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Abstract

The identification of key “driver” groups in influenza epidemics is of much interest for the 

implementation of effective public health response strategies, including vaccination programs. 

However, the relative importance of different age groups in propagating epidemics is uncertain.

During a communicable disease outbreak, some groups may be disproportionately represented 

during the outbreak’s ascent due to increased susceptibility and/or contact rates. Such groups or 

subpopulations can be identified by considering the proportion of cases within the subpopulation 

occurring before (Bp) and after the epidemic peak (Ap) to calculate the subpopulation’s relative 

risk, RR=Bp/Ap. We estimated RR for several subpopulations (age groups) using data on 

laboratory-confirmed US influenza hospitalizations during epidemics between 2009–2014. 

Additionally, we simulated various influenza outbreaks in an age-stratified population, relating the 

RR to the impact of vaccination in each subpopulation on the epidemic’s initial effective 

reproductive number R_e(0).

We found that children aged 5–17 had the highest estimates of RR during the five largest 

influenza A outbreaks, though the relative magnitude of RR in this age group compared to other 

age groups varied, being highest for the 2009 A/H1N1 pandemic. For the 2010–2011 and 2012–

2013 influenza B epidemics, adults aged 18–49, and 0–4 year-olds had the highest estimates of RR 

respectively.

For 83% of simulated epidemics, the group with the highest RR was also the group for which 

initial distribution of a given quantity of vaccine would result in the largest reduction of R_e(0). In 
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the largest 40% of simulated outbreaks, the group with the highest RR and the largest vaccination 

impact was children 5–17.

While the relative importance of different age groups in propagating influenza outbreaks varies, 

children aged 5–17 play the leading role during the largest influenza A epidemics. Extra 

vaccination efforts for this group may contribute to reducing the epidemic’s impact in the whole 

community.

Introduction

The relative importance of different age cohorts in driving influenza epidemics is not fully 

understood. One reason for this is the lack of consensus on what makes an age group 

“important” in transmission, and how this should be quantified. School age children (aged 

5–17) were found to have experienced the highest influenza attack rate during the 2009 A/

H1N1 pandemic [1], as well as during certain influenza seasons prior to the pandemic [2], 

though for other seasons, age-specific attack rates for influenza A infection were relatively 

similar for different age groups [3]. Studies have shown that influenza transmission 

decreases during school closure periods [4] and increases when schools are opened [5], 

suggesting the importance of schoolchildren in propagating influenza. However, estimates 

of the magnitude of change in transmission dynamics of influenza during time periods when 

schools are open vs. periods when they are closed are variable [6,7]. Studies based on 

transmission modeling have also suggested the key role of school age children in driving 

influenza epidemics [8,9]. However, conclusions of those studies hinge on certain 

assumptions behind transmission models that are rarely calibrated against data from specific 

influenza seasons, particularly in the non-pandemic context. Earlier peaks of influenza 

epidemics in younger age groups have been documented, but their interpretation has been 

controversial. In one study [10], they were cited as evidence of the importance of these 

groups in transmission, yet it has been argued on the contrary [11] that small magnitude of 

the differences in peak times in different age groups “casts doubt on the hypothesis that 

younger school-age children actually lead influenza epidemic waves”. One could further 

counter that assertion, suggesting that transmission in different age groups is strongly 

interconnected, leading to so-called “slaved” dynamics in which incidence grows at a similar 

rate in all age groups [12]. In this scenario, the peak incidence in the driver groups – that is, 

groups for which depletion of susceptibles has the largest relative impact on the epidemic’s 

reproductive number [13,14] – corresponds with peak incidence in the community.

In previous work [13] we defined a measure of the importance of a particular age (or other 

demographic) group as follows: importance in transmission is proportional to the (negative) 

change in the epidemic’s effective reproductive number that would result from successfully 

immunizing a small, fixed number of persons randomly chosen from within this group. 

While this definition is clearly relevant to vaccination policies (vaccinating the most 

“important” groups yields the highest impact on the epidemic’s dynamics in the whole 

community), estimating the potential impact of vaccination for a particular epidemic is quite 

difficult due to a variety of data limitations. Here, we hypothesized that a simple, heuristic 

but precisely defined measure that is readily estimated for each age group from age-stratified 

epidemiologic data would be highly predictive of importance defined above, and that it 
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should in general be possible to estimate relative importance of different groups in driving 

transmission of an infection even when probabilities of case-reporting vary systematically 

across groups, a common feature in surveillance data. This measure, which for influenza can 

be estimated separately for each of the circulating (sub) types, A/H1, A/H3 and B, is a 

simple relative risk (RR) of cases in a particular age group before the peak of the epidemic 

compared to after the peak of the epidemic. The rationale for this choice is the idea that the 

key age groups in transmission will experience a disproportionate depletion of susceptible 

individuals (attack rates) relative to the whole population during the ascent stages of 

influenza epidemics. This would translate into a lower proportion of such age groups in 

overall influenza incidence (or other influenza-associated outcomes that can be measured 

from data) during the descent stages of epidemics.

Estimating incidence of influenza infections in different age groups before and after the 

epidemic peak is challenging with the available data. At the same time, our proposed 

summary statistic RR requires only the relative change in such incidence before vs. after the 

epidemic peak. This relative change can be assessed by considering the corresponding 

relative change for a surrogate measure (proxy) of influenza incidence. Such a proxy would 

need to represent a fixed (but not necessarily high) proportion of the true incidence during 

those periods (Supporting Information). This requires high specificity, which, for example, 

precludes the ILI data stream from serving as such proxy because the frequency of other 

conditions causing a nonspecific diagnosis like ILI will change through the season. It does 

not require high sensitivity, only time-invariant (or more precisely, equally time-varying) 

sensitivity for each age group. In our analysis, such a proxy is provided by laboratory-

confirmed, (sub)typed influenza hospitalizations in the Influenza Surveillance 

Hospitalization Network (FluSurv-NET). Importantly, interpreting this statistic does not 

require prior knowledge of either the overall or the group-dependent reporting rate (in this 

instance, case-hospitalization rate). This means that when laboratory-confirmed 

hospitalizations, representing only a small, age-specific fraction of all incident cases, are 

used as a surrogate measure of infections for the estimation of RR, it will estimate the 

importance of particular age groups in transmitting infection.

Here we report the estimation of the RR from data on laboratory-confirmed US influenza 

hospitalizations during epidemics associated with influenza A/H1N1, A/H3N2 and B 

between 2009–2014. This recent period is particularly interesting as influenza vaccination 

coverage rates have increased following the 2009 pandemic, at least in the US, potentially 

resulting in different distributions of susceptibility compared to what has taken place in the 

pre-pandemic period, and the impact of that on the relative roles of the different age groups 

has not been assessed in the literature. We then go on to test the hypothesis that the group 

identified as most important by the RR statistic is predictably the one with the highest 

importance by our definition -- the group for which immunization of a fixed number of 

persons would cause the greatest reduction in the reproduction number of the epidemic in 

the population as a whole. In order to investigate this correspondence, we simulated 

influenza epidemics in an age-stratified population with contact rates between the age 

groups borrowed from the POLYMOD study [15] and explored a variety of scenarios for the 
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relative susceptibility to infection for the different age groups to reflect the diversity of 

influenza epidemics.

Materials and Methods

Data

We used the Influenza Surveillance Hospitalization Network (FluSurv-NET) data for the 

2009 pandemic and the 2010–2011 through 2012–2013 influenza seasons collected between 

October-April (with no data on sub-typing of influenza A hospitalizations available prior to 

2009). This network conducted population-based influenza-associated hospitalization 

surveillance in over 80 selected counties located in California, Colorado, Connecticut, 

Georgia, Idaho, Maryland, Michigan, Minnesota, New York, Oklahoma, Ohio, Oregon, 

Rhode Island, Tennessee and Utah. The surveillance area encompassed a total of 276 

reporting hospitals serving over 29 million children and adults and representing about 9% of 

the US population. Laboratory testing for influenza was ordered at the discretion of 

clinicians providing clinical care. Laboratory confirmation was defined as a positive result 

from viral culture, direct or indirect fluorescent antibody staining, rapid antigen test, or 

reverse transcription polymerase chain reaction (rt-PCR). Aggregate hospitalization counts 

were used in the study.

This activity was determined to be routine public health surveillance by the US Centers for 

Disease Control and Prevention and by state and local institutional review boards and no 

informed consent from the participants was sought. This study, based on the analysis of 

aggregated existing data, was determined to be not “Human Subjects Research”.

Hospitalization data analysis

For each season and influenza (sub)type, we determine the periods before and after the peak 

of that (sub)type’s epidemic as follows: For each age group g (g = 1,‥,5) and week t, let 

 be the counts for the number of confirmed hospitalizations in that group on 

that week with the (sub)types A/H1N1, A/H3N2, and B respectively, and  be the 

number of un-subtyped influenza A hospitalizations. We estimate the number of 

hospitalizations due to influenza A/H1N1 in a group g on week t as

(1)

with a similar correction for A/H3N2. For influenza B, . To estimate the 

epidemic’s ascent and descent periods we address the potentially disproportionate impact of 

the elderly (aged 65+) on hospitalizations compared to their share in incidence by looking at 

the peak of the weekly hospitalizations among the four non-elderly age groups, defining the 

before and after the peak periods correspondingly. The total number of nonelderly 

hospitalizations for (sub)type S on week t is
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The peak week for each subtype is defined as the week tp for which  is maximal. To 

account for the uncertainty of the peak week due to noise in the data, and to avoid 

misclassification of counts as before or after-the-peak, we excluded weeks tp − 1 and tp + 1, 

and define the period before the peak to be weeks up to tp − 2 (inclusive), and the period 

after the peak are weeks starting tp + 2.

The estimation of RR (described below for an influenza A (sub)type) is performed as 

follows. We assume that the actual number of infected cases in each age group due to each 

subtype is large, and the probability of resulting in a confirmed hospitalization is small, with 

the number of detected hospitalizations well approximated by a Poisson variable. Moreover 

for each hospitalization in the surveillance system in the chosen age group, there is a 

probability pg for this hospitalization to be subtyped, and we assume that this probability is 

the same for both influenza A subtypes (further details in the Discussion). The observed 

counts for the number of hospitalizations in a group g due to the chosen influenza A 

subtype, the other subtype and the un-subtyped ones are therefore independent and Poisson 

distributed with means

Here  are the Poisson parameters, proportional to incidence rates due to the chosen 

subtype and the other subtype in the age group g. The estimation for  is performed in 

a Bayesian framework, with posterior samples for those parameters for the periods before 

and after the epidemic peak in different age groups used to produce a posterior sample of 

estimates of RR for each age group for which the mean and the 95% credible interval are 

reported. More details are provided in the Supporting Information. We note here that the 

point estimates on RR obtained (Tables 1–3) are virtually identical to the “intuitive” estimate 

one would get using the hospitalization rates given by eq. 1. The purpose of this more 

elaborate procedure is to produce appropriate uncertainty estimates for the composite 

parameters of interest. We also note (see Supporting Information) that the relative 

magnitudes of the RR estimates for the different age groups are independent of (the age-

specific) case hospitalization rates.

Simulations

We simulated influenza outbreaks in a stratified population with 5 age groups (0–4,5–17,18–

49,50–64,65+). Transmission dynamics is modeled in the stratified mass action SIR 

framework. Contacts between the different age groups (strata) are described by a symmetric 

matrix C = (cij), where cij is the average number of contacts per unit of time (day) between a 

pair of individuals in strata i and j. We estimate the matrix C using the POLYMOD study 

data [15], averaging out the estimates for eight European countries. Additionally, for each 

age group i, we have
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A. Population size ni (extracted from http://wonder.cdc.gov/Bridged-Race-v2013. 

HTML)

B. Time-varying number of susceptible individuals hi (t), with hi = hi (0) being the 

initial number of susceptibles.

C. Individual relative susceptibility si ≤ 1 (per contact with an infected individual) for 

each susceptible individual in stratum i (with si = 1 indicating the maximal possible 

susceptibility).

Based on previous work [27], we assume that infectivity is age-independent. The rate of 

infection between an infected individual in stratum j and all of stratum i at time t is then

(2)

with the constant λ fixed as described below. The natural history of influenza is assumed to 

have an exponential distribution for the serial interval with a mean of 2.6 days [16]. As such, 

the initial next generation matrix is

(3)

and its leading eigenvalue is the initial effective reproductive number Re (0).

The average initial susceptibility in age group i is . We consider three possibilities 

for the distribution of susceptibility in each age group:

• SD1. Uniform: . Everyone in stratum i is equally susceptible with 

susceptibility si.

•
SD2. All-or-nothing: si = 1. A fraction  of individuals in stratum i is fully 

susceptible, the rest have zero susceptibility.

• SD3. Balanced . This is an intermediate scenario between SD1 and SD2 

where a fraction  of individuals in stratum i has susceptibility , the 

rest have zero susceptibility.

We present the results for the intermediate scenario SD3 in the main body of the text, with 

the results for distributions SD1 and SD2 deferred to the Supporting Information.

Results of the hospitalizations data analysis suggest that the highest estimate of RR for the 

different epidemics belongs to one the first three age groups (0–4, 5–17, 18–49), while the 

lowest estimate (both on average, as well as for all influenza A epidemics) belongs to the 

elderly (aged 65+), followed by individuals aged 50–64. Motivated by those results, we 

consider the following 53 = 125 scenarios for the average initial susceptibilities in the 

different age groups:

(4)
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We fix λ in eq. 2 so that Re (0) = 1.35 when  (the largest possible Re (0) 

corresponding to the largest allowed average initial susceptibilities). Any scenario given by 

eq. 4 in which the epidemic doesn’t take off (Re (0) ≤ 1) is ignored. Otherwise, we compute 

the relative risks RRi for cases during the ascent vs. descent stages of the simulated outbreak 

for each age group i. Additionally, we compute, for each age group i, the relative reduction 

of the value of the initial effective reproductive number Re (0) if vaccine of quantity q 

equaling 2% of the US population is given entirely to group i. In the main body of the text 

we present those results for a perfect vaccine (offering complete protection of the vaccinated 

individual). While that does not reflect the reality of influenza vaccination, perfect vaccine 

amounts to removing individuals from the transmission process, and the group for which a 

fixed quantity of a perfect vaccine has the largest impact on Re (0) can be thought of as 

having the largest relative impact on propagating the epidemic during its initial stages. In the 

Supporting information, we exhibit the corresponding results for a leaky vaccine whose 

efficacy (reduction in the susceptibility of each vaccinated individual) is assumed to be 60% 

for the non-elderly and 50% for the elderly (those numbers reflect the average estimates of 

vaccine efficacy for influenza A and B epidemics during the recent years).

Results

Hospitalization data: identifying the age group with the highest RR by influenza (sub)type 
and year

Tables 1–3 give estimates for RR for various age groups, influenza (sub)types and seasons. 

Combinations of season/(sub)type for which hospitalization counts had been very low were 

excluded from the analysis. For epidemics associated with influenza A subtypes, children 5–

17 had the highest estimates of RR among all age groups for the five largest epidemics 

during the time period under study (as assessed by combining data on influenza-like illness 

consultations with data on the percentages of respiratory specimens testing positive for a 

particular (sub)type, http://www.cdc.gov/flu/weekly/pastreports.htm): 2009 A/H1N1, 2012–

2013 A/H3N2, 2013–2014 A/H1N1, 2010–2011 A/H3N2 and the 2010–2011 A/H1N1 

epidemics. Adults aged 50–64 and 65+ had the lowest estimates of RR except for the small, 

2011–2012 A/H3N2 epidemic. For influenza B outbreaks, children 0–4 had the highest 

estimate of RR (1.32 (1.08,1.61)) during the 2012–2013 epidemic, while adults 18–49 had 

the highest RR during the 2010–2011 epidemic (RR=1.43 (1.09,1.85)).

Simulations

The results of simulations described in the Methods for the balanced susceptibility 

distribution SD3 are displayed in Figure 1. The symbol in each square indicates whether the 

group with the highest RR and the group for which distribution of a perfect vaccine would 

have the largest impact on Re (0) are both children 5–17, or both children 0–4, or are 

different from one another. Tables S1–S3 in the Supplementary Information provide the 

numerical estimates of RR and reduction in Re (0) for each group under each scenario. 

Results for susceptibility distributions SD1 and SD2 were similar, and are provided in the 

Supporting information (Figures S1 and S2, tables S4–S9).
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Among the different scenarios involving varying susceptibility distributions and levels of 

susceptibility in the younger age groups (0–4, 5–17, 18–49) a total of 255 epidemics took off 

(Re (0) > 1). For 233 (91%) of those epidemics, children 5–17 had the highest RR. For 214 

(84%) of those epidemics, the group with the highest RR was also the group for which 

distribution of a perfect vaccine (offering complete protection to a vaccinated individual) 

quantity equaling 2% of the US population would have the highest impact on the reduction 

of Re (0); for a leaky vaccine (partial protection to every vaccinated individual, with his/her 

susceptibility reduced by a given fraction), this number reduced slightly to 211 (83%) 

epidemics (Tables S10–S18). Additionally, for both the perfect and the leaky vaccine 

allocations, children aged 5–17 were the group with both the highest RR and the largest 

impact on reducing Re (0) through vaccination for each of the 100 epidemics with the largest 

Re (0), as well as for all epidemics where 5–17 year-olds had relative susceptibility ≥ 0.8.

Discussion

The relative impact of different age groups on influenza epidemics is not fully understood; 

indeed, like the notion of “core group” in the epidemiology of sexually transmitted 

infections, there is no precise and widely agreed upon definition of the importance of an age 

group in transmission of influenza. Furthermore, the relative impact may vary by season, 

influenza (sub)type, vaccination coverage and other factors. There is no consensus among 

previous studies into children's role in driving influenza epidemics. We hypothesized that 

the RR summary statistic, a heuristic but precisely defined measure, could reliably identify 

the age group that plays the largest relative role in transmission during a particular epidemic. 

This hypothesis revolves around the following idea: groups that experienced a 

disproportionate depletion of susceptibles due to influenza infection relative to the whole 

population during the epidemics’ ascent would have their proportion in overall incidence (or 

any other influenza-associated outcomes) decline during the epidemics’ descent compared to 

the ascent period. Change in a group’s representation over the course of the epidemic is 

captured by the summary statistic RR, which is the ratio of its proportion among cases 

during the epidemic’s ascent to that in the descent. A key utility of this statistic lies in the 

fact that it can be readily measured from the appropriate epidemic data (in our case, data on 

influenza-confirmed hospitalizations) serving as surrogate measure for the age-specific 

influenza incidence;, the latter being generally difficult to estimate. Moreover, even if 

groups differ in the proportion of incident cases of influenza infection that enter the data set 

(e.g. the proportion of cases hospitalized), the ordering of groups by RR will reflect the 

ordering of the proportional change in infection incidence in these groups (see Supporting 

Information). Here we estimate RR for the 2009–2014 US data on laboratory-confirmed 

influenza hospitalizations for epidemics associated with the major influenza (sub)types: A/

H1N1, A/H3N2 and B.

For epidemics associated with influenza A subtypes, our analysis indicates that except for 

the small 2011–2012 season, children aged 5–17 had the highest estimated RR among all 

age groups while adults aged 50–64 and 65+ had the smallest RR estimates. Those results 

are related to the notion supported by several studies [8,17,18,19] that attaining high 

vaccination rates among children can have a major impact on mitigation of an influenza 

epidemic in the whole community. Our results also suggest that the importance of targeting 
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mitigation efforts to the older adults increases during an epidemic’s decline stage compared 

to the ascent stage [20].

For the influenza B epidemics, children aged 0–4 had the highest estimated RR among all 

age groups during the 2012–2013 epidemic, while adults aged 18–49 had the highest 

estimated RR during the 2010–2011 epidemic. This is likely indicative of an increased 

relative susceptibility of those age groups to the corresponding influenza B strains in those 

seasons and suggests potential differences in driver groups for influenza B vs. influenza A.

For epidemics associated with influenza A/H1N1, the role of school-age children decreased 

significantly in the post-pandemic period compared to the pandemic itself, presumably due 

to the immunity acquired during the pandemic when attack rates among 5–17 year-olds were 

very high [1]. Moreover in the post-pandemic period, the role of 5–17 year olds as drivers of 

H1N1 epidemics is of less magnitude than the role 5–17 years olds as drivers of H3N2 

epidemics. Compared to the 2010–2011 A/H1N1 season, the moderately severe 2013–2014 

A/H1N1 outbreak saw an increase in the role of children aged 0–4, presumably due to the 

limited immunity to this virus in that age group relative to other age groups.

In order to explore to what extent a higher value of RR in the hospitalization data is 

indicative of a driver role in an influenza epidemic for a particular age group, and what 

potential impact increased vaccination efforts in a group with a high RR would have on the 

dynamics of influenza transmission in the population, we performed a variety of simulations 

of influenza transmission in the community. We found a strong correspondence between the 

group with the highest value of RR in the simulated data and the group for which 

distributing a small, fixed quantity of a vaccine would result in the largest reduction of the 

epidemic’s initial effective reproductive number Re (0). For epidemics with the largest Re 

(0), school age children had the highest values of RR and vaccination of this group resulted 

in the largest reduction of the epidemics effective reproductive number Re (0). We note that 

this conclusion about the vaccination of school-age children is consistent with results of 

previous work [13,14,17,21].

Our analysis is based on the assumption that higher values of RR estimated from the 

hospitalization data correspond to stronger depletion of susceptibles. That depletion might 

have occurred both due to natural infections and vaccination. Compared to adults, children 

had higher vaccination rates [22], and generally higher vaccine effectiveness [23,24], and 

one may wonder to what extent the decline in the share of children in incidence after the 

epidemic’s peak is explained by vaccination. We note that for the 2009 season, the epidemic 

had largely subsided by the end of November [25]. Vaccine coverage levels at that point 

were quite modest, and vaccine coverage differences between children and non-elderly 

adults were even smaller [26], suggesting a minor relative impact of vaccination on post-

peak attack rates in children compared to adults. For the other seasons during our study 

period for which data are available, most vaccine administration took place by the end of 

November [22], before the peak in influenza activity (see http://www.cdc.gov/flu/weekly/

pastreports.htm, particularly the Influenza-Like-Illness curves), with additional, more 

limited levels of vaccine administration taking place in all age groups during the winter. 

Thus comparison of the share of children among hospitalizations before vs. after the 
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epidemic peak largely refers to two time periods during which not many individuals were 

vaccinated; moreover there is no evidence in the data that during those periods of limited 

vaccine administration, children were specifically overrepresented in coverage during the 

epidemics’ ascent compared to the descent. Altogether, vaccination alone is unlikely to 

explain the high estimates of RR among 5–17 year-olds, particularly for the largest 

epidemics in the data.

While there is a strong correspondence between an age group with the highest value of RR 

and the highest impact of vaccination on Re (0), this correspondence was violated for certain 

simulated epidemics with a medium-to-small Re (0). We note that for all the simulated 

epidemics with 5–17 year-olds either not having the highest RR or the largest impact on Re 

(0) through vaccination, these children had a smaller relative susceptibility than one of the 

other age groups. Our analyses suggest that the latter might be relevant to influenza B 

epidemics, and possibly to the fairly sizeable 2013–2014 A/H1N1 outbreak during which 

children 0–4 had very limited prior exposure and immunity to that virus. Additional 

considerations, such as those based on the pre-seasonal collection of serological data or 

information on previous circulation of certain viruses might provide further insights into the 

relative roles of the different age groups during future influenza outbreaks.

It is uncertain to what extent the proposed simulation framework reflects the reality of 

influenza transmission in the community. Our primary aim in using these simulations was to 

examine to what extent groups having the highest values of RR (that can be found from the 

epidemic data) are also the groups for which vaccination would have the largest impact on 

reducing the epidemic’s initial effective reproductive number Re (0). This issue was assessed 

for a wide range of relative susceptibilities across the different age groups in an attempt to 

capture the spectrum of possible scenarios for influenza transmission dynamics in the 

population. The proposed framework might still not be able to capture the full spectrum of 

those scenarios. For example, the group with the highest RR was children aged 5–17 in the 

vast majority of simulated epidemics, and never adults aged 18–49. This does not agree with 

the hospitalization data for influenza B epidemics, which may be affected by additional 

factors such cross-immunity from concurrent or immediately prior influenza A epidemics 

[27] and initial susceptibilities in the different age groups lying outside the range considered 

in our simulations. At the same time, for the influenza A epidemics in the hospitalization 

data, RR was highest for children aged 5–17 except for the very small, 2011–2012 A/H1N1 

season, for which our estimate was associated with considerable uncertainty.

Our method has some additional limitations. Spatial heterogeneity could lead to variation in 

the local timing of the epidemic peak across locations. We note that such heterogeneity 

should bias the estimates toward the null hypothesis (making the RR estimates in different 

age groups closer to each other). There is some uncertainty regarding the estimation of the 

hospitalization burden due to particular subtypes of influenza A, given the presence of un-

subtyped cases, and the potential differences in the likelihood of an influenza A infection 

being subtyped between A/H1N1 and A/H3N2 due to a possible spatial asynchrony in their 

circulation and differences in laboratory facilities. We note that the impact of the latter on 

the dominant subtype estimates is minor if the dominant subtype’s circulation levels are 

significantly higher than that of the other subtype. Finally, while our inference does not 
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require the likelihood of a detection of a hospitalized influenza case to be constant 

throughout each influenza season, we assume that it scales with time in the same manner for 

all age groups. The latter assumption may be violated for an age group that has a sub-

population with both a different risk of infection and a different case-hospitalization rate 

compared with the whole age group. We note that violation of this assumption for a 

particular age group would have no impact on the relative magnitude of RRs for other age 

groups.

Conclusions

Despite certain limitations, our results provide a cross-seasonal comparison of the relative 

roles of different age groups during epidemics associated with the major influenza 

(sub)types. Our estimates and simulation results both exhibit the variability in these relative 

roles during different influenza epidemics, and yield consistent evidence for a leading role 

of school age children in propagating the major influenza A epidemics.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

References

1. Reed C, Katz J, Hancock K, Balish A, Fry A, et al. Prevalence of seropositivity to pandemic 
influenza A/H1N1 virus in the United States following the 2009 pandemic. PLOS One. 2012; 
7:e48187. [PubMed: 23118949] 

2. Monto A, Koopman J, Longini IM Jr. Tecumseh study of illness. XIII. Influenza infection and 
disease, 1976–1981. Am J Epidemiol. 1985; 102:553–563. [PubMed: 1202957] 

3. Monto A, Kioumehr F. The Tecumseh Study of Respiratory Illness. IX. Occurence of influenza in 
the community, 1966–1971. Am J Epidemiol. 1975; 102:1975.

4. Cauchemez S, Valleron AJ, Böelle PY, Flahaut A, Ferguson NM. Estimating the impact of school 
closure on influenza transmission from Sentinel data. Nature. 2008; 452:750–754. [PubMed: 
18401408] 

5. Huang KE, Lipsitch M, Shaman J, Goldstein E. The US 2009 A(H1N1) Influenza Epidemic: 
Quantifying the Impact of School Openings on the Reproductive Number. Epidemiology. 2014; 
25:203–206. [PubMed: 24434751] 

6. Jackson C, Vynnycky E, Hawker J, Olowokure B, Mangtani P. School closures and influenza: 
systematic review of epidemiological studies. BMJ Open. 2013; 3:e002149.

7. Flasche S, Hens N, Böelle PY, Mossong J, van Ballegooijen WM, et al. Different transmission 
patterns in the early stages of the influenza A(H1N1)v pandemic: a comparative analysis of 12 
European countries. Epidemics. 2011; 3:125–133. [PubMed: 21624784] 

8. Basta NE, Chao DL, Halloran ME, Longini IM Jr. Strategies for pandemic and seasonal influenza 
vaccination of schoolchildren in the United States. Am J Epidemiol. 2009; 170:679–686. [PubMed: 
19679750] 

9. Wallinga J, Teunis P, Kretzschmar M. Using data on social contacts to estimate age-specific 
transmission parameters for respiratory-spread infectious agents. Am J Epidemiol. 2006; 164:936–
944. [PubMed: 16968863] 

10. Olson DR, Heffernan RT, Paladini M, Konty K, Weiss D, et al. Monitoring the impact of influenza 
by age: emergency department fever and respiratory complaint surveillance in New York City. 
PLOS Medicine. 2007; 4:e247. [PubMed: 17683196] 

11. Schanzer D, Vachon J, Pelletier L. Age-specific differences in influenza A epidemic curves: do 
children drive the spread of influenza epidemics? Am J Epidemiol. 2011; 174:109–117. [PubMed: 
21602300] 

Worby et al. Page 11

Epidemics. Author manuscript; available in PMC 2016 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



12. Keeling, MJ.; Rohani, P. Modeling Infectious diseases in humans and animals. Princeton, USA: 
Princeton University Press; 2008. 

13. Wallinga J, van Boven M, Lipsitch M. Optimizing infectious disease interventions during an 
emerging epidemic. Proc Natl Acad Sci USA. 2010; 107:923–928. [PubMed: 20080777] 

14. Goldstein E, Apolloni A, Lewis B, Miller JC, Macauley M, et al. Distribution of vaccine/antivirals 
and the 'least spread line' in a stratified population. J R Soc Interface. 2010; 7:755–764. [PubMed: 
19828505] 

15. Mossong J, Hens N, Jit M, Beutels P, Auranen K, et al. Social contacts and mixing patterns 
relevant to the spread of infectious diseases. PLoS Medicine. 2008:25.

16. Cauchemez S, Donnelly CA, Reed C, Ghani AC, Fraser C, et al. Household Transmission of 2009 
Pandemic Influenza A (H1N1) Virus in the United States. New Engl J Med. 2009; 361:2619–
2627. [PubMed: 20042753] 

17. Longini IM Jr, Halloran ME, Nizam A, Yang Y. Containing pandemic influenza with antiviral 
agents. Am J Epidemiol. 2004; 159:623–633. [PubMed: 15033640] 

18. Loeb M, Russell ML, Moss L, Fonseca K, Fox J, et al. Effect of Influenza Vaccination of Children 
on Infection Rates in Hutterite Communities. JAMA. 2010; 303:943–950. [PubMed: 20215608] 

19. Reichert TA, Sugaya N, Fedson DS, Glezen WP, Simonsen L, et al. The Japanese experience with 
vaccinating schoolchildren against influenza. New Engl J Med. 2001; 344:889–896. [PubMed: 
11259722] 

20. Goldstein E, Wallinga J, Lipsitch M. Vaccine allocation in a declining epidemic. J R Soc Interface. 
2012; 9:2798–2803. [PubMed: 22772378] 

21. Ndeffo Mbah ML, Medlock J, Meyers LA, Galvani AP, Townsend JP. Optimal targeting of 
seasonal influenza vaccination toward younger ages is robust to parameter uncertainty. Vaccine. 
2013; 31:3079–3089. [PubMed: 23684837] 

22. CDC. [Accessed September 4th, 2014] Flu Vaccination Coverage. 2013. http://www.cdc.gov/flu/
fluvaxview/coverage-1213estimates.htm

23. Jackson L, Jackson ML, Phillips CH. Interim adjusted estimates of seasonal influenza vaccine 
effectiveness - United States, February 2013. Morb Mortal Weekly Rep. 2013; 62:119–123.

24. MacIntosh VH, Tastad KJ, Eick-Cost AA. Mid-season influenza vaccine effectiveness 2011–2012: 
a Department of Defense Global, Laboratory-based, Influenza Surveillance System case-control 
study estimate. Vaccine. 2013; 31:1651–1655. [PubMed: 23395733] 

25. CDC. [Accessed September 4th, 2014] 2009–2010 Influenza Season Week 2 ending January 16, 
2010. 2010. http://www.cdc.gov/flu/weekly/weeklyarchives2009-2010/weekly02.htm

26. Singleton JA, Santibanez TA, Lu PJ. Interim results: influenza A (H1N1) 2009 monovalent 
vaccination coverage - United States, October–December 2009. Morb Mortal Weekly Rep. 2010; 
59:44–48.

27. Goldstein E, Cobey S, Takahashi S, Miller JC, Lipsitch M. Predicting the Epidemic Sizes of 
Influenza A/H1N1, A/H3N2, and B: A Statistical Method. PLOS Medicine. 2011; 8:e1001051. 
[PubMed: 21750666] 

Worby et al. Page 12

Epidemics. Author manuscript; available in PMC 2016 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.cdc.gov/flu/fluvaxview/coverage-1213estimates.htm
http://www.cdc.gov/flu/fluvaxview/coverage-1213estimates.htm
http://www.cdc.gov/flu/weekly/weeklyarchives2009-2010/weekly02.htm


Manuscript Highlights

- Epidemics are often ‘driven’ by subgroups with higher contact/transmission 

rates

- We propose a simple statistic to identify such groups using surveillance data

- Vaccine distribution to such ‘driver’ groups usually the most effective 

strategy

- Children aged 5–17 played most important role in largest influenza A 

outbreaks
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Figure 1. 
Simulated epidemics for a range of susceptibility profiles described by eq. 4 for 

susceptibility distribution SD3. For each of the 125 simulated scenarios, the shaded color 

indicates the initial Re (0) value, while symbols denote whether the group with the highest 

RR and the group for which distribution of a perfect vaccine would have the largest impact 

on Re(0) are both children 5–17, or both children 0–4, or are different from one another; 

absence of a symbol suggests that the epidemic hasn’t taken off.
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Table 2

Peak week for A/H3N2 hospitalizations, and the relative risk for being in a given age group among A/H3N2 

hospitalizations for the before-the-peak period vs. after-the-peak period.

Relative risks (RR) in different age groups for periods before vs. after the epidemic peak
for influenza A/H3N2

Season Peak
Week

Aged 0–4 Aged 5–17 Aged 18–49 Aged 50–64 Aged 65+

RR 95% CIa RR 95% CI RR 95% CI RR 95% CI RR 95% CI

2010–2011 8 1.44 1.08,1.90 1.83 1.07,3.05 1.64 1.28,2.10 1.10 0.86,1.40 0.74 0.68,0.81

2011–2012 12 1.29 0.87,1.86 1.63 0.87,2.92 0.88 0.63,1.19 1.06 0.76,1.46 0.94 0.83,1.07

2012–2013 1 1.22 1.01,1.46 1.86 1.41,2.40 1.47 1.30,1.66 1.21 1.07,1.37 0.75 0.71,0.80

a
CI: Confidence Interval
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