves but triggers the start of the 

second wave too prematurely. The additional impact of seasonality, in the form of 

absolute humidity, generated multiple waves at the appropriate time. 

We found reporting ratios for the different age groups by companng the 

surveillance data to the model results (see Table 1). We believe that the surveillance is an 

underestimate of the number of true cases in the population and the reporting ratios allow 

us to quantify the difference. Our model predicts that during the second wave, the level of 

underreporting was about fIve times more than in the fIrst wave. We also fInd that the 

group with the least underreporting is the 0-4 age group. This is not surprising, since 

parents are more likely to take their sick child to a clinic before they take themselves. One 

of the challenges of recreating the disease outbreak is the uncertainty in the actual level of 

disease in the population. Over the months of the pRINI outbreak, health offIcials 

changed the message to citizens and doctors. Sometimes the message was to go to a 

doctor and get tested, other times the message was to self-isolate unless the person felt 

very ill or had severe symptoms. There is also a concern about the adherence to offIcial 
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testing policy that was done at hospitals and doctors' offices. All of these factors mean 

that there is uncertainty in the level ofunderreporting of pH IN 1 cases. 

The model predicts the incidence of disease in different age classes throughout the 

epidemic by comparing the simulation results to the reported incidence values. The 

people age 5-19 and 40+ have the lowest reporting efficiency values. By comparing the 

model's predictions and the vaccination counts one can conclude that the depletion of 

school-age susceptible people contributed significantly to the ending of the pandemic. 

Approximately 60% of the school-aged children were vaccinated and the model predicts 

that approximately 27% of the group became infected at some point during the epidemic. 

This leaves very few people aged 5 to 19 to spread the virus and sustain high levels of 

transmission. 

The difference between the reported number of incident cases and the actual 

prevalence has been estimated as 79 times (90% CI 47-148) (Reed et al. 2009) and 100 

times (Sander et al. 2009). We found that incidence values may be offby a factor of 33 to 

108 (l/reporting ratio) for our different age groups during the initial wave and 

approximately five times that for the second wave. We note that improved methods for 

dealing with uncertainty in surveillance would be useful. This may involve combining 

traditional surveillance methods along with online surveys, phone call volume to medical 

help lines and school absenteeism data may be used to generate better estimates of disease 

incidence. Google Flu Trends is a novel tool that may be used towards the goal of 

improved disease surveillance. 
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It was predicted that the reduction in cases among school-age individuals would 

be greater than that observed in typical seasonal influenza seasons based on early 

surveillance data (Cauchemez et al. 2009). In total, over 15% of cases may be averted 

through school closure based on studies of previous influenza epidemics (Cauchemez et 

al. 2009). Our [mdings on the relation between school closure and humidity on incidence 

may lead to future studies of timing of school closure. 
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Conclusion 

The research in this thesis focused on the 200912010 pandemic H1N1 outbreak in 

Montreal, Quebec, Canada. Research was conducted on the effectiveness of the 

vaccination campaign as well as on the factors contributing to the multi-wave structure. 

This research produced estimates of hospitalizations and deaths averted through the 

vaccination campaign. It also produced a model that incorporates age structure and 

environmental humidity that reproduces the disease incidence patterns observed in 

Montreal. 

Chapter 1 

In Chapter 1 a mathematical model was constructed and calibrated so that it could 

reproduce the pH1N1 incidence counts observed in Montreal, Quebec. The model 

incorporated the population size of Montreal, the idea that some people had pre-existing 

immunity to the virus and the numbers and timing of vaccinations administered. The 

model was then run with no one receiving a pH1N1 vaccination and the results were 

compared to the actual surveillance data. It was found that the vaccination campaign was 

associated with the prevention of between 320 and 1,553 hospitalizations and 4 and 19 

deaths. 

Chapter 2 

In Chapter 2 a mathematical model was constructed with the goal of investigating 

the contribution of changing contacts and environmental humidity on the 2009/2010 

pH1N1 pandemic in Montreal. The model accounted for heterogeneity in contact between 
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people in four different age groups. The effect of the summer school closure was also 

investigated. Daily humidity measures were allowed to affect the transmission of the 

virus. It was found that changing contacts and incorporating environmental humidity 

allowed for the two incidence waves to be recreated. We also estimated the level of 

disease underreporting for the four different age groups and between the first and second 

waves. 
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