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Abstract

Following the detection of a novel influenza strain, A(H7N9), we modeled the use of antiviral 

treatment in the United States to mitigate severe disease across a range of hypothetical pandemic 

scenarios. Our outcomes were total demand for antiviral (neuraminidase inhibitor) treatment and 

the number of hospitalizations and deaths averted. The model included estimates of attack rate, 

healthcare-seeking behavior, prescription rates, adherence, disease severity, and the potential 

effect of antivirals on the risks of hospitalization and death. Based on these inputs, the total 

antiviral regimens estimated to be available in the United States (as of April 2013) were sufficient 

to meet treatment needs for the scenarios considered. However, distribution logistics were not 

examined and should be addressed in future work. Treatment was estimated to avert many severe 

outcomes (5,200–248,000 deaths; 4,800–504,000 hospitalizations); however, large numbers 
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remained (25,000–425,000 deaths; 583,000–3,700,000 hospitalizations), suggesting that the 

impact of combinations of interventions should be examined.
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Introduction

An outbreak of human infections with a new avian influenza A(H7N9) virus [H7N9], was 

first reported in eastern China by the World Health Organization on April 1, 2013 [1]. This 

novel influenza virus was fatal in approximately one third of the 135 confirmed cases 

detected in the four months following its initial identification [2], and limited human-to-

human H7N9 virus transmission could not be excluded in some case clusters in China [3, 4]. 

As part of ongoing pandemic preparedness activities, the Centers for Disease Control and 

Prevention rapidly conducted a comprehensive review of the potential impact of influenza 

countermeasures after the initial cases were reported, including the use of antiviral drugs to 

treat and control a future influenza pandemic.

Antiviral treatment has received considerable attention in pandemic planning and will likely 

be an important part of any response to a widespread influenza outbreak [5–8]. Currently 

neuraminidase inhibitors (NAIs) are the only licensed agents with activity against the 

majority of circulating influenza viruses [9]. Pandemic planning has largely focused on these 

agents, particularly oseltamivir which is licensed for most ages and is easily administered 

[9]. While large-scale epidemiologic studies of NAI effectiveness against as yet unknown 

influenza virus strains are not feasible, the early use of NAIs has been shown in randomized 

controlled trials to decrease duration of illness in otherwise healthy persons with acute 

uncomplicated influenza caused by circulating seasonal influenza viruses [10–18]. In 

addition, observational studies among hospitalized patients with influenza suggest that early 

oseltamivir treatment reduces both the severity of disease and mortality [19, 20]. Given the 

anticipated demand for NAIs during a potential influenza pandemic, it is important to 

regularly assess estimates of the drug supply, including stockpiles, and reevaluate the 

projected effect of antiviral treatment on pandemic morbidity and mortality.

In this paper, we present estimates of the potential US demand for NAIs modeled across 

several hypothetical influenza pandemic scenarios, and include estimated ranges for their 

possible effect on averting hospitalizations and deaths. Notably, while this work was 

conducted in response to the discovery of the H7N9 virus, the pathogen characteristics used 

in our model were chosen to reflect a range of severe and transmissible influenza strains and 

were not directly based on H7N9 since it is not possible to predict the transmissibility and 

severity of illness if this virus adapts and causes widespread human illness [21]. Also, to 

inform decisions during a public health response, we used a simplified model that could be 

rapidly developed and analyzed.
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Methods

Pandemic scenarios

Two clinical attack rates (20% and 30%) and two case severity levels (high and low risks of 

hospitalization [1.05%, 4%] and mortality [0.084%, 0.5%] per clinical case) were used to 

define the pandemic scenarios analyzed and are described in-depth in Meltzer et al. [22] and 

in Table 1. These parameters were chosen to represent hypothetical pandemics of moderate 

to high transmissibility and case-severity and are based on a recently developed scale of the 

public health impact of influenza pandemics [21]. We describe the model in detail below.

We used two treatment scenarios, one with a low treatment level (proportion of influenza 

cases who are diagnosed and prescribed NAIs) among both outpatient and inpatient cases, 

and another with a high treatment level in these groups. These scenarios can provide lower 

and upper estimates of the potential range of demand for NAIs and should not be interpreted 

as being the most likely scenarios. We also used two estimates of the effect of NAIs against 

hospitalization and death. The treatment levels and effectiveness estimates are described 

further in the “Model Details” section and in Table 1. These epidemic and treatment 

characteristics produced the 16 scenarios analyzed (2 attack rates × 2 severity levels × 2 

treatment rates × 2 antiviral effectiveness levels). An analysis using a scenario of no 

antiviral use was included to show the absolute effect of antiviral treatment.

Model overview

We developed a spreadsheet model to estimate the demand for NAIs and the resulting 

number of hospitalizations and deaths that could be averted with the use of NAI treatment. 

We did not distinguish between types of NAIs used in the model (e.g., oseltamivir or 

zanamivir) and assumed that pediatric populations could be treated directly with pediatric 

drug formulations or that pediatric suspension could be made from adult capsules [34]. We 

assumed that the impact of seasonal influenza on demand for antiviral treatment and severe 

disease would be negligible during the severe pandemic scenarios considered.

We calculated the potential demand for NAIs across age groups (0–9, 10–19, 20–59, ≥60 

years) for a range of pandemic scenarios using methods based on previous work [27]. To do 

so, we used assumptions regarding the clinical attack rate [22], the proportion of the 

population that would likely require treatment, seek medical care and be prescribed NAIs 

[25, 26], the number of regimens that may be dispensed for chemoprophylaxis or saved for a 

personal stockpile, and the proportion of those with non-influenza illness who may also 

receive NAI treatment [27]. We modeled the provision of antiviral treatment using the 16 

scenarios described above.

To calculate the potential impact of NAI treatment on severe influenza-associated 

complications, we combined estimates of the number of regimens correctly dispensed to 

influenza cases with estimates of adherence and the possible effect of NAIs on the risks of 

hospitalization and death. Individuals could experience both hospitalization and death, or 

either outcome, or neither.
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All analyses were conducted using Microsoft Excel, version 2010. Antiviral demand, 

hospitalizations, and deaths were calculated for each age group and each day of the 

pandemic and then summed over ages and days for presentation purposes. All parameter 

values used are listed in Table 1. Further details, along with full formulas used for 

calculations, are provided in the Supplementary Material.

Antiviral supply

Antiviral ‘supply’ was defined by the quantity of NAIs estimated to be available in the 

United States as of April 2013. The sources of drug supply included NAIs available in the 

federal (i.e., Centers for Disease Control and Prevention Strategic National Stockpile, CDC 

SNS) and state stockpiles; and quantity of product estimated to be in commercial inventories 

or which could be manufactured for the United States within 12 weeks (shortest time from 

beginning of epidemic to peak across scenarios). As of April 2013, the total number of NAI 

regimens used in this model, and estimated to be available in the United States in the event 

of a pandemic, was 104 million.

Model details

Antiviral Demand—A treatment regimen of NAI consisted of enough medication for 5 

days of twice-daily dosing [9]. We assumed that outpatients receiving treatment in the 

community would receive 1 regimen, while hospitalized cases would receive an average of 2 

regimens (10 days of treatment). Following previously published assumptions regarding 

NAI regimens for outpatients, we assumed that some regimens would be dispensed to 

individuals with influenza-like illness (ILI) due to other pathogens (40% of the number of 

regimens dispensed to influenza outpatients), 20% of patients would not adhere (and which 

includes those who save a course for a personal stockpile), and 10% of all regimens 

dispensed would be provided to patients for use as chemoprophylaxis, [see reference [27] 

and Table 1]. All inpatients were assumed to adhere to treatment. Similar to the assumption 

for outpatients, we assumed that regimens would also be dispensed to inpatients with 

respiratory symptoms with a non-influenza etiology (40% of the number of regimens 

dispensed to influenza inpatients). We assumed that a greater proportion of influenza 

inpatients were treated than influenza outpatients, which assumes that clinicians factor 

illness severity into treatment decisions and do not rely entirely on the results of rapid 

testing which may have low sensitivity [35].

The estimated demand for antiviral regimens was calculated by the following equations:

Antiviral demand = number regimens used by outpatients + number regimens used by 

inpatients + number of regimens used for chemoprophylaxis

Number regimens used by outpatients = number clinically ill * proportion seeking 

outpatient care * proportion outpatients diagnosed & prescribed NAIs * Avg. 

number regimens per outpatient * (1 + multiplier for non-influenza ILI patients)

Number regimens used by inpatients = number hospitalized influenza cases * 

proportion hospitalized cases diagnosed & prescribed NAIs * Avg. regimens per 

inpatient * (1 + multiplier for non-influenza ILI patients)
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Number of regimens used for chemoprophylaxis = total of regimens given for 

outpatients * chemoprophylaxis multiplier

Parameter values are listed in Table 1. The amounts of NAIs potentially needed for each 

scenario were then compared to the estimated United States antiviral supply (as of April 

2013). We plotted the cumulative antiviral demand over time for each scenario assuming 

that the incubation period would be approximately 1.4 days based on data for seasonal 

influenza [30]. Because of limited data regarding antiviral effectiveness related to day of 

therapy initiation, we assumed that all patients would receive treatment on the second day of 

clinical symptoms. This assumes that patients would start treatment slightly quicker than 

seen with seasonal influenza infection due to concern over the severity of infection, which 

maximizes the benefits of treatment [36–38]. To explore variations in treatment start further, 

we conducted a sensitivity analysis (see later in Methods).

Antiviral Impact on Hospitalizations—The estimated impact of NAI treatment on 

hospitalizations was calculated by the following equation:

Hospitalizations averted = number clinically ill * proportion seeking outpatient care * 

proportion outpatients diagnosed & prescribed NAIs * adherence * risk of hospitalization * 

NAI effect against hospitalization

Definitions of the equation parameters are as follows: ‘Adherence’ = proportion who 

sufficiently adhere to the treatment regimen for it to be effective; ‘Risk of hospitalization’ = 

per-capita risk of hospitalization among symptomatic influenza cases; and ‘NAI effect 

against death’ = reduction in the risk of death due to influenza as a result of NAI treatment.

For the purposes of this analysis, the antiviral effect against hospitalization was assumed to 

be the same as the NAI treatment effect against lower respiratory tract complications from 

influenza requiring antibiotic treatment [28]. Pneumonia and other LRTI cause substantial 

hospitalizations and are a leading cause of death [31–33]. A range of treatment effects was 

obtained by using the upper and lower 95% confidence interval estimates for this outcome 

(Table 1).

Antiviral Impact on Deaths—In this analysis, NAI treatment was assumed to reduce the 

risk of death by three possible mechanisms: 1) deaths directly averted among treated 

hospitalized patients, 2) deaths among non-hospitalized cases directly averted by treatment 

of outpatients, and 3) deaths avoided by outpatient treatment averting severe disease which 

would have required hospitalization and could have progressed to death. The latter 2 

mechanisms were considered separately since we used different case-fatality rates for 

outpatients and inpatients.

Estimates of the direct effect of NAI treatment against death were based on an observational 

study of oseltamivir treatment among patients with influenza A(H5N1) [29]. This data 

source was used because it estimated the effect of oseltamivir against death for a novel, 

severe avian influenza, which is in line with the goals of our analysis, and because it is the 

largest study of this type to have been conducted. We obtained a range of treatment effects 

by using the upper and lower 95% confidence interval estimates from Adisasmito et al. [29]. 
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We assumed the same effect of NAI treatment on all treated persons and across age groups. 

We also assumed the same antiviral effect for treated inpatients and outpatients.

The estimated impact of NAI treatment on reducing deaths was calculated by the following 

equation:

Deaths averted = number deaths averted due to inpatient Rx + number deaths averted due to 

outpatient Rx

Number deaths averted due to inpatient Rx = number hospitalized cases * 

proportion hospitalized cases diagnosed & prescribed NAIs * inpatient mortality 

risk * NAI effect against death

Number deaths averted due to outpatient Rx = number clinically ill * proportion 

seeking outpatient care * proportion outpatients diagnosed & prescribed NAIs * 

adherence * (outpatient mortality risk * NAI effect against death + risk of 

hospitalization * NAI effect against hospitalization * inpatient mortality risk)

Definitions of the equation parameters are as follows (duplicate parameters are defined 

above): Rx = NAI treatment; ‘NAI effect against death’ = reduction in the risk of death due 

to influenza as a result of NAI treatment (assumed to be the same for inpatients and 

outpatients).

Sensitivity analyses—To determine which variables had the greatest influence on the 

main outcomes (i.e., antiviral usage, hospitalizations averted, deaths averted), we varied 

each of the 4 main variables (treatment rate, attack rate, severity, average antiviral 

effectiveness) one at a time over their full uncertainty range and recorded their impact. 

Notably, the time between symptom onset and treatment initiation is likely one of the most 

important variables influencing antiviral effectiveness and, during a severe pandemic, it 

could be longer or shorter than previously seen depending on prescribing capacity and 

logistical challenges in meeting demand for treatment. We explored this issue by varying the 

average antiviral effectiveness over a wide range [28, 29] with low effectiveness reflecting 

delayed treatment initiation and high effectiveness reflecting rapid treatment. Further data 

on the effect of antiviral treatment with time since initiation would be useful for informing 

future work on pandemic preparedness.

Results

Antiviral demand

There were an estimated 64 million symptomatic cases in the 20% clinical attack rate 

scenario, while there were approximately 94 million symptomatic cases in the 30% clinical 

attack rate scenario. The expected number of NAI regimens needed to meet treatment 

demands ranged from a low of 9.0 million for the 20% attack rate-low severity-low 

treatment level scenario, up to 68.5 million for the 30% attack rate-high severity-high 

treatment level scenario (Table 2). We conducted a sensitivity analysis to determine which 

variables had the largest impact on the number of antiviral courses required for treatment 

(Figure 1), and which are listed here in order of importance: diagnosis and treatment rates, 
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attack rate, severity, and antiviral effectiveness. Note that an increase in antiviral 

effectiveness resulted in slightly fewer regimens required since an increase in effectiveness 

meant fewer hospitalizations occurred and consequently fewer regimens were required to 

treat inpatients.

In our model, the total antiviral drug supply was not fully depleted in any scenario (Figures 

2–3). However, the demand for antiviral treatment slightly exceeded the number of NAI 

regimens in the federal CDC Strategic National Stockpile (SNS) for the 30% attack rate-

high severity-high treatment-low antiviral effectiveness scenario (estimated antiviral 

demand = 68.5 million regimens, approximate SNS size = 68 million regimens, Figure 2).

Burden of disease & impact of antiviral treatment

Although the outputs from the model demonstrated that a large number of hospitalizations 

and deaths could be averted with timely antiviral use, additional hospitalizations and deaths 

remained despite treatment, and varied greatly by pandemic and treatment scenarios (0.58–

3.7 million hospitalizations and 25,000–425,000 deaths, Table 2). These additional 

hospitalizations and deaths were more influenced by the magnitudes of the risks of 

hospitalization and death rather than by the attack rate since the former were varied over a 

wider range. The results of a sensitivity analysis (Figure 1) show that the numbers of 

hospitalizations averted were most influenced by the following factors (in order of 

importance): diagnosis and treatment rates, antiviral effectiveness, severity, and attack rate. 

However, the number of deaths averted was most influenced by (in order of importance): 

severity, antiviral effectiveness, diagnosis and treatment rates, and attack rate. The ordering 

and impact of the variables is different for the number of deaths averted compared to the 

number of hospitalizations averted due to differences in the change in hospitalization risk 

and risk of death across scenarios, different ranges for treatment effectiveness against each 

endpoint, and because the change in treatment levels was greater for outpatients (where 

hospitalizations were averted) than for inpatients (where the majority of deaths occurred).

The absolute numbers of hospitalizations and deaths averted differed greatly depending on 

the scenario (5,200–248,000 deaths averted and 4,800–504,000 hospitalizations averted), but 

the proportions of outcomes averted for both were more consistent (Table 2). For example, 

when there was a low proportion of influenza cases diagnosed and treated and a low 

antiviral effect, less than 1% of hospitalizations and approximately 10% of deaths were 

averted regardless of the attack rate and risks of hospitalizations and death. These were the 

lowest proportions of severe outcomes averted across all scenarios. Alternatively, the 

highest proportions of severe outcomes averted occurred when there was a high proportion 

of influenza cases diagnosed and treated and a high antiviral effect (13% of hospitalizations 

averted and 53% of deaths averted).

Discussion

We developed a simple model that could estimate the potential demand and impact of NAI 

treatment across a range of hypothetical influenza pandemics, and that could be rapidly 

implemented to inform decisions during a public health response. For the scenarios 

considered, the total NAI regimens estimated to be available in the United States (as of April 
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2013) were sufficient to meet treatment needs, even when a large proportion of influenza 

cases were diagnosed and treated. NAI treatment averted many hospitalizations and deaths 

in all scenarios (5,200–248,000 deaths averted; 4,800–504,000 hospitalizations averted). 

However, large numbers of severe outcomes still occurred (25,000–425,000 deaths and 

583,000–3.7 million hospitalizations), emphasizing the need for use of multiple strategies, 

including vaccination, new treatment approaches, and social distancing during a severe 

pandemic. The most influential variable that impacted total NAI demand and the number of 

hospitalizations averted was the diagnosis and treatment rate, while the severity of a 

pandemic had the greatest impact on the number of deaths averted.

Other research has suggested that the demand for antiviral treatment may be greater than 

estimated here [39]. A model of potential antiviral needs for Canada indicated that more 

than 40% of the population could seek treatment in a severe pandemic whereas our estimates 

indicated that 3–20% of the entire United States population may seek treatment. Estimates 

by Greer & Schanzer indicated that an average of 0.65–1.4 antiviral regimens per person 

could be required to meet treatment demands if 70% of all acute respiratory infections 

occurring during a pandemic presented for care and all seeking care were prescribed 

antiviral treatment since such symptoms are non-specific and can be caused by a range of 

infections other than influenza [39]. The higher estimates of antiviral demand by Greer and 

Schanzer is a result of the authors using higher estimates of care-seeking and prescription 

rates to influenza cases, more widespread distribution of antivirals to non-influenza cases 

due to treatment of those with non-influenza respiratory illness, and larger attack rates than 

our model [39]. Carrasco et al. analyzed the antiviral needs of a range of countries including 

the United States and showed that an antiviral stockpile sufficient for 25% of a country’s 

population should be maintained in order to minimize fatalities and economic costs [40]. 

Kelso et al. modeled an influenza epidemic in a small Australian town (population 30,000) 

and found that a stockpile that covered approximately 10% of the population would be 

sufficient to meet treatment needs for an epidemic with an unmitigated attack rate of 25%, if 

half of all symptomatic cases were treated within 24 hours after symptom onset, and there 

were no other interventions. However, distribution of antivirals for non-influenza ILI was 

not considered [41]. Stockpiles sufficient for 30% of the population were estimated to be 

required when 90–100% of clinical cases were treated for pandemic scenarios where the 

baseline clinical attack rate was 30–34%, though again antiviral distribution for non-

influenza ILI was not considered [42, 43].

Prior work has assessed the impact of NAI treatment against hospitalization and death 

during an influenza pandemic. Atkins et al. estimated that 8.2 million NAI regimens were 

used in the United States during the mild-moderate 2009 H1N1 pandemic and that this level 

of treatment averted 8,000–13,000 hospitalizations and 400–650 deaths [27]. The ranges for 

hospitalizations averted by these authors are consistent with the ranges we obtained for the 

low severity-low attack rate-low diagnosis and treatment scenarios (5,000–18,000 

hospitalizations averted). However, the estimated range of deaths averted for the same set of 

scenarios in our model was 5,000–14,000, far higher than the estimates of Atkins et al. 

(400–650 deaths averted) [27]. The discrepancy between the estimates appears to be largely 

due to the inclusion of inpatient treatment in our model, since Atkins et al. only modeled 

deaths occurring among inpatients and used a similar risk of death among inpatients 
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compared to the low severity estimate considered here. Additionally, we estimated that 175–

770 deaths would be averted in the low severity-low attack rate-low diagnosis and treatment 

scenarios when we included only this mechanism by which deaths can be averted, and which 

closely matches the estimates of Atkins et al. [27].

Although our model used a methodology which accounts for a variety of pandemic 

scenarios, a number of limitations warrant highlighting. Because the characteristics of a 

future influenza pandemic are unknown, uncertainty exists as to the “best” model inputs 

(e.g., healthcare-seeking behavior, possibility of antiviral resistance based on historical 

data). Consequently, we used a variety of estimates of the numbers of people seeking care 

and receiving antivirals in order to produce a range of estimates for planning purposes and 

wide ranges on other parameters including antiviral effectiveness.

Our model included several assumptions and may have produced results that overestimate 

the number of antiviral courses distributed to patients in a timely manner, particularly during 

a severe pandemic. Specifically, we assumed that anyone requiring antiviral drugs was able 

to access the medication, and that payment for product or dispensing fees were not barriers. 

Our model also assumed perfect distribution and dispensing of antivirals and does not factor 

in logistical realties/challenges of the pharmaceutical and public health supply chains. 

Additionally, while we used ranges for the proportion of cases that would likely be treated, 

we did not include provider and public sentiment about the effectiveness and desirability of 

antivirals that may positively or negatively influence uptake during a pandemic. Our model 

also assumes that anyone who needed an antiviral drug regimen would receive it, with no 

supply or distribution challenges. If accounted for, these challenges could cause the number 

of antiviral regimens actually needed in a future pandemic to be higher than the estimates 

here. Furthermore, the supply data used in our model is based on the amount of product 

available at a specific point in time. It is important to note that as supply dynamics change 

(e.g., changes in commercial manufacturing/product availability, expiration of public health 

stockpiles, changes in decisions on how much to stockpile) the amount of antiviral drugs 

that are available would change impacting these results.

Also, we may have underestimated the amount of antivirals needed for a severe pandemic 

scenario. Our model included a modest estimate of antiviral use for prophylaxis that 

accounted for 10% of the total number of antiviral regimens dispensed. As pandemic 

severity increases, it is likely that demand for prophylaxis would increase, thus impacting 

the amount of antivirals available for treatment [41, 44]. More detailed modeling of antiviral 

use and distribution strategies, including the prioritization of treatment over prophylaxis, 

could help identify ways to better match antiviral demand with supply and improve access to 

these medications [45].

Our use of a static model implicitly assumed that there is negligible effect of antiviral 

treatment on cases’ infectiousness and gives conservative estimates of the numbers of 

hospitalizations/deaths averted if there are large indirect effects. Surprisingly, it has been 

shown that oseltamivir treatment could reduce the risk of disease among a case’s contacts 

while not reducing the risk of infection (where infection was determined using viral culture 

and serological tests) [46]. Consequently, the authors of the treatment analysis have 
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recommended using only very low values of the effect of antiviral treatment on reducing 

infectiousness and further data are needed to clarify these findings [46].

Lastly, we may have under or overestimated the impact of NAIs because we assumed the 

same effect of NAI treatment across age groups and also used an average effect of NAIs 

with respect to time since symptom onset. In particular, the time between symptom onset 

and initiation of treatment may be different during a pandemic than in the studies from 

which antiviral effectiveness estimates were obtained, which could increase or decrease the 

effectiveness of antiviral treatment and consequently the number of hospitalizations and 

deaths averted. Data on the effectiveness of influenza antivirals against severe endpoints are 

limited [19, 20], as are data on how the effectiveness of treatment could vary with time since 

symptom onset [47]. Therefore, we conducted a sensitivity analysis to explore this issue by 

varying the average antiviral effectiveness over a wide range, with low effectiveness 

reflecting delayed treatment initiation and/or low susceptibility of the pandemic strain to 

treatment and high effectiveness reflecting rapid treatment and high susceptibility of the 

pandemic strain to treatment. A recent paper on the effectiveness of antiviral treatment in 

averting mortality among patients hospitalized with influenza during the 2009 H1N1 

pandemic found that the odds of death were reduced by 50% (95% CI: 23%, 63%) when 

treatment was initiated within 48 hours of symptom onset [47]. These results are consistent 

with our assumed range of antiviral effectiveness against death based on H5N1 data (range: 

23%–66%) [29] and the assumption that treatment would be initiated an average of 2 days 

after symptom onset. We found that the number of hospitalizations averted are strongly 

influenced by treatment effectiveness (380% increase in hospitalizations averted comparing 

the highest effectiveness scenario to the lowest effectiveness scenario, Figure 1), while the 

number of deaths averted were less affected by the level of antiviral effectiveness (180% 

increase in deaths averted comparing the highest effectiveness scenario to the lowest 

effectiveness scenario). This is due in part to the fact that antiviral effectiveness against 

hospitalization was varied over a 4-fold range while effectiveness against death was varied 

over approximately a 3-fold range. Notably, antiviral effectiveness had a negligible impact 

on the number of antiviral courses required to meet treatment needs.

Our model also has several strengths. We included several pandemic scenarios which 

allowed us to create a range of antiviral needs and potential treatment effects. Also, we 

based our parameter estimates on sources from the literature where possible and included an 

assessment of the most important sources of uncertainty regarding antiviral demand and the 

impact of treatment. Furthermore, we constructed the model to be simple enough to be used 

by researchers and public health practitioners with little training in such methods.

New distribution methods could help ensure the timely availability of antiviral treatment. 

For example, the implementation of nurse triage telephone lines to facilitate antiviral 

prescribing could help reduce treatment delays [48, 49] and pre-dispensing of antivirals to 

individuals at high-risk of complications from influenza has also been suggested as a means 

of ensuring timely treatment of those most at risk of severe outcomes [50]. Temporary 

vaccination clinics were used to increase coverage during the 2009 H1N1 pandemic 

vaccination campaign and such dispensing points could also be considered for antiviral 
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distribution [51]. However, we did not include these alternative distribution methods in our 

models.

Risk of death could also be affected by the demand for limited hospital beds and medical 

equipment, especially at the epidemic’s peak, which was not considered here. Our model 

does not include the possible effects of treatment on reducing onward transmission which 

could be included in future work using a dynamic model [42, 52, 53]. Additionally, the 

reader should note that our model assumes that the influenza virus causing the pandemic in 

these modeling scenarios is susceptible to antiviral treatment. Finally, antiviral resistance 

has been detected in both seasonal and pandemic influenza viruses and in avian influenza 

viruses and there is no way to predict if resistance would emerge in a future pandemic [54–

56].

As of April 2013, the United States’ antiviral supplies including stockpiles appear sufficient 

to meet treatment needs in the epidemic scenarios considered, contingent on there being 

limited NAI resistance, limited chemoprophylaxis, and modest prescribing rates for non-

influenza illness. While our analyses indicated that many hospitalizations and deaths would 

occur even with a large amount of NAI treatment during a pandemic, they suggest that any 

effect that NAI treatment may have is highly dependent upon achieving high coverage 

levels. Our findings of the limited impact of a single intervention reinforces the need to 

consider combining interventions to mitigate the severity of an influenza pandemic as 

described in prior work [53, 57–63]. In summary, these results highlight the need to develop 

strategies to educate patients and clinicians regarding early treatment benefits, maintain 

stockpiles of antiviral drugs to support preparedness efforts, improve and refine means of 

rapidly distributing and dispensing government stockpiled supplies, deploy other mitigation 

strategies concomitantly with antivirals, and develop new strategies to control influenza in 

the early stages of a pandemic.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

ACKNOWLEDGEMENTS

The authors no special funding was required for this work. The authors acknowledge helpful feedback from Dr. 
Satish Pillai on revising versions of the paper.

References

1. World Health Organization. [Accessed September 5, 2013] Human infection with influenza 
A(H7N9) virus in China. Available at: http://www.who.int/csr/don/2013_04_01/en/index.html.

2. World Health Organization. [Accessed September 5, 2013] Human infection with avian influenza 
A(H7N9) virus – update. Available at: http://www.who.int/csr/don/2013_08_11/en/index.html.

3. Li Q, Zhou L, Zhou M, et al. Preliminary Report: Epidemiology of the Avian Influenza A (H7N9) 
Outbreak in China. N Engl J Med. 2014; 370(6):520–532. [PubMed: 23614499] 

4. Qi X, Qian YH, Bao CJ, et al. Probable person to person transmission of novel avian influenza A 
(H7N9) virus in Eastern China, 2013: epidemiological investigation. BMJ. 2013; 347:f4752. 
[PubMed: 23920350] 

O’Hagan et al. Page 11

Clin Infect Dis. Author manuscript; available in PMC 2016 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.who.int/csr/don/2013_04_01/en/index.html
http://www.who.int/csr/don/2013_08_11/en/index.html


5. [Accessed September 5, 2013] HHS Pandemic Influenza Plan. Available at: http://www.flu.gov/
planning-preparedness/federal/hhspandemicinfluenzaplan.pdf.

6. Public Health Agency of Canada. The Canadian Pandemic Influenza Plan for the Health Sector. 
Available at: http://www.phac-aspc.gc.ca/cpip-pclcpi/index-eng.php. 

7. Iskander J, Strikas RA, Gensheimer KF, Cox NJ, Redd SC. Pandemic influenza planning, United 
States, 1978–2008. Emerg Infect Dis. 2013; 19(6):879–885. [PubMed: 23731839] 

8. World Health Organization. Pandemic influenza preparedness and response, WHO guidance 
document. Available at: http://www.who.int/influenza/resources/documents/
pandemic_guidance_04_2009/en/index.html

9. Fiore AE, Fry A, Shay D, Gubareva L, Bresee JS, Uyeki TM. Antiviral agents for the treatment and 
chemoprophylaxis of influenza --- recommendations of the Advisory Committee on Immunization 
Practices (ACIP). MMWR Morb Mortal Wkly Rep. 2011; 60(1):1–24.

10. Group MMoIitSHTS. Randomised trial of efficacy and safety of inhaled zanamivir in treatment of 
influenza A and B virus infections. Lancet. 1998; 352(9144):1877–1881. [PubMed: 9863784] 

11. Hayden FG, Osterhaus AD, Treanor JJ, et al. Efficacy and safety of the neuraminidase inhibitor 
zanamivir in the treatment of influenzavirus infections. GG167 Influenza Study Group. N Engl J 
Med. 1997; 337(13):874–880. [PubMed: 9302301] 

12. Hedrick JA, Barzilai A, Behre U, et al. Zanamivir for treatment of symptomatic influenza A and B 
infection in children five to twelve years of age: a randomized controlled trial. Pediatr Infect Dis J. 
2000; 19(5):410–417. [PubMed: 10819336] 

13. Lalezari J, Campion K, Keene O, Silagy C. Zanamivir for the treatment of influenza A and B 
infection in high-risk patients: a pooled analysis of randomized controlled trials. Arch Intern Med. 
2001; 161(2):212–217. [PubMed: 11176734] 

14. Monto AS, Fleming DM, Henry D, et al. Efficacy and safety of the neuraminidase inhibitor 
zanamivirin the treatment of influenza A and B virus infections. J Infect Dis. 1999; 180(2):254–
261. [PubMed: 10395837] 

15. Monto AS, Webster A, Keene O. Randomized, placebo-controlled studies of inhaled zanamivir in 
the treatment of influenza A and B: pooled efficacy analysis. J Antimicrob Chemother. 1999; 
44(Suppl B):23–29. [PubMed: 10877459] 

16. Nicholson KG, Aoki FY, Osterhaus AD, et al. Efficacy and safety of oseltamivir in treatment of 
acute influenza: a randomised controlled trial. Neuraminidase Inhibitor Flu Treatment Investigator 
Group. Lancet. 2000; 355(9218):1845–1850. [PubMed: 10866439] 

17. Treanor JJ, Hayden FG, Vrooman PS, et al. Efficacy and safety of the oral neuraminidase inhibitor 
oseltamivir in treating acute influenza: a randomized controlled trial. US Oral Neuraminidase 
Study Group. JAMA. 2000; 283(8):1016–1024. [PubMed: 10697061] 

18. Whitley RJ, Hayden FG, Reisinger KS, et al. Oral oseltamivir treatment of influenza in children. 
Pediatr Infect Dis J. 2001; 20(2):127–133. [PubMed: 11224828] 

19. Hsu J, Santesso N, Mustafa R, et al. Antivirals for treatment of influenza: a systematic review and 
meta-analysis of observational studies. Ann Intern Med. 2012; 156(7):512–524. [PubMed: 
22371849] 

20. Muthuri SG, Myles PR, Venkatesan S, Leonardi-Bee J, Nguyen-Van-Tam JS. Impact of 
neuraminidase inhibitor treatment on outcomes of public health importance during the 2009–2010 
influenza A(H1N1) pandemic: a systematic review and meta-analysis in hospitalized patients. J 
Infect Dis. 2013; 207(4):553–563. [PubMed: 23204175] 

21. Reed C, Biggerstaff M, Finelli L, et al. Novel framework for assessing epidemiologic effects of 
influenza epidemics and pandemics. Emerg Infect Dis. 2013; 19(1):85–91. [PubMed: 23260039] 

22. Meltzer MI, Gambhir M, Atkins CY, et al. Introduction and standardizing scenarios to assess the 
needs to respond to an influenza pandemic. Clin Infect Dis. 2014 [this supplement]. 

23. Foy HM, Cooney MK, Allan I. Longitudinal studies of types A and B influenza among Seattle 
schoolchildren and families, 1968–74. J Infect Dis. 1976; 134(4):362–369. [PubMed: 978003] 

24. Welliver R, Monto AS, Carewicz O, et al. Effectiveness of oseltamivir in preventing influenza in 
household contacts: a randomized controlled trial. JAMA. 2001; 285(6):748–754. [PubMed: 
11176912] 

O’Hagan et al. Page 12

Clin Infect Dis. Author manuscript; available in PMC 2016 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.flu.gov/planning-preparedness/federal/hhspandemicinfluenzaplan.pdf
http://www.flu.gov/planning-preparedness/federal/hhspandemicinfluenzaplan.pdf
http://www.phac-aspc.gc.ca/cpip-pclcpi/index-eng.php
http://www.who.int/influenza/resources/documents/pandemic_guidance_04_2009/en/index.html
http://www.who.int/influenza/resources/documents/pandemic_guidance_04_2009/en/index.html


25. Biggerstaff M, Jhung M, Kamimoto L, Balluz L, Finelli L. Self-reported influenza-like illness and 
receipt of influenza antiviral drugs during the 2009 pandemic, United States, 2009–2010. Am J 
Public Health. 2012; 102(10):e21–e26. [PubMed: 22897525] 

26. Biggerstaff M, Jhung MA, Reed C, Fry AM, Balluz L, Finelli L. Influenza-like illness, the time to 
seek healthcare, and influenza antiviral receipt during the 2010–11 influenza season -- United 
States. J Infect Dis. 2014; 210(4):535–544. [PubMed: 24731959] 

27. Atkins CY, Patel A, Taylor TH Jr, et al. Estimating effect of antiviral drug use during pandemic 
(H1N1) 2009 outbreak, United States. Emerg Infect Dis. 2011; 17(9):1591–1598. [PubMed: 
21888783] 

28. Hernan MA, Lipsitch M. Oseltamivir and risk of lower respiratory tract complications in patients 
with flu symptoms: a meta-analysis of eleven randomized clinical trials. Clin Infect Dis. 2011; 
53(3):277–279. [PubMed: 21677258] 

29. Adisasmito W, Chan PK, Lee N, et al. Effectiveness of antiviral treatment in human influenza 
A(H5N1) infections: analysis of a Global Patient Registry. J Infect Dis. 2010; 202(8):1154–1160. 
[PubMed: 20831384] 

30. Lessler J, Reich NG, Brookmeyer R, Perl TM, Nelson KE, Cummings DA. Incubation periods of 
acute respiratory viral infections: a systematic review. Lancet Infect Dis. 2009; 9(5):291–300. 
[PubMed: 19393959] 

31. Fry AM, Shay DK, Holman RC, Curns AT, Anderson LJ. Trends in hospitalizations for pneumonia 
among persons aged 65 years or older in the United States, 1988–2002. JAMA. 2005; 294(21):
2712–2719. [PubMed: 16333006] 

32. Jackson ML, Neuzil KM, Thompson WW, et al. The burden of community-acquired pneumonia in 
seniors: results of a population-based study. Clin Infect Dis. 2004; 39(11):1642–1650. [PubMed: 
15578365] 

33. Williams BG, Gouws E, Boschi-Pinto C, Bryce J, Dye C. Estimates of world-wide distribution of 
child deaths from acute respiratory infections. Lancet Infect Dis. 2002; 2(1):25–32. [PubMed: 
11892493] 

34. Emergency Compounding of an Oral Suspension from Tamiflu Capsules. Available at: http://
www.fda.gov/downloads/Drugs/DrugSafety/InformationbyDrugClass/UCM147992.pdf.

35. Nicholson KG, Abrams KR, Batham S, et al. Randomised controlled trial and health economic 
evaluation of the impact of diagnostic testing for influenza, respiratory syncytial virus and 
Streptococcus pneumoniae infection on the management of acute admissions in the elderly and 
high-risk 18- to 64-year-olds. Health Technol Assess. 2014; 18(36):1–274. vii–viii. [PubMed: 
24875092] 

36. Falagas ME, Vouloumanou EK, Baskouta E, Rafailidis PI, Polyzos K, Rello J. Treatment options 
for 2009 H1N1 influenza: evaluation of the published evidence. Int J Antimicrob Agents. 2010; 
35(5):421–430. [PubMed: 20185273] 

37. Fielding JE, Bergeri I, Higgins N, et al. The spread of influenza A(H1N1)pdm09 in Victorian 
school children in 2009: implications for revised pandemic planning. PLoS One. 2013; 
8(2):e57265. [PubMed: 23468949] 

38. Viasus D, Pano-Pardo JR, Pachon J, et al. Timing of oseltamivir administration and outcomes in 
hospitalized adults with pandemic 2009 influenza A(H1N1) virus infection. Chest. 2011; 140(4):
1025–1032. [PubMed: 21415133] 

39. Greer AL, Schanzer D. Using a Dynamic Model to Consider Optimal Antiviral Stockpile Size in 
the Face of Pandemic Influenza Uncertainty. PLoS One. 2013; 8(6):e67253. [PubMed: 23805303] 

40. Carrasco LR, Lee VJ, Chen MI, Matchar DB, Thompson JP, Cook AR. Strategies for antiviral 
stockpiling for future influenza pandemics: a global epidemic-economic perspective. J R Soc 
Interface. 2011; 8(62):1307–1313. [PubMed: 21296791] 

41. Kelso JK, Halder N, Milne GJ. The impact of case diagnosis coverage and diagnosis delays on the 
effectiveness of antiviral strategies in mitigating pandemic influenza A/H1N1 2009. PLoS One. 
2010; 5(11):e13797. [PubMed: 21072188] 

42. Ferguson NM, Cummings DA, Fraser C, Cajka JC, Cooley PC, Burke DS. Strategies for mitigating 
an influenza pandemic. Nature. 2006; 442(7101):448–452. [PubMed: 16642006] 

O’Hagan et al. Page 13

Clin Infect Dis. Author manuscript; available in PMC 2016 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.fda.gov/downloads/Drugs/DrugSafety/InformationbyDrugClass/UCM147992.pdf
http://www.fda.gov/downloads/Drugs/DrugSafety/InformationbyDrugClass/UCM147992.pdf


43. van Genugten ML, Heijnen ML, Jager JC. Pandemic influenza and healthcare demand in the 
Netherlands: scenario analysis. Emerg Infect Dis. 2003; 9(5):531–538. [PubMed: 12737735] 

44. Germann TC, Kadau K, Longini IM Jr, Macken CA. Mitigation strategies for pandemic influenza 
in the United States. PNAS. 2006; 103(15):5935–5940. [PubMed: 16585506] 

45. Dimitrov NB, Goll S, Hupert N, Pourbohloul B, Meyers LA. Optimizing tactics for use of the U.S. 
antiviral strategic national stockpile for pandemic influenza. PLoS One. 2011; 6(1):e16094. 
[PubMed: 21283514] 

46. Yang Y, Halloran ME, Longini IM Jr. A Bayesian model for evaluating influenza antiviral efficacy 
in household studies with asymptomatic infections. Biostatistics. 2009; 10(2):390–403. [PubMed: 
19202152] 

47. Muthuri SG, Venkatesan S, Myles PR, et al. Effectiveness of neuraminidase inhibitors in reducing 
mortality in patients admitted to hospital with influenza A H1N1pdm09 virus infection: a meta-
analysis of individual participant data. Lancet Respir Med. 2014; 2(5):395–404. [PubMed: 
24815805] 

48. Koonin LM, Hanfling D. Broadening access to medical care during a severe influenza pandemic: 
the CDC nurse triage line project. Biosecur Bioterror. 2013; 11(1):75–80. [PubMed: 23458098] 

49. North F, Varkey P, Bartel GA, Cox DL, Jensen PL, Stroebel RJ. Can an office practice telephonic 
response meet the needs of a pandemic? Telemed J E Health. 2010; 16(10):1012–1016. [PubMed: 
21058892] 

50. Goldstein E, Miller JC, O'Hagan JJ, Lipsitch M. Pre-dispensing of antivirals to high-risk 
individuals in an influenza pandemic. Influenza Other Respir Viruses. 2010; 4(2):101–112. 
[PubMed: 20167050] 

51. Saha S, Dean B, Teutsch S, et al. Efficiency of points of dispensing for influenza A(H1N1)pdm09 
vaccination, Los Angeles County, California, USA, 2009. Emerg Infect Dis. 2014; 20(4):590–595. 
[PubMed: 24656212] 

52. Black AJ, House T, Keeling MJ, Ross JV. Epidemiological consequences of household-based 
antiviral prophylaxis for pandemic influenza. J R Soc Interface. 2013; 10(81):20121019. [PubMed: 
23389899] 

53. Halloran ME, Ferguson NM, Eubank S, et al. Modeling targeted layered containment of an 
influenza pandemic in the United States. PNAS. 2008; 105(12):4639–4644. [PubMed: 18332436] 

54. Centers for Disease Control and Prevention. [Accessed November 18 2013] Influenza Antiviral 
Drug Resistance. Available at: http://www.cdc.gov/flu/about/qa/antiviralresistance.htm.

55. World Health Organization. [Accessed November 11, 2013] Pandemic (H1N1) 2009 - update 66. 
Available at: http://www.who.int/csr/don/2009_09_18/en/index.html.

56. Kageyama T, Fujisaki S, Takashita E, et al. Genetic analysis of novel avian A(H7N9) influenza 
viruses isolated from patients in China, February to April 2013. Euro Surveill. 2013; 18(15):
20453. [PubMed: 23594575] 

57. Blasio BF, Iversen BG, Tomba GS. Effect of vaccines and antivirals during the major 2009 
A(H1N1) pandemic wave in Norway--and the influence of vaccination timing. PLoS One. 2012; 
7(1):e30018. [PubMed: 22253862] 

58. Greer AL. Can informal social distancing interventions minimize demand for antiviral treatment 
during a severe pandemic? BMC Public Health. 2013; 13(1):669. [PubMed: 23866760] 

59. Halder N, Kelso JK, Milne GJ. Cost-effective strategies for mitigating a future influenza pandemic 
with H1N1 2009 characteristics. PLoS One. 2011; 6(7):e22087. [PubMed: 21760957] 

60. Kelso JK, Halder N, Postma MJ, Milne GJ. Economic analysis of pandemic influenza mitigation 
strategies for five pandemic severity categories. BMC Public Health. 2013; 13:211. [PubMed: 
23496898] 

61. Lee VJ, Lye DC, Wilder-Smith A. Combination strategies for pandemic influenza response - a 
systematic review of mathematical modeling studies. BMC Med. 2009; 7:76. [PubMed: 20003249] 

62. Milne GJ, Halder N, Kelso JK. The cost effectiveness of pandemic influenza interventions: a 
pandemic severity based analysis. PLoS One. 2013; 8(4):e61504. [PubMed: 23585906] 

63. Department of Health and Human Services & Centers for Disease Control and Prevention. 
[Accessed September 26, 2013] Interim Pre-pandemic Planning Guidance: Community Strategy 
for Pandemic Influenza Mitigation in the United States - Early, Targeted, Layered Use of 

O’Hagan et al. Page 14

Clin Infect Dis. Author manuscript; available in PMC 2016 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.cdc.gov/flu/about/qa/antiviralresistance.htm
http://www.who.int/csr/don/2009_09_18/en/index.html


Nonpharmaceutical Interventions. Available at: http://www.flu.gov/planning-preparedness/
community/community_mitigation.pdf.

64. Centers for Disease Control and Prevention, National Center for Health Statistics. [Accessed 
September 10, 2013] Underlying Cause of Death 1999–2010 on CDC WONDER Online Database, 
released 2012. Data are from the Multiple Cause of Death Files, 1999–2010, as compiled from 
data provided by the 57 vital statistics jurisdictions through the Vital Statistics Cooperative 
Program. Available at: http://wonder.cdc.gov/ucd-icd10.html.

O’Hagan et al. Page 15

Clin Infect Dis. Author manuscript; available in PMC 2016 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.flu.gov/planning-preparedness/community/community_mitigation.pdf
http://www.flu.gov/planning-preparedness/community/community_mitigation.pdf
http://wonder.cdc.gov/ucd-icd10.html


Figure 1. Impact of variables on number of antiviral courses used, hospitalizations averted, and 
deaths averted compared to baseline scenario (20% attack rate-low severity-low treatment level-
low antiviral effectiveness scenario)
Dx & Rx Rate = combined diagnosis and treatment rate for medically attended, symptomatic 

outpatients (low: 15%; high: 70%) and inpatients (low: 50%; high: 100%).

Attack rate = clinical attack rate (low: 20% of US population; high: 30% of US population).

Severity = risk of hospitalization per clinical case (low: 1.05%; high: 4%) and risk of death 

per clinical case (outpatients - low: 0.02%; high: 0.11%; inpatients - low: 6.2%; high: 9.7%).

AVE = average antiviral effectiveness against hospitalization (low: 11%; high: 42%) and 

death (low: 23%; high: 66%).

*: The effect of antiviral effectiveness on the number of antiviral regimens dispensed is too 

small to be presented on the graph.

To determine which factors had the greatest influence on the main outcomes (i.e., antiviral 

usage, hospitalizations averted, deaths averted), we varied each of the 4 main variables 

(diagnosis and treatment rates, attack rate, severity, antiviral effectiveness) one at a time 

over their full uncertainty range and recorded their impact. As an example, a value of 5 for 

the effect of ‘Antiviral Effectiveness (AVE)’ on hospitalizations averted can be interpreted 

as an expected 5-fold increase in the number of hospitalizations averted when the antiviral 

effectiveness was varied from its lowest values (11% against hospitalization, 23% against 

death) to its highest values (42% against hospitalization, 66% against death) and the other 

variables (Dx & Rx Rate, Attack Rate, Severity) were left at their lower bound values.

See Table 1 and Methods section for further description of scenarios and parameter values.

O’Hagan et al. Page 16

Clin Infect Dis. Author manuscript; available in PMC 2016 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2. Cumulative antiviral demand in US for hypothetical, high-severity pandemic influenza 
scenarios
CAR = clinical attack rate (% of US population with clinical influenza illness over entire 

pandemic)

High Rx = high level of diagnosis and treatment for inpatients (100% treated) and medically 

attended, symptomatic outpatients (70% treated)

Low Rx = low level of diagnosis and treatment for inpatients (50% treated) and medically 

attended, symptomatic outpatients (15% treated)

Federal SNS Stockpile = number of courses in federal strategic national stockpile (68 

million)

Total regimens = total number of courses in federal strategic national stockpile, state 

stockpiles, and commercial sources (104 million)

Solid blue line: 30% clinical attack rate, high level of antiviral diagnosis and treatment; 

dashed blue line: 30% clinical attack rate, low level of antiviral diagnosis and treatment; 

solid red line: 20% clinical attack rate, high level of antiviral diagnosis and treatment; 

dashed red line: 20% clinical attack rate, low level of antiviral diagnosis and treatment; 

dashed black line: number of antiviral courses in Federal strategic national stockpile; dashed 

green line: combined number of courses in federal strategic national stockpile, state 

stockpiles, and commercial sources.

The lower bound of treatment effectiveness was used in obtaining results since these values 

resulted in slightly more antiviral courses being required and so are conservative when 

assessing the adequacy of stockpiles (see Figure 1 and Results). See Table 1 and Methods 

section for further description of scenarios and parameter values.
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Figure 3. Cumulative antiviral demand in US for hypothetical, low-severity pandemic influenza 
scenarios
CAR = clinical attack rate (% of US population with clinical influenza illness over entire 

pandemic)

High Rx = high level of diagnosis and treatment for inpatients (100% treated) and medically 

attended, symptomatic outpatients (70% treated)

Low Rx = low level of diagnosis and treatment for inpatients (50% treated) and medically 

attended, symptomatic outpatients (15% treated)

Federal SNS Stockpile = number of courses in federal strategic national stockpile (68 

million)

Total regimens = total number of courses in federal strategic national stockpile, state 

stockpiles, and commercial sources (104 million)

Solid blue line: 30% clinical attack rate, high level of antiviral diagnosis and treatment; 

dashed blue line: 30% clinical attack rate, low level of antiviral diagnosis and treatment; 

solid red line: 20% clinical attack rate, high level of antiviral diagnosis and treatment; 

dashed red line: 20% clinical attack rate, low level of antiviral diagnosis and treatment; 

dashed black line: number of antiviral courses in Federal strategic national stockpile; dashed 

green line: combined number of courses in federal strategic national stockpile, state 

stockpiles, and commercial sources.

The lower bound of treatment effectiveness was used in obtaining results since these values 

result in slightly more antiviral courses being required and so are conservative when 
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assessing the adequacy of stockpiles (see Figure 1 and Results). See Table 1 and Methods 

section for further description of scenarios and parameter values.
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Table 1

Input values used to estimate the demand for neuraminidase inhibitors and effect of treatment on 

hospitalization and death for hypothetical influenza pandemic scenarios

Parameter Value Reference

Number of influenza infections in each age-group (0–9, 10–19, 20–59, ≥60 
years)

20% AR (millions)1: 17.8, 25.4, 
70.4, 13.8
30% AR (millions)1: 26.1, 33.8, 
105.4, 22.7

[22]

% of influenza infections that are symptomatic 50% [23, 24]

% symptomatic who seek care in each age-group (0–9, 10–19, 20–59, ≥60 
years)

Low severity: 60%, 60%, 50%, 
60%
High severity: 70%, 60%, 50%, 
70%

Assumed in line with 
[25, 26]

% outpatients diagnosed as having influenza & prescribed NAIs2 15%, 70% Assumed in line with 
[25, 26]

% inpatients diagnosed as having influenza & prescribed NAIs2 50%, 100% Assumed

Prescription of NAIs for non-influenza ILI as a % of those receiving NAIs 
for influenza

40% Assumed

Number receiving chemoprophylaxis3 10% of the total number of 
antiviral regimens dispensed

Assumed in line with 
[27]

Proportion non-adherent to course (or saving for personal stockpile) 20% Assumed in line with 
[27]

Hospitalization risk Low severity: 1.05%
High severity: 4%

[22]

Mortality risk among hospitalized cases4 Low severity: 6.24%
High severity: 9.76%

Based on [22]

Mortality risk among outpatients4 Low severity: 0.02%
High severity: 0.11%

Based on [22]

Antiviral effectiveness (AVE) on hospitalization5 Low effect: 11%
High effect: 42%

[28]

Antiviral effectiveness (AVE) on death Low effect: 23%
High effect: 66%

[29]

Average number regimens used per outpatient receiving treatment 1 Assumed

Average number regimens used per inpatient receiving treatment 2 Assumed

Incubation period 1.4 days [30]

AR = attack rate; NAI = neuraminidase inhibitors; ILI = influenza-like illness.

1
The numbers of infections were obtained from the output of a transmission-dynamic model described in Meltzer et al. [22] The numbers are for 

total infections and must be multiplied by the proportion symptomatic to get the number clinically ill in each age-group.

2
The “low diagnosis and treatment scenario” uses the lower estimates while the “high diagnosis and treatment scenario” uses the upper estimates.

3
The total number of antiviral courses dispensed for patients with influenza and non-influenza illness was multiplied by 10/9 so that 10% of the 

final number of regimens distributed would be disseminated for chemoprophylaxis in line with previous work [27]. A multiplier of 10/9 ensures 
that 90% (i.e., 9/10) of the final number of regimens distributed corresponds to the number of regimens used for influenza and non-influenza 
illness, resulting in 10% used for chemoprophylaxis.

4
The case fatality rate was dichotomized into risks of death for outpatients and hospitalized cases so that the effects of treatment among these 2 

groups could be better assessed. See the Supplementary Material for details of calculations.

5
The antiviral effectiveness against hospitalization was assumed to be the same as the effect against lower respiratory tract complications requiring 

antibiotic treatment [28]. Pneumonia and other LRTI cause substantial hospitalizations and are a leading cause of death [31–33].
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