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SUMMARY

The Pandemic Risk Assessment Model (PRAM) is a mathematical model developed to analyse
two pandemic influenza control measures available to public health: antiviral treatment and
immunization. PRAM is parameterized using surveillance data from Alberta, Canada during
pandemic H1N1. Age structure and risk level are incorporated in the compartmental,
deterministic model through a contact matrix. The model characterizes pandemic influenza
scenarios by transmissibility and severity properties. Simulating a worst-case scenario similar
to the 1918 pandemic with immediate stockpile release, antiviral demand is 20·3% of the
population. With concurrent, effective and timely immunization strategies, antiviral demand
would be significantly less. PRAM will be useful in informing policy decisions such as the size
of the Alberta antiviral stockpile and can contribute to other pandemic influenza planning
activities and scenario analyses.
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INTRODUCTION

Influenza is a viral respiratory illness that leads to
cough, fevers, myalgia, headaches, and fatigue. In
high-risk individuals, influenza can cause severe illness
and death. Pandemic influenza is defined as an
influenza ‘epidemic occurring worldwide, or over a
very wide area, crossing international boundaries
and usually affecting a large number of people’ [1].
Influenza pandemics occur when an influenza virus
mutates so that it may be transmitted more easily

from person to person. When exposed to the new
virus, many people may become ill as they will have
little to no immunity.

The health impacts of pandemic influenza can be
mitigated with public health interventions such as
immunization, antivirals, hand hygiene and social
distancing. The use of antivirals is twofold: as a
treatment, or as a prophylactic measure for those
who have come into close contact with a case of
influenza. In 2004, Canada established the National
Antiviral Stockpile (NAS) to secure a supply of anti-
virals in the event of pandemic influenza. The
Canadian Antiviral Stockpile Management Task
Group (CASMTG) recommends that each province
purchase a stockpile sufficient to treat 17·5% of their
population [2]. Optimizing the size of a provincial
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antiviral stockpile is particularly complex, as it
requires predicting the communicability and severity
of a pandemic influenza as well as the subsequent ef-
fect on antiviral demand.

Mathematical models provide an opportunity to
evaluate the potential impacts of decisions and help to
plan for efficient use of public resources. Models simu-
lating influenza pandemics and mitigation strategies
in the literature follow one of three broad structures:
(i) static Markov chain [3–9], (ii) deterministic com-
partmental (with stochastic elements in some cases)
[5, 6, 10–30], and (iii) network or individual/agent-based
stochastic [31–43]. Within these categories, which them-
selves are quite fluid, there is a great deal of diversity.
Multiple waves may be modelled by defining popula-
tions as open or closed, forcing seasonality by seeding
infected individuals, manipulating the force of infection,
or by simulating the spread of multiple influenza strains.
Many mitigation strategies can be modelled and com-
pared; immunization, antiviral treatment (varying for-
mulation with changing viral resistance) and social
distancing (full quarantine, school, workplace and med-
ical facility closure, travel restrictions). Each model
structural type has merits for different purposes.

In this paper, we have developed a deterministic,
compartmental model. The Pandemic Risk As-
sessment Model (PRAM) was developed to pro-
duce outcome measures that are familiar to public
health officials: the number of persons medically
attended, hospitalized, and dying due to pandemic
influenza. Interventions of both immunization and
antiviral treatment are modelled, allowing for target-
ing and delays in the release of each. The age and
risk group structure in PRAM was inspired by other
Canadian models [18, 27, 30].

In the following sections we describe the develop-
ment of PRAM, its attributes, how the model para-
meters interact, results, and data required to
customize the model to various jurisdictions.

METHODS

To model pandemic influenza in Alberta, PRAM was
developed and programmed in Mathematica® (http://
www.wolfram.com/).Data andparameters from theprov-
ince of Alberta, Canada were used. The model was fit to
Alberta outcomes in terms of antivirals delivered, total
medically attended and hospitalized, and total deaths
from the H1N1 pandemic in 2009 A(H1N1)pdm09.

Generating visual output and allowing for intuitive
scenario analysis by public health officials are

important components of the model dissemination
process. PRAM allows users to simulate different pan-
demic influenza scenarios and generate visual output
with no need for programming. The model can be dis-
tributed as a computable document format (CDF) file
to allow use of PRAM without requiring a license for
Mathematica, addressing the call for models that can
‘be downloaded and synthesized using personal com-
puters’ raised by Pretio et al. [44].

Model type selection

PRAM is a deterministic compartmental model. This
model type was selected because a static Markov
model would not fully capture the dynamics of
influenza in the population, misestimating the dynam-
ic impacts of immunization and antiviral use. While
an agent-based model would provide an accurate
and detailed simulation of a pandemic, these models
are highly sensitive to the details of interpersonal con-
tact [38] and we are not confident that appropriate
data is available or could be estimated for Alberta
or Canada. In addition, deterministic models provide
similar outcomes to agent-based models [43]. Further,
deterministic compartmental models are more easily
understood by policy-makers because a single result
is given consistently and rapidly relative to agent-
based models.

Transmissibility-severity framework

During H1N1, the experience across public health
departments was that the simple descriptions of a pan-
demic (using only R0) were insufficient. Details on
how transmissible and severe the influenza virus is
are key factors influencing public health actions.
This paradigm shift has been recognized in recent
frameworks [45, 46] and changes in the WHO pan-
demic criteria [47]. Transmissibility measures the con-
tagiousness or infectiousness of a virus, while severity
captures the degree of symptoms and level of care
required for infected individuals. We introduce an ex-
plicit mathematical representation of transmissibility
and severity in PRAM. The severity and transmissibil-
ity parameters can be altered by users to simulate pan-
demic influenza scenarios and provide an intuitive
characterization of pandemic influenza which is both
graphical and numerical.

The transmissibility parameter influences the prob-
ability of virus transmission to a susceptible person
from an infectious person. In form, it is similar to the
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proportionality factor discussed in Ogunjimi et al. [48].
This separates the contact matrix and transmissibility
parameter ensures the model can be easily adapted
to any local context. Under this specification, the repro-
ductive factor (R0) is a function of both the viral
characteristics (transmissibility) and local behaviours
(contact matrix).

The severity parameter uniquely characterizes the
increased health risk associated with a particular pan-
demic virus and can be varied. It affects (i) the likeli-
hood of being medically attended (given infection); (ii)
the likelihood of hospitalization; and (iii) the likeli-
hood of death. The severity parameter is implemented
as a common odds ratio to each of these transitions,
and is anchored at 1·0 in the A(H1N1)pdm09 scenario.

Policy levers

PRAM was designed to allow users to examine the ef-
fect of different policies on outcomes. The antiviral pol-
icy lever allows the user to specify the date on which
antivirals are distributed, and whether they are distrib-
uted to only those at high risk, only those at low risk,
both, or not distributed. A delay in the release of the
antiviral stockpile may also be specified in the model.

The vaccine policy lever controls when specific
age-risk groups are eligible to be immunized.
Age-risk groups can be allocated to two stages of vac-
cine release. The 14 age-risk groups (seven age groups
and two risk groups) are allocated to one of the two
stages, each with their own delay in vaccine release.
Age-risk groups specified as part of the first stage
can receive vaccine [i.e. transition from susceptible
(1) to vaccinated (3) or vaccine failure (4)] on or
after the first stage delay. All age-risk combinations
can receive vaccine after the second stage delay.
Vaccination volume is capped at a maximum volume
of daily doses administered, representing a real limita-
tion in the healthcare delivery system. In Alberta,
influenza immunization is publicly provided in a one-
dose format, with the exception of infants who receive
two doses. PRAM makes the simplifying assumption
of a universal one-dose schedule.

For every scenario, the user inputs antiviral and
vaccine availability as a proportion of the total
population.

Model structure

The model structure was based upon the formulation
used in the Tuite et al. [27, 30] and Greer & Schanzer

[18] models. We preserved the seven age and two
risk groups used in their model, and divided the
broader categories (Susceptible, Exposed, Infectious,
Recovered) into sub-compartments specified to be in-
terpretable and meaningful to policy-makers.

The Alberta population (n = 3 617 411) as of 1 July
2009 was divided into the same seven age groups (0–4,
5–14, 15–19, 20–24, 25–54, 55–64, 565 years) as
those used in other Canadian models. To simulate
mixing between these age groups, a contact matrix
from Finland [49] was modified to reflect the age
groups used in PRAM.

The population in each age group was further sub-
divided into high- and low-risk groups, defined to cap-
ture those with an increased risk of an adverse
outcome (medical attendance, hospitalization,
death). High-risk individuals were identified in the
Alberta population as those with a diagnosis of
asthma, diabetes, renal or kidney disease, hyperten-
sion, chronic obstructive pulmonary disease and con-
gestive heart failure.

The model assumes the population is allocated be-
tween the mutually exclusive health states denoted in
Figure 1. Individuals typically start in either the sus-
ceptible (1) or susceptible, non-immunizer (2) com-
partments. This separation of immunizers and
non-immunizers recognizes that a subset of any
given population will not immunize. Individuals
from the susceptible compartment (1) may be vacci-
nated (3), which if successful will move them to the
recovered/immune compartment (12) after a holding
period to reflect a mounting immune response (during
which they may still become exposed to the virus and
infectious) or the immunization can fail, moving them
to the vaccine failure compartment (4). Individuals
from compartments (1)–(4) (outlined in blue) may be
exposed to the virus, and can move to the exposed
(5) compartment. These individuals will develop infec-
tions that will or will not require medical attention,
dependent on the severity of the virus and their risk
status, moving either into the medically attended com-
partment (6), or the not medically attended compart-
ment (7). Persons who are exposed to an infectious
person but do not become infected are not included
in this category. Individuals in the not medically
attended compartment (7) are assumed to recover to
the recovered/immune compartment (12) at a fixed
rate, with no further complications.

The infectious compartments (6)–(10) are initially
divided between medically attended (6) and not med-
ically attended (7). The choice to use the term
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‘medically attended’ to describe the infectious com-
partments (as opposed to, for example, ‘symptomat-
ic’) was selected because being symptomatic is not
easily measured by surveillance data, and further,
does not necessarily imply burden on or interaction
with the healthcare system, whereas data on health
system interactions are likely to be readily available.
Population-based administrative data is available for
those medically attended during H1N1 in Alberta,
while information regarding the proportion of ill per-
sons who were symptomatic is highly variable.
Appeals to the broader literature found widely varying
estimates of the proportion symptomatic [50, 51] in
addition to others cited in a systemic review and
meta-analysis [52]. For the purposes of PRAM, med-
ically attended is defined as primarily a visit to a
primary-care physician, but could include an
emergency-department visit or initial contact with
the healthcare system. We find this definition has a
clear meaning with direct implications for assessing
burden on the health system.

Depending on the antiviral policy scenario mod-
elled, medically attended (6) individuals may move ei-
ther to the treated with antivirals compartment (8), or
the not treated with antivirals compartment (9). We
assume full adherence of individuals treated with anti-
virals. From either of these two compartments, indivi-
duals may be hospitalized (10), or move to the
recovered/immune compartment (12); if they were
treated with antivirals, the antiviral effectiveness

parameter affects these transitions. Those hospitalized
(10) will either move into the death (11) or recovered/
immune (12) compartments. We assume that any indi-
viduals in the hospitalized compartment (10) are treated
with antivirals, even though they may have already been
treated in compartment (8). Individuals in the treated
with antivirals (8) or hospitalized (10) compartments
are assumed to contribute less to the force of infection
in the model, as their transmissibility has been attenu-
ated by antiviral treatment, reflected in the force of in-
fection equation given in the Supplementary material.
The antiviral treatment effectiveness of individuals
entering the hospitalized compartment (10) from the
treated with antivirals compartment (8) is assumed to
be zero. The probability of being medically attended
(6), hospitalized (10) and death (11) are all functions
of both the severity parameter and of the risk group.

In the initial state for the baseline model, all indivi-
duals are allocated between the susceptible (1) and sus-
ceptible, non-immunizers (2) compartments. For the
results presented here, no prior immunity is assumed.
To capture prior immunity, individuals could also be
initially allocated to the recovered/immune compart-
ment (12).

Parameter values

Alberta Ministry of Health surveillance data from the
2009 H1N1 pandemic was leveraged for model para-
meters. Where this was not possible, values from

Fig. 1. Alberta Pandemic Risk Assessment Model structure.
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Canadian or international literature were used. The
Supplementary material contains the rationale and
sources, and a discussion of the parameter values
used in the model.

Model fitting

Three parameters – the probability of transitioning to
medically attended, hospitalized, and death – were fit
simultaneously using weighted least squares to the
total counts from the 2009 H1N1 pandemic experi-
ence in Alberta, as well as the antivirals distributed
For the purposes of model fitting, no vaccine distribu-
tion was assumed since vaccine release in Alberta oc-
curred near or after the peak [47]. Observed and fitted
counts for those medically attended, hospitalized, and
dying are given in Table 1.

Basic reproductive number

The basic reproductive number (R0) can be inter-
preted as the number of cases caused by each incident
case. In our model, R0 is a function of the transmis-
sibility and severity parameters and of the contact
matrix, so the value of R0 varies as transmissibility
and severity are altered. R0 is computed analytically
and reported in the model assuming no intervention
(e.g. no antiviral or immunization interventions).
Using the next-generation approach [53, 54] (a stand-
ard mathematical method to analyse epidemic mod-
els), a simple formula to compute R0 is given
(calculation details are given in the Supplementary
material).

Scenarios

PRAM can be used to explore any number of possible
scenarios for pandemic influenza planning. We focus
on two scenarios for the purposes of exploring the
effects on intervention options: the baseline H1N1
case and a worst-case scenario.

In the baseline case of 2009 pandemic H1N1 (sever-
ity 1·0, transmissibility 2·5%), combined impacts of
immunization and antiviral interventions are
explored. The initial output corresponds to the
observed influenza A(H1N1)pdm09 experience in
Alberta. Various interventions (immunization and
antivirals, varying timing of release and target popula-
tion) are explored.

For the worst-case scenario, transmissibility and se-
verity were set to 3·5% and 7·5, respectively, producing
morbidity and mortality to correspond to the 1918
influenza pandemic. To calculate the maximum anti-
viral demand, no immunization is distributed and the
antiviral stockpile is released without delay. Because
the model was designed to inform choices related to
the size of the NAS, the outcome of interest for each
scenario was the total number of antiviral doses
demanded as a proportion of the total population.
The associated burden is quantified by the number med-
ically attended, hospitalized, and dying in each scenario.

As a sensitivity analysis across different pandemic
influenza scenarios, we explore antiviral use and hos-
pitalizations for a range of transmissibility and sever-
ity parameter values (of 2·5–5·0% by 0·2% increments,
and 1–10 by increments of 1, respectively) with no
vaccine release and immediate antiviral release to
both high and low risk groups.

RESULTS

Across the range of policy options evaluated for a
relatively mild pandemic, A(H1N1)pdm09, the max-
imum antiviral demand of 3·2% of the current stock-
pile occurred when there was no vaccine available
and the stockpile was released immediately. In the
high-demand scenario, antiviral demand reached
20·3% of the population. The antiviral demand and
associated outcomes are given in Tables 2 and 3.

The joint influence of severity and transmissibility
on antiviral demand and the number of hospitaliza-
tions is seen in Figures 2 and 3.

Table 1. Model fitting

Observed value Fitted value Relative error

Medically attended 12 9619 [Alberta Health Internal Data] 123 109 5·0%
Antivirals distributed 45 721 [Alberta Health Internal Data] 48 500 6·1%
Hospitalized 1276 [56] 1244 2·5%
Deceased 71 [56] 70 1·4%
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DISCUSSION

PRAM

PRAM was developed to address the needs of
Alberta’s decision-makers, with a novel parameteriza-
tion of transmissibility and severity, and was specifi-
cally designed using data from public health
surveillance for preparedness planning. The model is
able to replicate several past influenza pandemics
experienced in Alberta in a visual and easily under-
stood implementation.

A(H1N1)pdm09 was used as the reference case for
modelling other influenza pandemics. Worse scenarios
may be simulated by higher transmissibility and sever-
ity choices. Adjusting the severity and transmissibility
parameters of PRAM to replicate the Spanish Flu of
1918 as a worse-case scenario, the total antiviral de-
mand will slightly exceed the current CASMTG rec-
ommendation of a stockpile size sufficient to treat
17·5% of the population.

This finding has important policy implications, as
decisions regarding the size of a stockpile must be
made without knowledge of the timing and severity
of the next pandemic. Decision-makers can consider
model outputs in weighing the risks and benefits of
maintaining different stockpile sizes.

Comparisons to similar models

The findings of PRAM are consistent with similar
models. In a model examining a treatment- only anti-
viral strategy with no vaccination, Gani et al. [29]
found that an R0 of 1·39 [corresponding closely to
an R0 of 1·41 from our A(H1N1)pdm09 scenario]
would require a stockpile sufficient to treat 12% of
the population. PRAM requires a 3·2% stockpile
under a similar scenario. Reductions in hospitaliza-
tions are similar between the two models: 77% in
Gani et al. and 64% in PRAM. Differences in stock-
pile requirements may be due to a considerably denser

Table 2. Extended model output: H1N1 outcomes

Scenario
Antiviral
release policy

Antiviral
release delay Vaccine

Total antiviral
required
(% stockpile)

Total vaccine
required
(% pop.)

Total
exposed* (%)

Total
hospitalized

Total
deaths

Base case
None None 0 0 44·4 1697 95

Antiviral effects
High risk Peak None 1·0 0 43·6 1275 71
Both Peak None 1·3 0 43·3 1244 70
High risk Immediate None 2·3 0 42·6 688 37
Both Immediate None 3·2 0 41·8 612 34

Vaccine effects
None Peak 0 18·1 40·6 1542 86
None Immediate 0 23·9 24·8 920 51

Combined effects
Both Peak Peak 1·1 18·2 39·9 1192 67
Both Immediate Peak 2·7 19·8 35·8 520 29
Both Peak Immediate 1·1 23·9 22·7 521 29
Both Immediate Immediate 1·6 23·9 21·1 300 17

* ‘Total exposed’ is defined as the cumulative proportion of the population exposed to the virus in the exposed compartment
(5) who will go on to be medically attended (6) or not medically attended (7). It does not refer to persons in the vicinity of an
infectious person who does not become infected.

Table 3. High antiviral demand scenario 1918

Scenario
Antiviral target
population Vaccine

Total antivirals
demanded (%)

Total exposed
(% pop.)

Total
hospitalized

Total
deaths

1918 High risk None 12·0 75·0 26 885 7308
1918 Both None 20·3 74·9 21 248 6182
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Fig. 2. Impact of severity and transmissibility on hospitalizations.

Fig. 3. Impact of severity and transmissibility on antiviral use.
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population and the assumption of homogenous mix-
ing in [29].

Using PRAM to simulate a scenario similar to the
1·6 R0 modelled in Greer & Schanzer [18], with imme-
diate stockpile release, and vaccine distribution after 3
months, antiviral demand in PRAM (severity 2, trans-
missibility 2·85%) is 4·3%. This corresponds to the
range for similar scenarios modeled by Greer &
Schanzer, where antiviral treatment requirements to
treat only symptomatic pandemic influenza cases
range in value from 3·9% to 5·4%. Greer &
Schanzer’s estimation of antiviral wastage due to
treatment of influenza-like illness (ILI) cases increase
this to a total stockpile requirement of 5·4–96·4%.
Key differences exist between PRAM and [18] in the
assumptions for care-seeking and antiviral treatment.
Greer & Schanzer assume that 60% of those who
were infected will be symptomatic, that 50–70% of
those who are symptomatically infected will receive
antiviral treatment, and that individuals have three
episodes of ILI annually, which require antiviral treat-
ment during pandemic influenza. These assumptions
are quite different from PRAM, where infected indivi-
duals are care-seeking or not (based on empirical data
and modified by the severity parameter). When indivi-
duals present for care, they are uniformly dispensed
antivirals or not based on the policy levers and anti-
viral availability, thus, the parameterization of [18]
guarantees that between 30% and 42% of those
infected will receive antiviral treatment for pandemic
influenza in addition to ongoing treatment for ILI,
while PRAM has a distribution that varies with
time, risk group, and strain severity, but will not ac-
count for stockpile depletion outside of the policy
parameters (prescriptions for patients who do not
have influenza and other wastage). Both PRAM and
[18] ignore misdiagnosis, where laboratory-confirmed
influenza cases are misdiagnosed clinically. In
PRAM, the assumption that the proportion misdiag-
nosed remains constant over time is made. This is jus-
tifiable because the model is fitted to surveillance data
that will contain some proportion of misdiagnosed
cases, which would also represent a real burden in
model predictions. Miller et al. [55] show that 44–
71% of influenza cases may be misdiagnosed, which
could greatly reduce the number of antiviral prescrip-
tions issued. However, during a pandemic, diagnostic
behaviour is likely to change, and antivirals may be
prescribed to cases which are not clinically diagnosed.
Other work considering antiviral demand varied the
proportion of wastage in sensitivity analyses [9],

while others used a decay function to model stockpile
attrition [42].

PRAM also differs from the existing literature of
compartmental deterministic models evaluating the
use of both antivirals and vaccine [6, 18, 23] in the
treatment of asymptotic infectious individuals, and
the mechanisms governing either the release of an
antiviral stockpile or the implementation of an im-
munization programme.

Model limitations

Mathematical modelling relies upon simplifying
assumptions so that a complex system can be reduced
to a feasible model with parameters that can be both
measured and justified. These assumptions result in
limitations with implications for how policy-makers
must interpret model outputs. For example, to be ad-
mitted to a hospital, it is assumed that an individual
has first been ‘medically attended’, meaning that
they have interacted with a primary-care physician
or similar. While this may not always be the case, it
is a justifiable simplification of reality. PRAM is
designed such that the ‘total antiviral required’ output
measures the total demand for antiviral prescriptions
issued, in both private clinics and in hospitals. The
number of prescriptions issued must be translated
into individual treatment courses of multiple doses
which will vary based on patient age and other char-
acteristics. In addition, because PRAM does not in-
clude wastage, it is crucial that decision makers
consider their local context in allocating additional
units for wastage. Similarly, PRAM assumes perfect
adherence for those issued prescriptions for antivirals,
and does not evaluate distribution restrictions on anti-
virals. Users could estimate non-perfect adherence by
multiplying some factor through the output, but this
would not capture a more sustained epidemic curve.

Similar considerations affect the interpretation of
vaccine usage. In Alberta, influenza is given as a
single-dose programme, so that the ‘total number
immunized’ reflects the total number of doses
required, with the exception of infants requiring two
doses. In jurisdictions with a multi-dose schedule,
the ‘total number immunized’ should be adjusted to
reflect total doses required.

Other considerations in the interpretation of model
output are the expected levels of misdiagnosis (failure
to correctly diagnose influenza when it is present and
incorrect diagnosis of influenza when it is not present),
prescriptions issued outside of the stockpile release,
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and prescriptions not completed. PRAM does not ac-
count for age or risk-based variation in vaccine and
antiviral effectiveness. However, the degree to which
these will vary is not often known prior to a pandemic,
so any effort to differentiate by group may confer a
false sense of accuracy.

PRAMdoes not evaluate other public health interven-
tions such as public health messaging for hand hygiene
and social distancing. Changing antiviral resistance is
not consideredwithina simulation,but theantiviral effect-
iveness parameter could be adjusted to reflect resistance.

Deterministic models like PRAM assume a sim-
plified flow through the healthcare system. For ex-
ample, the only way to be hospitalized in PRAM is
through the medically attended compartment. While
this assumption is empirically supported and sensible
from a planning perspective, those interpreting results
should be aware of it. Referring to Table 1, <1% of
those medically attended become hospitalized, and
only a proportion of those would have been admitted
directly to a hospital without a prior physician visit. In
this way, this simplifying assumption does not greatly
influence model outcomes.

PRAM assumes a single pandemic wave. The as-
sumption comes from the underlying choice to incorp-
orate only a fixed contact matrix, a closed population,
and a fixed transmissibility parameter. While initial
infected individuals could come from outside of
Alberta, there is no introduction of exogenous
infected individuals beyond the initial allocation.
While PRAM could be adjusted to include a variable
transmissibility parameter, a central concept to the
model was the characterization of a pandemic strain
by severity and transmissibility. These assumptions
are reasonable for pandemic preparedness planning
where planning revolves around an unexpected event
in a relatively short time-frame.

PRAM outputs, like all mathematical models, rely
upon the parameters used as inputs. While many of
the parameter choices have been discussed previously,
disentangling the contact matrix, transmissibility and
severity is novel to PRAM. In particular, estimates of
transmissibility are rare. Our use of a household contact
study, while specific to Alberta during H1N1, may
under- or over-estimate the transmissibility parameter
(as the infectivity period for influenza is less than the 2
weeks of exposure assumed, yet a contact-day within a
household is likely longer than a non-household
contact-day). Similarly, estimates of severity, as they
pertain to the transitions in the model, are rarely pub-
lished but often available from administrative health

data sources. For PRAM and newer models describing
pandemic influenza with both of the severity and trans-
missibility dimensions, these concepts and estimates of
their parameters require continued research.

PRAMprovides a useful tool for public health profes-
sionals to assess the potential impacts of pandemic
influenza. Themodel assumptions and associated limita-
tions must be borne in mind whenever outcomes are
interpreted.

The use of PRAM in public policy

Pandemic influenza planning often utilizes multiple
scenarios to strategize for unknown future influenza
pandemics. PRAM allows users to adjust the trans-
missibility and severity parameters, generating new
scenarios to simulate outcomes such as the number
of people medically attended, hospitalized or deceased
using Alberta’s population. These outcomes for each
of these states allow planners to assess the demand
on specific healthcare resources.

Policy-makers can adjust the policy levers to simu-
late the outcomes of a particular policy decision within
each of these scenarios. For example, by specifying how
many days into a pandemic the antiviral stockpile will
be released, the model will simulate the change in out-
comes in Alberta’s population for that scenario.
Further, the user could then adjust the scenario to
find out the simulated effect of releasing these antivirals
to only high-risk groups. This flexibility allows the user
to assess the potential effects and interactions of policy
options on the Alberta population and how those pol-
icies may complement or conflict with each other.

CONCLUSION

PRAM can assist in informing policy and programme
decisions. The model compartments are chosen to
capture elements both meaningful to decision makers,
and the transmissibility–severity parameterization
links clearly with identifiable and easily interpreted
risk scenarios. The presentation of scenario options
through an interactive, visual user interface allows
non-technical professionals to compare multiple scen-
arios. The software is available from the authors upon
request and as Supplementary material.

SUPPLEMENTARY MATERIAL

For supplementary material accompanying this paper
visit http://dx.doi.org/10.1017/S0950268816001850.
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