
GLOBAL INFLUENZA PROGRAMME

Promoting the development and
application of new public health tools

PROMOTING TOOLS

WHO
PUBLIC HEALTH 

RESEARCH 
AGENDA FOR 
INFLUENZA

advance  science to address unmet public 

healt
h n

ee
ds

20
17

 U
PD

AT
E

STREAM

5
BACKGROUND DOCUMENT



WHO/WHE/IHM/GIP/2017.8
© World Health Organization 2017

Some rights reserved. This work is available under the Creative Commons Attribution-
NonCommercial-ShareAlike 3.0 IGO licence (CC BY-NC-SA 3.0 IGO; https://creativecommons.org/
licenses/by-nc-sa/3.0/igo). 

Under the terms of this licence, you may copy, redistribute and adapt the work for non-commercial 
purposes, provided the work is appropriately cited, as indicated below. In any use of this work, there 
should be no suggestion that WHO endorses any specific organization, products or services. The use 
of the WHO logo is not permitted. If you adapt the work, then you must license your work under the 
same or equivalent Creative Commons licence. If you create a translation of this work, you should 
add the following disclaimer along with the suggested citation: “This translation was not created by 
the World Health Organization (WHO). WHO is not responsible for the content or accuracy of this 
translation. The original English edition shall be the binding and authentic edition”.

Any mediation relating to disputes arising under the licence shall be conducted in accordance with 
the mediation rules of the World Intellectual Property Organization.

Suggested citation. WHO public health research agenda for influenza: 2017 update. Geneva: World 
Health Organization; 2017. Licence: CC BY-NC-SA 3.0 IGO.

Cataloguing-in-Publication (CIP) data. CIP data are available at http://apps.who.int/iris.
Sales, rights and licensing. To purchase WHO publications, see http://apps.who.int/bookorders. To 
submit requests for commercial use and queries on rights and licensing, see http://www.who.int/
about/licensing.

Third-party materials. If you wish to reuse material from this work that is attributed to a third party, 
such as tables, figures or images, it is your responsibility to determine whether permission is needed 
for that reuse and to obtain permission from the copyright holder. The risk of claims resulting from 
infringement of any third-party-owned component in the work rests solely with the user.

General disclaimers. The designations employed and the presentation of the material in this 
publication do not imply the expression of any opinion whatsoever on the part of WHO concerning 
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation 
of its frontiers or boundaries. Dotted and dashed lines on maps represent approximate border lines for 
which there may not yet be full agreement. 

The mention of specific companies or of certain manufacturers’ products does not imply that they 
are endorsed or recommended by WHO in preference to others of a similar nature that are not 
mentioned. Errors and omissions excepted, the names of proprietary products are distinguished by 
initial capital letters.

All reasonable precautions have been taken by WHO to verify the information contained in this 
publication. However, the published material is being distributed without warranty of any kind, either 
expressed or implied. The responsibility for the interpretation and use of the material lies with the 
reader. In no event shall WHO be liable for damages arising from its use. 

http://apps.who.int/iris
http://apps.who.int/bookorders
http://www.who.int/about/licensing
http://www.who.int/about/licensing


Contents
      

Abbreviations

Substream 5.1  NEXT-GENERATION SEQUENCING AND OTHER EMERGING TECHNOLOGIES  1

INTRODUCTION
SUMMARY OF KEY ACCOMPLISHMENTS
UNMET PUBLIC HEALTH NEEDS: NGS INFORMATICS AND DATA SHARING, ACCESS AND RELEASE
KNOWLEDGE GAPS: DATA INTEGRATION AND SYSTEMS APPROACHES

Substream 5.2  ROLE OF MODELLING IN PUBLIC HEALTH DECISION-MAKING   4 
 
INTRODUCTION
SUMMARY OF KEY ACCOMPLISHMENTS
5.2.1 Epidemiology and evolution
5.2.2 Public health impact and interventions
5.2.3 Policy planning and strategic decision-making
5.2.4 Improve model accuracy and realism
UNMET PUBLIC HEALTH NEEDS AND KNOWLEDGE GAPS

Substream 3.3  STRATEGIC COMMUNICATION      12

INTRODUCTION
SUMMARY OF KEY ACCOMPLISHMENTS
Summary of key findings for 5.3.1
Summary of key findings for 5.3.2
Summary of key findings for 5.3.3
Summary of key findings for 5.3.4
Summary of key findings for 5.3.5
Summary of key findings for 5.3.6
UNMET PUBLIC HEALTH NEEDS
KNOWLEDGE GAPS

REFERENCES       24

WHO Public Health Research Agenda for Influenza 2017 Update

PROMOTING TOOLS
Promoting the development and

application of new public health tools



Abbreviations

CCs  Collaborating Centres 

CDC  Centers for Disease Control and Prevention 

CIA  Central Intelligence Agency 

EIDs  Emerging Infectious Diseases 

FOI Force of Infection

GISRS Global Influenza Surveillance and Response System

HPV  Human Papillomavirus 

ICU Intensive Care Unit

IHR International Health Regulations

ILI  Influenza-like Illness 

JEE  Joint External Evaluation 

KAPs  knowledge, attitudes and practices  

STREAM
PROMOTING TOOLS

BACKGROUND DOCUMENT

5 LAIV Live-attenuated Influenza Vaccine

LMICs  Low and Middle-income Countries 

MERS-COV Middle East Respiratory Syndrome Coronavirus 

MMR  Measles, Mumps and Rubella 

MMW Mark My Words

NGS  Next Generation Sequencing 

NICs National Influenza Centers 

SAGE  trategic Advisory Group of Experts (WHO)

SARS  Severe Acute Respiratory Syndrome 

SIRS  Susceptible-Infected-Recovered-Susceptible 

TIV Trivalent Inactivated Influenza Vaccine

WHO World Health Organization

(or knowledge, attitudes, beliefs and practices)



1

STREAM  
5

Substream 5.1  
Next-generation sequencing and other emerging technologies

Introduction

Significant developments in genomic and other technologies in recent years will help to 
address knowledge gaps in characterizing and monitoring influenza virus, and in detecting, 
treating and preventing influenza. Generally, next-generation sequencing (NGS) is a cost-
effective alternative to Sanger sequencing for viral surveillance. NGS is also a highly valuable 
tool for detecting influenza and understanding influenza virus diversity and evolution, within-
host diversity and strain circulation. The influenza virus has an error-prone polymerase; hence, 
many minor variant populations of influenza are present in an individual during the course of 
an infection. This situation makes it difficult to predict transmission patterns or the outcome 
of an infection or intervention from the dominant consensus sequence. NGS sequencing 
technologies have a high capacity and can thus provide deep coverage of the genomes 
of influenza viruses. This makes NGS a critical tool for characterizing the natural genetic 
heterogeneity of influenza viruses of public health importance, such as seasonal, zoonotic and 
pandemic viruses. A clearer understanding of influenza viral populations and viral evolution 
would provide more accurate forecasting of seasonal strain co-circulation, which could be used 
to enhance control strategies and vaccine development. Recent studies have harnessed NGS 
to explore the diversity of influenza within a host, and how minor variant populations affect 
transmission of influenza between individuals (Poon et al., 2016). 

The decreasing cost and increased capacity of NGS and “omics” (e.g. transcriptomics, proteomics 
and microbiome analysis) data-generation approaches have provided opportunities to 
generate numerous complex and diverse data sets. A current challenge is to manage, interpret 
and analyse these data, and provide the broad scientific community with access to these data 
for re-use and analysis. 

An important research priority for influenza NGS and systems biology approaches is their 
clinical application to improve surveillance and transmission dynamics predictions; identify 
signatures of individuals at-risk for severe outcomes; and develop and improve therapeutics, 
vaccines and diagnostics for influenza. Critical to this goal is increased capacity building and 
workforce expertise in technology development, bioinformatics and computational analysis 
of complex data sets. The aim is to ensure that the data generated from these approaches can 
be used and applied to solve key questions in influenza transmission, prevention, vaccination 
and treatment. Another important priority for achieving this goal is to improve data access and 
usability by creating sustainable data repositories and increasing the use of training and tools, 
to ensure that the data are usable by the broader influenza community. These technologies and 
the informatics are continuing to rapidly evolve.
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Summary of key accomplishments 
In the WHO Global Influenza Surveillance and Response System (GISRS), the primary role of NGS 
is in viral surveillance at the WHO collaborating centres (CCs) and a few national influenza centres 
(NICs). Generally, samples are collected by GISRS laboratories and submitted to various WHO CCs, 
where they are phenotypically and genetically characterized. NGS is increasingly being used to 
characterize viruses directly from primary samples or their cultivars. A variety of NGS platforms, 
assembly pipelines and local informatics infrastructures are used to process sequencing data, which 
are then deposited into public databases as consensus sequences. The primary use of the NGS 
data is integration with phenotypic data (e.g. antigenic characterization and antiviral susceptibility) 
for vaccine strain selection and antiviral resistance analysis. NGS offers high-quality sequences of 
the full genome at the same cost as targeted sequencing, but provides deeper insights into virus 
evolution. WHO CCs can obtain a large number of samples through the GISRS system, to reach 
the economies of scale required to rapidly process samples in a cost-effective manner. The data 
available in the public domain can be used to address a number of important research questions, 
such as viral evolution and intra-host variation, transmission dynamics, vaccine design and fitness 
forecasting.

As NGS technology becomes more cost-efficient it will allow smaller sample runs, whereby 
GISRS regional centres and eventually NICs will be able to perform NGS in a rapid, cost-efficient 
manner. This model for performing NGS may facilitate identification of variants earlier, and help 
in prioritizing samples to send for antigenic analysis. This system will also improve near real-time 
availability of sequence data for use by researchers worldwide for evolutionary studies, antiviral 
resistance analysis and drug development. It is important to continue to ensure rapid antigenic 
analysis by streamlining sample-sharing logistics.

As NGS technology matures, it may be able to serve in a diagnostic capacity. As a diagnostic tool, 
NGS would have the potential to not only identify influenza infection but also provide information 
on a sample’s genomic and drug-sensitivity profile, to enable better treatment of patients. An ideal 
characteristic for WHO GISRS would be a dual-purpose NGS platform that provides diagnostic 
results to clinical staff, and real-time genomic data on currently circulating influenza viruses. 

Unmet public health needs: NGS informatics and data sharing,  
access and release
Transforming NGS data into knowledge and innovation that will allow the development of new 
and improved vaccines, diagnostics and therapeutics is one of the highest priorities. To extract 
knowledge from these data, it is critical to have effective and cost-efficient strategies for scientific 
data management, and for creating a data-enabling environment for sequence assembly, 
validation, association with metadata, analysis, storage and submission to publicly accessible 
databases.

Currently, WHO CCs and a few NICs each have local informatics infrastructure and capabilities that 
are central to the support of NGS data processing and analysis. For NGS to disseminate throughout 
GISRS laboratories towards more real-time processing and analysis of samples, centres will need 
access to appropriate informatics infrastructure. An openly accessible environment that is flexible, 
adaptable and accessible by multiple groups (e.g. a cloud) would reduce the need for local 
infrastructure development and minimize costs. 



3

This structure would facilitate rapid data sharing and access across laboratories, building capacity 
globally. A cloud infrastructure would also enable real-time data sharing with the broader scientific 
community, to improve modelling and the development of vaccines, diagnostics and therapeutics. 

The scientific community has established broad principles for open access and data management – 
findable, accessible, interoperable and reusable (Wilkinson et al., 2016). However, finding innovative 
solutions to implement these principles is challenging in relation to biomedical data, which is 
increasing in volume, complexity and diversity. Reusing data will require standard descriptions 
of the data, as well as the sharing of metadata and consideration of privacy of clinical data sets. 
Important unmet needs for GISRS to consider are:

• seeking agreement on metadata standards and templates that can be used across GISRS;
• developing a shared informatics infrastructure capacity that would enable dissemination of 

NGS technologies throughout GISRS;
• exploring NGS as a clinical diagnostic tool while simultaneously using NGS to provide 

surveillance information;
• building advanced computational tools that can successfully integrate multiscale data towards 

quantitative models;
• exploring the ability of systems approaches to identify clinically usable predictive markers; and
• providing training at all levels in emerging technologies and data science that emphasizes 

broad multidisciplinary training in computational biology, statistics and engineering applicable 
to biomedical and public health.

Knowledge gaps: data integration and systems approaches
Integration of NGS data with other diverse data types will be central to the future use of the data 
to better protect human and other animal populations from influenza. Currently, NGS data are 
combined with antigenic and resistance data to perform strain selection and determine antiviral 
sensitivity. NGS data can also be integrated with epidemiological, geographical and protein 
structural information for fitness forecasting and other modelling approaches (Bedford et al., 2015).

The integration of phenotypic, immunological and electronic health records data with NGS or other 
“omics” data could assist with influenza virus detection, prevention, characterization and treatment. 
Furthermore, data integration would facilitate the discovery of predictive markers of disease severity 
and vaccine response.

Systems biology approaches are an example of combining computational sciences and 
mathematics with large-scale experimental data to develop quantitative models of biological 
processes. The systems approach has led to the discovery of signatures associated with the 
pathogenicity of influenza viruses; it has the potential to identify diagnostic and prognostic markers 
for response to influenza or implementation of control measures (Tisoncik-Go et al., 2016). Further 
development of systems biology for influenza could allow for rapid computer-based (i.e. “in silico”) 
characterization of viruses or vaccines using sequence or other initial information. For example, 
models developed from integrated influenza data sets could infer transmission dynamics, vaccine 
response, antigenic and receptor-binding properties, and even clinical outcomes. The challenge of 
integrating complex data sets spanning multiple scales will require:
• increased development and refinement of computational tools; and
• modelling and statistical methods that can integrate data and provide models that identify 

relationships with the degree of accuracy needed for clinical application. 
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Substream 5.2  
Role of modelling in public health decision-making

Introduction

This document provides the background for the updated recommendations for Substream 5.2 of                                                                                                                                               
Stream 5 (Promoting the development and application of modern public health tools), following 
the WHO Public Health Research Agenda for Influenza consultation, held in Geneva on 6–8 
December 2016.

Methodology
We searched PubMed-indexed articles published between January 2012 and October 2016. 
Search terms used were {influenza and model and (mathematica* or dynamics or simulation) 
not (imaging)}; non-English language articles and animal studies were excluded. A total of 582 
potentially relevant articles were scanned by title then by abstract. Articles that aligned with the 
modelling substream of the 2009 Research Agenda (i.e. in Substream 5.2 of the 2009 research 
agenda) were retained for further analysis, and were classified according to the headings in the first 
draft of this report. Additional articles were found through secondary ad hoc searches.

The initial draft document was circulated among the Technical Working Group for Influenza 
Modelling, and feedback for each key topic was received via teleconference before the consultation. 
Further discussion and feedback at the December 2016 meeting resulted in new recommendations 
and a consensus review of progress made against the original recommendations. Additional 
references were added during the meeting and again during review of the document after the 
meeting.

Summary of key accomplishments 
During the pre-meeting calls, at the meeting itself and then in the review after the meeting we 
considered the key scientific accomplishments against the previously stated agenda items 5.2.1–
5.2.4 (i.e. the research recommendations). Each agenda item was separated into a set of topics to 
make the discussions more manageable.

Research recommendation 5.2.1
Studies to assess the application of modelling to understand epidemiological and evolutionary 
processes and estimate key parameters for pandemic and seasonal influenza.

Epidemiology
The 2009 influenza pandemic provided the motivation for several follow-up studies designed to:
• answer specific questions about the epidemiology of the novel strain; and
• establish better methods, so that insight could be generated more quickly during future 

pandemics. 

These studies built directly on the modelling literature established in the early 2000s, which were 
motivated by pandemic preparedness plans.



5

Estimation of key parameters
A large number of studies published between 2009 and 2011 contained estimates of key 
parameters of influenza transmission (World Health Organization, 2013). In subsequent years, 
the focus was on extending the methods used during the pandemic to explain epidemiological 
patterns of seasonal influenza. This was achieved by estimating multiple key parameters for long 
periods of time for multiple subtypes (Truscott et al., 2012; Yang, Lipsitch & Shaman, 2015), and 
focusing on hypotheses to explain the post-pandemic period (Dorigatti, Cauchemez & Ferguson, 
2013; Shubin et al., 2016). Some studies were more methodologically focused; for example, those 
looking at better characterization of uncertainty in the estimation of transmissibility (Cauchemez 
et al., 2012; House et al., 2016) and the joint estimation of transmissibility and severity (Tsang et al., 
2015; Wu & Riley, 2016). 

Some of these studies relied on the use of serological data (Wu et al., 2014), which we have 
expanded on below in Section 5.2.4, in the subsection on immunological dynamics. However, 
in the context of an outbreak or pandemic, more work is needed to improve transmissibility and 
severity assessments in a timely manner. Such work will better define the denominator required to 
estimate key parameters. The specificity of this assessment could be improved through better use 
of the currently available technologies, such as sophisticated spatial extent calculations, improved 
laboratory diagnosis on a subset of cases, and phylogenetic and phylogeographic methods.

Disease burden
Quantifying the baseline burden of influenza is crucial, not only for evaluating the impact of 
different control strategies such as seasonal vaccination, but also during the early stages of 
emergence of a novel strain. During the period following the 2009 pandemic there was a sustained 
effort to better characterize the burden of influenza during pandemic and inter-pandemic periods 
(Dawood et al., 2012; Simonsen et al., 2013). Although there is an extensive history of statistical 
modelling being used to estimate the burden of infection (Cowling et al., 2006; Serfling, 1963), to 
date there has been little effort to incorporate mechanistic transmission models as a part of the 
data synthesis process.

Burden and severity assessments should be refined via mechanistic model-based data synthesis 
that makes use of serological, sentinel influenza-like illness (ILI) and virological surveillance data. 
These estimates will be improved by higher resolution health-outcome data, in which surveillance 
or electronic records are linked to the clinical care pathway; for example, primary, hospital, intensive 
care unit (ICU) and death. Particularly in low- and middle-income countries (LMICs), model-
based optimization of surveillance systems (e.g. syndromic surveillance and the use of multiplex 
diagnostics) may increase cost.

Characterization of the interannual variation in severity and attack rates will help to quantify disease 
burden. If the changes in severity could be linked to underlying variation by subtype, clade or 
antigenic changes, this would greatly improve estimation of disease burden by enabling better use 
of laboratory isolation data.

Spillover
Influenza strains that cause occasional human infections but are not self-sustaining in humans are 
sometimes referred to as “spillover strains”. With the occurrence of substantial numbers of H7N9 
(Cowling et al., 2013) and H3N2v cases (Jhung et al., 2013), quantifying the transmissibility of a 
novel spillover strain and the relative contribution of different routes of transmission is an important 
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topic of investigation. Particularly in the context of pre-pandemic preparedness, a thorough 
risk assessment of influenza strains with pandemic potential is a priority. Available data, such as 
surveillance data and the timing of market closures, have been used to estimate epidemic potential 
of zoonotic strains and the proportion of transmission that probably arises from human-to-human 
transmission (Kucharski et al., 2015b; Yu et al., 2013).

These approaches are now being extended to consider partial immunity in the human population 
(Kucharski & Edmunds, 2015); potentially, this could be refined further to consider weak protection 
between group 1 and group 2 haemagglutinin genes (Gostic et al., 2016). The level of background 
immunity within a population will be intrinsically linked to the virus’s pandemic potential. However, 
quantifying this will be substantially more difficult and will depend heavily on the quality of the 
assays used. There has been considerable progress in developing analytics for other emerging 
infectious diseases (EIDs) such as Ebola virus and Middle East respiratory syndrome coronavirus 
(MERS-CoV); these analytics could be borrowed for the analysis of influenza data. In the context of 
identifying strains with the highest pandemic potential, genotype to phenotype mapping would 
be highly beneficial. In addition, more data are needed from animal studies to identify the changes 
required to make a strain airborne transmissible. Although these data would be easy to obtain and 
may be of high public health value, such experimental studies are currently constrained by safety 
regulations.

Forecasting and nowcasting
The 2009 pandemic highlighted the potential use of transmission models to forecast infectious 
disease incidence; this line of study grew substantially during the period of this update. Also, in 
attempting to forecast incidence, it rapidly became apparent that many data streams contained 
considerable latency or reporting lag. Therefore, a key component of any forecast is the true 
situation at the current time. Modelling true incidence at the current time has become known as 
“nowcasting” (Donker et al., 2011).

The methods surrounding epidemiological forecasting of influenza incidence are now well 
developed, and the ability to forecast the magnitude of the peak influenza season weeks or even 
months in advance is of high importance to public health. Additional retrospective studies were 
conducted to validate methods that would be of use for forecasting during the next pandemic. 
Large-scale simulation studies were used to examine global patterns of national peak timing 
(Tizzoni et al., 2012). Data are also now available from the southern hemisphere to improve ILI 
forecasts in the northern hemisphere, and vice versa. Data streams other than ILIs were also used for 
retrospective studies of the 2009 pandemic, including Internet search query data (Nsoesie, Mararthe 
& Brownstein, 2013) and e-health data (Riley et al., 2013; Riley et al., 2015). In terms of pandemic 
preparedness and prospective studies, there are improved methods for real-time forecasting of 
pandemic trajectories using multiple sources of data (e.g. serological, genetic and Internet) to 
improve denominator estimates (Dorigatti et al., 2013). However, coupled with this, there is a need 
to refine burden and severity estimates via model-based data synthesis. This is particularly relevant 
at the start of a pandemic, when only the most severe cases will be detected.

Derivatives of search query data also permitted additional forecasting studies of seasonal influenza 
for New York City (Shaman & Karspeck, 2012) and its boroughs (Yang, Olson & Shaman, 2016), and 
many other cities in the United States of America (USA) (Shaman et al., 2013). Similar methods 
have also been applied to multiple different data streams for the Australian city of Melbourne, 



suggesting that the use of multiple data streams increases the benefit for the forecasting of any one 
data stream (Moss et al., 2016). The increase in academic forecasting studies has helped to initiate 
an annual forecasting exercise for the USA based on regional ILI data (Biggerstaff et al., 2016) that 
has run continuously since the 2013–2014 season (Centers for Disease Control and Prevention (US), 
2017)

The overall accuracy of search query data as a proxy for incidence was itself the topic of a number 
of studies during this period. Some studies were supportive of the utility of these data based on 
correlation measures (Dugas et al., 2012). However, other studies suggested that the underlying 
statistical algorithms for products such as Google Flu Trends were not sufficiently stable over time, 
given repeated changes in model parameters (Olson et al., 2013). 

A few studies have looked at the forecasting of influenza incidence beyond the current season 
using knowledge of probable clade transitions. Multiannual oscillations of influenza dynamics have 
been successfully recreated by fitting a susceptible–infected–recovered–susceptible (SIRS) model 
to incidence data, explicitly accounting for the antigenic changes in viral epitopes (Axelsen et al., 
2014). These methods could be extended to provide long-term epidemiological predictions over 
several years by explicitly modelling the evolution of influenza epitopes and better integrating the 
available genetic and antigenic data.

Evolution
A range of advanced analytical techniques are frequently used to analyse molecular sequence 
data from influenza viruses, from traditional distance-based phylogenetic methods (Tamura et al., 
2011), to timed Bayesian trees (Drummond & Rambaut, 2006), to phylodynamic models in which 
both the epidemiology and evolution of the virus are represented jointly (Ferguson, Galvani & Bush, 
2003; Grenfell et al., 2004). The broad field of the evolution of influenza is beyond the scope of this 
briefing document. Here, we focus on a few specific questions related to ecological models and 
most relevant to the public health of influenza. 

Predicting evolution for vaccination 
The consultation process for the biannual updating of vaccinations is essentially a committee-
based forecasting exercise that draws on numerous sources of evidence about the current state 
of the global influenza ecosystem (Ampofo et al., 2013; Ampofo et al., 2015). Advanced analytical 
techniques have been used to inform this process for a number of years (Smith et al., 2004), and 
have encouraged the inclusion of more and more molecular and serological data in the process. 
New experimental approaches that complement the vaccine selection process are also being 
developed (Li et al., 2016). Forecasting for vaccine strain selection can be largely split into two 
categories: 
• forecasting which extant clade will dominate – referred to in this document as “strain turnover 

forecasting”; and
• forecasting the next antigenic cluster – referred to in this document as “antigenic cluster 

forecasting”.

Strain turnover forecasting
Considerable progress has been made in both the retrospective analysis and forecasting of 
influenza evolution at the global scale. For example, a small set of key epitopes have been identified 
that can account for all cluster transitions for H3N2 between 1968 and 2003 (Koel et al., 2013), 

7
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and differential patterns of circulation for H1N1 and influenza B have been described (Bedford 
et al., 2015). Methods have also been developed to simultaneously characterize antigenic and 
molecular evolution (Bedford et al., 2014). The future frequency of current extant influenza clades 
has been used as the basis for forecasting the predominant strain in the future (Łuksza & Lässig, 
2014; Neher et al., 2016; Neher, Russell & Shraiman, 2014). However, these methods could be further 
improved if genetic and antigenic data were made available in a more timely manner. Generally, 
the geographical coverage of the available data is good; however, more data from highly populated 
areas may be beneficial. Better integration of these data may also improve vaccine strain selection.

Antigenic cluster forecasting
If antigenic evolution of influenza could be forecast in time for vaccine strain selection, the public 
health impact would be significant in terms of reducing disease burden and mortality. The accuracy 
with which we can predict new antigenic clusters will never be perfect; however, due to back-
boosting immunity effects, the consequences of making a wrong prediction may be no worse 
than if no predictions were made (Fonville et al., 2014). In this context, even a small reduction 
in vaccine strain mismatch (as opposed to eliminating mismatch) would be highly beneficial. 
However, a complete change in vaccine strain selection strategy will require clinical trials to 
definitively demonstrate the benefits of the new selection strategy. Also, using serum from humans, 
a theoretical basis has been established with which near-future influenza strains can be predicted in 
antigenic space (Fonville et al., 2015).

The major challenge for both types of evolutionary forecasting will be to develop methods to 
a point where the next dominant strain or antigenic cluster can be consistently and accurately 
forecast in a timely manner to inform vaccine strain selection.

Research recommendation 5.2.2
Examine the application of modelling to assess public health impact of influenza and the 
effectiveness of interventions.

Vaccines
Mathematical models of infectious disease transmission are frequently used to assess questions 
related to optimal vaccination. Work on the allocation of vaccines during pandemics has continued 
in recent years, with a number of studies generating evidence to better optimize pandemic 
vaccination schedules. For example, studies have looked at spatially targeting pre-pandemic 
vaccines to reduce attack rates (Keeling & Shattock, 2012; Laskowski et al., 2015; Matrajt, Halloran & 
Longini, 2013). 

Evidence from transmission models linked to cost–effectiveness models has supported the 
expansion of influenza vaccination in terms of additional populations (Meeyai et al., 2015) and 
age groups (Baguelin et al., 2015; Baguelin et al., 2013; Ndeffo Mbah et al., 2013; Thorrington, Jit & 
Eames, 2015). This work using transmission models has progressed in parallel with an increased 
interest in the assessment of vaccine efficacy using the test-negative design (Orenstein et al., 2007) 
and estimated efficacies observed in cohort studies (Ohmit et al., 2013), both of which have shown 
lower-than-expected vaccine efficacy in some years. 
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The potential impact of changing vaccination technology has also been explored. For example, the 
move from trivalent to quadrivalent vaccines should result in increased average efficacy of vaccines 
(Crépey et al., 2015). Also, the prospect of universal vaccines that are less effective in blocking 
infection but that reduce transmissibility is now being investigated using transmission models 
(Arinaminpathy et al., 2012).

More work, particularly in LMICs, is required on quantifying and clearly linking the cost–
effectiveness and impact (direct and indirect) of seasonal vaccination on reducing influenza burden 
and mortality. There is also a need for realistic data to inform these models, to ensure that the 
outputs are usable by public health agencies. 

Other interventions
Mathematical models provide a useful tool to retrospectively analyse the effectiveness of 
interventions, results of which can be used for planning purposes. In retrospective analysis, factors 
such as herd immunity induced by mass vaccination have been explicitly modelled to assess the 
total (direct and indirect) impact of such campaigns (Shubin et al., 2016). The joint modelling of 
different types of data can provide a more comprehensive picture of the relative contribution of 
factors such as population immunity and school closures on the course of a pandemic (te Beest 
et al., 2015). School closures are one of the most frequently considered measures for pandemic 
management (Earn et al., 2012; Fung et al., 2015). In the context of a 2009-like pandemic, where 
children were the main drivers of transmission, school-based interventions would be highly 
effective if justified by strain severity. For seasonal and novel influenza strains, however, analysis 
of the impact of household, workplace or community-based interventions (e.g. the use of face 
masks and hand hygiene interventions) would be beneficial (Azman et al., 2013; Lau et al., 
2015). In addition, models can be used to evaluate the impact of school closures and other non-
pharmaceutical interventions on critical-care capacity and its relative benefits (House et al., 2011).

As part of pandemic preparedness plans, many more countries are likely to stockpile antiviral 
drugs. With a generic version of Tamiflu (oseltamivir) now approved by the US Food and Drug 
Administration, this will also probably increase the use of antiviral drugs for seasonal influenza 
treatment. This will substantially increase the risk of resistant strains emerging and will also increase 
the potential consequences of resistance. Therefore, mathematical models (Leung et al., 2016; 
Lipsitch et al., 2007; McCaw & McVernon, 2007; Wu et al., 2009) should take this into account when 
modelling different pandemic scenarios.

Logistics
Although mathematical models have been used extensively to assess the impact of currently 
available and potential interventions, few studies have looked at how models could be used 
to improve logistics, delivery and implementation of control programmes. Such research could 
include the impact of influenza vaccination policy on existing vaccination programmes (Assi 
et al., 2012), the global supply chain of vaccines and the need for antiviral stockpiles (Greer & 
Schanzer, 2013; O’Hagan et al., 2015). The use of modelling for “operations research” is likely to be 
of high public health value. These scenario models should encompass a wide range of severities, 
with an emphasis on scalability and well-defined trade-offs. It is also important to prioritize the 
development of user-friendly modelling tools that can be used by policy-makers for strategic 
decision-making, and the building of in-country capacity to interpret and use modelling results 
effectively.
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Research recommendation 5.2.3
Evaluate the application of modelling to assist public health policy planning and strategic 
decision-making.

Since the 2009 pandemic, the use of modelling in outbreak situations is more readily accepted 
by policy-makers, particularly when there are not enough data to quickly inform decisions. In 
these situations, modelling can be used as a form of evidence-based decision-making. Models 
can also be used to challenge current health policy, providing a low-cost method to evaluate 
hypothetical control measures and decision-making. The cost–benefit of different variations of 
the same intervention – such as school closures at national or county level compared to reactive 
or gradual closures – have been explored (Fumanelli et al., 2016). In addition, modelling has 
been used to identify key public health challenges associated with pandemic influenza, and the 
types of data required for evidence-based decision-making (Van Kerkhove et al., 2010). However, 
there is a need to revise model-based planning of pandemic mitigation strategies. For example, 
pandemic modelling activities should be updated to include a range of severity scenarios, since 
the effectiveness, cost–effectiveness and acceptability of different measures will differ by severity. 
Planning scenarios should also take into account the surge capacity required during a pandemic 
in terms of extra ICU beds and ventilators needed, stockpiling of antiviral drugs, and the secondary 
burden of influenza-associated complications (Abramovich et al., 2017; Balcan et al., 2009; Bayram 
et al., 2013). Furthermore, recent historical analyses of the 1918 pandemic have demonstrated the 
importance of social factors on influenza mortality and burden (Cordoba & Aiello, 2016; Grantz et 
al., 2016; Hyder & Leung, 2015). Data on socioeconomic factors may help to better characterize 
the population at risk; therefore, pandemic scenarios and planning should take such factors into 
account. For pandemic planning, it will be critical collaborate closely with public health agencies, to 
ensure that realistic scenarios are being modelled.

Research recommendation 5.2.4
Conduct studies to improve model accuracy and realism, and incorporation of emergent 
interdisciplinary advances.

Immunological dynamics
When fitting models to the 2009 pandemic, there was considerable uncertainty over the number 
of infections, partly because the rate of clinical cases per infection was not known (Lipsitch et al., 
2009). This uncertainty provided the impetus for many new serological studies (Miller et al., 2010; 
Van Kerkhove, 2013); it also encouraged additional analysis of serological data from existing cohort 
studies (Horby et al., 2012; Lessler et al., 2011). These data were incorporated into mathematical 
transmission models and helped to increase the accuracy with which patterns in non-serological 
data could be reproduced (Baguelin et al., 2011; Dorigatti et al., 2013). Such models have also raised 
interesting hypotheses; for example, the possibility that repeated infections of the same individuals 
in a single season may be important for overall epidemic dynamics (Camacho & Cazelles, 2013).

Serological data can more accurately inform models if typical boosting and waning patterns 
of infected individuals are represented in the model (Cauchemez et al., 2012; Wu & Riley, 2014). 
Individuals will be infected by different influenza types and subtypes over their lifetime. Hence, 
these small immunodynamic model components provide the impetus for additional scientific 
research into patterns of antibodies over the course of a lifetime that will probably have 
implications for our understanding of age-specific patterns of severe infection (Worobey, Han 
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& Rambaut, 2014) and vaccine design (Gostic et al., 2016). In addition, more work is needed to 
understand the impact of repeat vaccination with live-attenuated influenza vaccine, and whether 
live-attenuated and inactivated seasonal vaccines have significantly different effects at both the 
individual and population level.

A key development is the ability of models and advanced analytics to interpret data from 
serological assays in which serum from the same individual has been tested against different 
influenza strains. Data of this type are not new; they were used over 50 years ago to propose the 
concept of original antigenic sin (Francis, 1960). However, the systematic testing of samples against 
long sequences of historical strains, and subsequent analysis of those data, has become more 
frequent in recent years (Fonville et al., 2014; Kucharski et al., 2015a; Lessler, 2014; Lessler et al., 2011; 
Lessler et al., 2012).

Social contacts and behavior
The frequency with which we make social contacts, the distance over which we make such 
contacts, and the age distribution of those with whom we make such contacts will have some 
effect on the transmission of respiratory pathogens such as influenza. Data on social mixing 
patterns from self-reported surveys can be used to explain the age-specific heterogeneity in 
influenza transmission (Kucharski et al., 2014). School-based outbreak data can also provide insights 
into the extent to which social networks and behavior can affect influenza transmission, with strong 
assortative mixing by gender and grades (Cauchemez et al., 2011). Human contact and expiratory 
droplet pattern data have also been used to try to better characterize transmission rates (You et al., 
2013). In addition, new methods have been developed to infer the structure of social contacts from 
demographic data; this information can then be used to improve mathematical model accuracy 
in the absence of detailed social contact data (Fumanelli et al., 2012). These methods have been 
used to simulate time-use data that, coupled with age-specific seroprevalence data, can be used 
to identify the main routes of influenza transmission (e.g. workplaces, households or schools), and 
to quantify their relative importance (Ajelli et al., 2014). New methods have also been developed to 
quantify the latent period in a community setting, using weekday social contact and incidence data 
(Towers & Chowell, 2012). 

An accurate estimate of the latent period of pandemic influenza will help in the design of effective 
intervention strategies. Methods are now available for more in-depth household study analysis 
that can combine mathematical models of within-household transmission and case ascertainment 
with Bayesian statistics. The aim is to estimate transmission probabilities specific to household size 
, heterogeneity in infectiousness of cases, and probabilities describing case ascertainment(House 
et al., 2012). However, these models must be informed by household data on individual-level 
outcomes rather than simply on whether individuals are infected or not. This will increase the 
accuracy of denominator estimates when assessing attack rates and severity. 

Unmet public health needs and knowledge gaps 
The four research recommendations, which acted as the agenda items, were broad in scope. 
Therefore, to focus the discussion, we organized the material into more specific topics, and 
considered progress within those topics. Recommendation 5.2.1 was particularly broad; therefore, 
it was split into those questions relating primarily to epidemiology and those relating primarily to 
evolution. 
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We then worked backwards from these topics to create a new set of unmet needs and 
recommendations. The unmet needs identified were clustered around: 
• the forecasting of seasonal influenza incidence and evolution;
• better calculations of the burden of influenza infection;
• modelling the impact of vaccines; and
• pandemic preparedness and response.

These needs were then refined into revised research recommendations.

Substream 5.3 
Strategic communications

Introduction

Many of the difficulties in addressing the public health impact of the disease caused by the 
influenza virus are related to the limited availability of scientific understanding of the virus and 
its effect on individuals and populations. These factors affected the response to the 2009 H1N1 
pandemic. To identify these knowledge gaps and evaluate their relative importance in terms of their 
effect on public health decision-making, in 2009 WHO’s Global Influenza Programme developed 
the WHO Public Health Research Agenda for Influenza. The agenda comprises five research streams, 
among which is the cross-cutting topic of communication (Substream 5.3 of Stream 5). 

To clarify terminology used within this research agenda topic, we used the International Health 
Regulations 2005 (IHR 2005) definition of risk communication and its inclusion of strategic 
communication (World Health Organization, 2005):

Risk communication refers to the real-time exchange of 
information, advice and opinions between experts or officials 
and people who face a threat (hazard) to their survival, health 
or economic or social well-being. Its ultimate purpose is that 
everyone at risk is able to take informed decisions to mitigate the 
effects of the threat (hazard) such as a disease outbreak and take 
protective and preventive action. 

Risk communication uses many communications techniques 
ranging from media and social media communications to mass 
communications and stakeholder and community engagement. It 
requires the understanding of stakeholder perceptions, concerns 
and beliefs, as well as their knowledge and practices. Effective 
risk communication must also identify early on and subsequently 
manage rumors, misinformation and other communications 
challenges. 
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The communication research agenda recommendations for 2012–2016 reflected the themes 
within the IHR definition. That agenda focused on social science evidence, including behavioral 
communication; development of tools and monitoring methods for obtaining relevant information 
to guide communication efforts; methods for working with communities and different cultures; 
identification of and response to rumors, myths and misperceptions in communication; and 
cultural, social and political differences among countries and regions. 

Since the Research Agenda of 2009, there has been even greater recognition that communication 
is integral to the response to public health emergencies. The latest outbreaks of Ebola in 2014–2015 
and of Zika in 2015–2016 proved that an early communication response tailored to affected 
communities could have provided people with the necessary tools and knowledge, and the 
recommended behaviour change, to mitigate the impact of the disease, and thus could have saved 
lives. 

Communication research that has occurred since 2009 has provided valuable insight into best 
practices. However, to best mitigate the impact of possible pandemics there is a continuing need 
to research communication impact, behaviour-change methodologies, monitoring and evaluation, 
data mining from communication and health sources (e.g. from health professionals), and 
community engagement practices. In addition, pragmatic research is needed to determine how 
best to allocate resources for an effective communication response. 

Most of the research reviewed for this agenda occurred after the end of the 2009 A(H1N1) 
pandemic. Given that pandemics are unpredictable emergency events (e.g. in terms of timing and 
severity), one major gap that was identified was the relative lack of published studies analysing or 
evaluating communication, and charting the change in public risk perception over the course of 
an unfolding pandemic threat. Another gap identified was the lack of published work on methods 
for conducting rapid studies during emergencies on knowledge, attitudes and practices (KAPs); 
identifying culturally sensitive communication tools; and other such social science studies. 

It was agreed that preparing for studies to be conducted before, during and after the next 
pandemic might further advance best practices for a communication response. Ensuring that 
communication research protocols are developed and approved before the next pandemic 
influenza may help to close current research gaps.

Each research recommendation included several subtopics, which individually could have 
provided a substantial amount of insight into communication response methods applicable to 
influenza. For the next research agenda (2017–2021), these data and results must be accessible 
to communication responders and decision-makers. To implement new evidence-based 
communication practices during emergencies, studies must be practical; also, they must be 
tested in low-income and in low- and middle-income countries, and in low-resource settings (e.g. 
communication divisions in ministries of health that have limited financial and human resources). 
In addition, more research is needed on the nuances of communicating risks related to seasonal 
influenza, avian influenza and pandemic influenza, as well as prevention and treatment for the most 
vulnerable groups. 
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The communication substream of the research agenda for 2017–2021 will include revised and new 
research recommendations. The recommendations will harmonize with other communication 
capacity-building efforts, such as the IHR (2005) and Joint External Evaluation (JEE). The JEE looks in 
more depth at national capacities such as risk communication systems (e.g. plans and mechanisms), 
internal and partner communication and coordination, public communication, communication 
engagement with affected communities, and dynamic listening and rumour management. 

In previous research agendas, including that of 2012–2016, communication was considered to 
be a cross-cutting topic and was therefore included as a substream research area. However, this 
approach may have overshadowed the importance of gaining more evidence-based practice in 
communication. Therefore, the workgroup respectfully suggests that communication become a 
separate work stream, to heighten its importance in the response to and reduction of influenza 
burden of disease.
 
Summary of key accomplishments 
Overview of literature search methods for 2009 research recommendations 
The five research recommendations written in 2009 for the communication workgroup all included 
a range of subtopics, each of which deserved its own literature search. This presented reviewers 
with a certain amount of subjective choice in determining which key articles to include in the 
findings. 

Each research recommendation had a dedicated team that conducted literature searches using 
key search terms according to the subtopics. The initial focus was on literature written between 
2012 and 2016 with an emphasis on influenza. If no articles about influenza were discovered, the 
search was widened to include public health emergency response or specific recent events, such 
as the 2014–2015 Ebola virus disease outbreak and the 2015–2016 Zika virus disease outbreak. 
From each set of articles, three to five key articles were selected. Based on the articles, the team 
determined whether to continue the research recommendation as written in 2009, modify the 
recommendation or discontinue research on the recommendation. 

Research recommendation 5.3.1 
Conduct studies to review international evidence and experience on health and health crisis 
communication from relevant disciplines, such as behavioural and social sciences, media 
studies and marketing, to gather and organize knowledge, as well as to stimulate new studies 
in areas where gaps have been identified to support evidence-based practice in strategic 
communication.

This research recommendation focused on relevant communication disciplines used in response to 
health crises. Examples of such disciplines are behavioural communication, social science studies 
and media studies. 

Overall findings for 5.3.1
The literature search for this recommendation resulted in 16 shortlisted articles covering topics 
related to communications during the 2009 pandemic influenza A(H1N1); vaccine hesitancy and, 
more specifically, the need to increase influenza vaccine uptake; Ebola and Zika; and a comparison 
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of severe acute respiratory syndrome (SARS) and the 2009 pandemic. Geographically, most of the 
research focused on North America and Europe, and on some Asian countries such as the Republic 
of Korea and Hong Kong Special Administrative Region. 

The papers looked at:
• predictive factors for behaviour-change uptake, such as sociodemographic characters, 

attitudinal factors and communication determinants; 
• effective methods for promoting preventive behaviour during a pandemic; 
• analyses of media and social media messages; 
• information sources that people turn to during a crisis, and the increasingly important role of 

social media (e.g. Internet use in Canada was 25% during SARS but increased to 56% during 
the 2009 pandemic); and 

• use of traditional health behaviour theories in studies of public perceptions and behaviours 
during outbreaks. 

Summary of key findings for 5.3.1
Globally, social media has transformed the way the world communicates, and this is particularly 
relevant in a crisis. Some studies have looked at the role and impact of social media; however, more 
research is needed on the role of social media in each phase of a crisis, and appropriate messaging 
for each of the stakeholders. In particular, there are few published studies on health crisis 
communications focusing on behavioural and social sciences from developing countries, despite 
those countries being among the most vulnerable during a health crisis.

Few studies have looked at how countries prepare for risk communication as part of their pandemic 
preparedness strategy, and whether these strategies take into consideration current health 
behaviour theories. Also, there was often confusion in the studies between, on one hand, the study 
and application of behaviour-change theories and interventions and, on the other hand, the use of 
communication to effect behaviour change. Most studies focused on the perceptions and health 
behaviours of the general public or health-care workers. More research is needed on the reactions 
of other important stakeholders, such as policy-makers and politicians, and their roles in decision-
making and forming public perceptions of health hazards that lead to the adoption of public 
preventive health behaviour. 

Research recommendation 5.3.2 
Identify, develop and evaluate communication tools and methods that can rapidly, accurately 
and over time be used for the assessment and monitoring of knowledge, attitudes, beliefs and 
practices in different population groups, to guide communication efforts.

Understanding the KAPs of communities affected by a pandemic is key to effective risk 
communication, because these factors help to determine how communities will respond to risk 
messages. The KAP factors in different communities are likely to evolve during the course of a 
pandemic. Ideally, health authorities should have the means to measure KAP factors in affected 
communities on a regular or even an ongoing basis. During emergencies they should be able to do 
this rapidly, to guide public health decisions. Clearly, the development of modern health tools that 
can facilitate this is of considerable interest.
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A literature search combining terms related to “development / application / validation of tools” 
with terms related to “health knowledge, attitudes, beliefs and practices (KAPs)” produced many 
hundreds of publications. Most of these publications used “tried and true” or traditional tools 
to measure KAPs; for example, surveys, questionnaires, in-depth interviews and other tools for 
qualitative consumer research. However, searches using terms related to “social media” and, more 
specifically, “opinion mining” or “sentiment mining” showed that there is a growing body of literature 
on the development and application of new tools to identify and analyse trends in public opinion 
using “big data” techniques. These tools hold out the possibility of being able to assess some or all 
KAP factors in real time and at low cost.

Overall findings for 5.3.2
The traditional tools for measuring health-related KAPs – such as focus groups, questionnaires or 
surveys – continue to proliferate and will probably continue to represent the “gold standard” for 
qualitative research. Research conducted in this way, ahead of a pandemic, can provide health 
authorities with a valuable evidence base for a risk communication response in the opening 
stages of a pandemic. For example, since 2009 much research has been conducted into factors 
influencing the uptake of seasonal influenza vaccination among health-care workers (World 
Health Organization, 2013). Given the number of studies in this area, the workgroup recommends 
that it become a specific research recommendation (see Recommendation 5.3.6). These findings 
can be used to design risk communication strategies to support uptake of a pandemic vaccine 
among health-care workers. However, health authorities also need to be able to run rapid KAP 
studies during a pandemic. A major lesson from the 2009 pandemic is that public attitudes and 
perceptions during a pandemic may differ from those predicted before the pandemic. 

The WHO Public health research agenda for influenza: biannual progress review and report 2010–2011 
(World Health Organization, 2013) recognized that “Social science studies often last long and 
the results are not available on a real-time basis”. The report recommended the development of 
tools and techniques for conducting “quick and dirty” operational research during a crisis. It also 
recommended steps to accelerate the publishing process for such studies. Our literature review 
found one example of a standard survey tool developed for KAP studies looking at vaccine 
hesitancy (Larson et al., 2015). This tool should be of some help in reducing the time needed to 
plan and launch KAP-type studies on vaccine hesitancy. However, the main aim of the study was 
to improve data quality and comparability, not to produce real-time data during an emergency. 
Nevertheless, the hope is that future research will include the use of well-tested tools such as this, 
and their adaptation and rapid use in emergency settings.

Our review found a growing body of literature on opinion mining or sentiment analysis using big 
data generated through social media. These methods hold out the possibility of being able to 
develop tools that can assess some KAP factors, or all of them, in real time and at low cost, before, 
during and after emergencies. The most relevant publications found are reviewed below.

Summary of key findings for 5.3.2
The literature review indicated that traditional tools continue to proliferate. We found little evidence 
of the development of new tools to enable such traditional studies to be conducted on a real-
time or rapid basis – as was recommended by the 2010–2011 review and report (World Health 
Organization, 2013). The development of such tools remains a major gap to be addressed.
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In March 2012, the Strategic Advisory Group of Experts (SAGE) Working Group on Vaccine Hesitancy 
was asked to develop tools to measure and address the nature and scale of hesitancy in settings 
where it is becoming more evident. The working group’s definition of vaccine hesitancy and a 
matrix of determinants guided the development of a survey tool, and led to the publication in 2015 
of a menu of standard survey questions on vaccine hesitancy (Larson et al., 2015). This appears to be 
an important tool that could be used for KAP studies relating to influenza vaccination. 

A modern Internet-based tool called the Vaccine Sentimeter has been developed by a partnership 
involving commercial companies, academics and public health practitioners. Bahk et al. (2016) 
provide an overview of how this tool was developed, and describe its capabilities. The Vaccine 
Sentimeter uses an automated system to collect data from 100 000 mainstream media sources 
and Twitter. It then uses automated language processing and filtering, as well as manual curation, 
to produce a global real-time view of vaccine-related conversations online. The authors describe 
the results achieved by using this tool to analyse sentiment towards vaccines following two real 
events: the polio vaccine in Pakistan after a news story about a Central Intelligence Agency (CIA) 
vaccination ruse and subsequent attacks on health-care workers, and the human papillomavirus 
(HPV) vaccine following a controversial episode in a television programme in the United States of 
America (USA) about adverse events following administration of the HPV vaccine. For both events, 
peaks in traditional media coverage and Twitter conversations about the vaccines were detected. 
The peak in traditional media coverage was shorter than the upsurge in Twitter conversations. 
Sentiment towards the vaccines in the traditional media was generally positive, whereas sentiment 
in the Twitter conversations was generally negative. 

The Vaccine Sentimeter still relies on human input to analyse the sentiments expressed in the 
content it analyses. In the future, if the tool can be adapted to do this automatically, without human 
input, it could become valuable in the real-time analysis of public opinion during emergencies, 
such as a future pandemic. 

Bouman, Drossaert and Pieterse (2012) describe a methodology called “mark my words” (MMW) for 
detection and analysis of online conversations about health. MMW has been designed to evaluate 
the reach and impact of web-based health communication interventions. Distinctive words (i.e. 
markers) associated with the intervention being analysed (e.g. a television series promoting health 
messages) are used to mine data for relevant conversations. MMW is still at the development stage, 
and the authors describe some of its limitations, such as absence of a control cohort and difficulty 
in gathering reliable demographic information on the people having the online conversations.

Balahur et al. (2010) explain the automated language analysis techniques that can be used for 
“sentiment analysis”. They then describe the application of these techniques, and the results 
achieved, in automated media monitoring systems – most notably the Europe Media Monitor tool 
developed by the European Commission’s Joint Research Centre. Lazard et al. (2015) describe a 
“text mining analysis” carried out to detect themes of public concern from the online discussion 
generated by a live Twitter chat on Ebola conducted by the US Centers for Disease Control and 
Prevention (CDC), Atlanta, Georgia. This chat took place at a time when public concern about Ebola 
was high, and the analysis indicated that the public was concerned with symptoms and lifespan of 
the virus, disease transmission and contraction, safe travel and protection of one’s body.
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Research recommendation 5.3.3 
Identify, develop and evaluate communication tools and approaches for communicating in 
different cultural settings, which engage and empower individuals and communities to practise 
and promote appropriate risk reduction measures.

This research area is broad and encompasses various types of communication and cultural settings 
during A(H1N1) or pandemic influenza emergencies. Therefore, the team reviewed the mainstream 
media, social media, direct communication and innovated communication tools; then, for each 
area, they found at least one recently published relevant article. They also considered research 
from a variety of communities and explored the effectiveness of these strategies on producing the 
intended action. Undergoing vaccination with the influenza vaccine, for instance, was used as a 
model to assess the communities’ response to the public health recommended course of action. 

Overall findings for 5.3.3
The credibility of governmental institutions as information sources depends on the degree of public 
trust in authorities. Health-care professionals remain trusted sources for information. However, 
the understanding and use of media roles among those professionals is central to initiating the 
intended community response. Therefore, training in emergency risk communication principles, 
and the early involvement of journalists along with other stakeholders, were deemed necessary 
to ensure effective communication. There was also a strong emphasis on the need to adopt 
comprehensive communication approaches rather than relying on one or two communication 
strategies. 

 There has been much research into risk communication practices during A(H1N1), but mainly in 
the USA, followed by the United Kingdom and some other western countries. Although the 2009 
pandemic influenza A(H1N1) unfolded in Mexico, few relevant publications authored from that 
country were identified, reflecting the wide differences in risk communication capacity across the 
globe. In spite of the growing shift to social media, there are still major differences in the course 
of the risk communication response; for example, in western communities, the independence of 
media institutions means that the communication response differs from that in communities with 
tight governmental control on media outlets.

Public perception of risk is proportional to the absorption and retention of messages conveying 
preventive behaviours. Nevertheless, releasing timely, simple and actionable information is a 
constant challenge to public health authorities – a situation that adds to the complexity of handling 
the uncertainty inherent in influenza’s ever-transforming viruses. Moreover, recent publications 
highlighted the need to address the requirements of minorities and vulnerable communities. 
Generally, few studies were devoted to assessing risk communication capacities and the implication 
of such capacities for the public health response to influenza outbreaks. The role of the media as an 
agenda setter was re-emphasized. 

Summary of key findings for 5.3.3
Revere et al. (2015) suggested that multiple communication strategies might be used. The authors 
noted that the choice of a specific strategy needs to balance message content, delivery, channel, 
stakeholder preferences and the technical capabilities of public health agencies. These factors must 
be taken into consideration while mitigating the risk of recipients being overloaded with messages 
and disregarding important communications. 
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The effectiveness of the communication strategies during the pandemic influenza was questioned 
by De Giusti et al. (2012); the communities studied had a poor knowledge of preventive measures, 
despite the awareness campaign conducted by the health authorities. This study also emphasized 
the need for training programmes on risk communication targeted at health professionals, 
since these individuals represent one of the most credible sources for health information during 
emergencies. Similarly, Kim et al. (2014) reported that health-care providers, when using mass 
media campaigns, can yield positive health behaviours among the public. The study indicated 
that partnerships between broadcasters and health professionals resulted in positive outcomes. 
However, Gerwin (2012) found that a large proportion of the public did not receive the official 
messages during an evolving epidemic. Clearly, there is a need for health-care institutions to be 
able to produce actionable information, given the inherent uncertainty of emerging threats and 
modern advances in information technology, combined with the political and social context of the 
community. 

According to Yun et al. (2016), social media, when integrated into health authority communication 
campaigns, can ensure rapid dissemination of effective, reliable and consistent information. For 
example, some social media users helped to spread influenza-related messages through retweets; 
however, media and recognized organizations were more reliable distributors of information. 

Research recommendation 5.3.4 
Study the dynamics of inaccurate and contradictory information, rumours, myths, narratives etc. 
through tracking, monitoring and analysing different communication sources and channels, and 
develop effective ways to respond.

The focus of this research recommendation was to find effective ways of responding to rumours, 
myths and misinformation during a future influenza pandemic. The management of information 
during any emergency relies on rapid and transparent communication to affected populations 
and stakeholders. Inevitably, rumours and misperceptions grow when information is lacking or 
delayed. Increasingly, the ability to monitor and appropriately react to rumours is recognized as a key 
component of the risk communication response during emergencies. 

Overall findings for 5.3.4
The five articles selected as having advanced this research area focused on methods to help public 
health responders to manage rumours during an emergency. The methods include how to:
• better predict the authenticity of rumours (Zhang, Zhang & Li, 2015);
• track and use rumours among affected populations (Dickmann et al., 2015); 
• communicate for behaviour change for health issues beset by rumours (Nyhan & Reifler, 2015);
• predict the spread of rumours (Zubiaga et al., 2016); and 
• anticipate the potential damage of rumours by estimating the content within rumours compared 

with other negative media content (Shigemura et al., 2015).

It is well recognized that rumours confound the public health response by competing with 
appropriate public health information and guidance. Using the definition “health rumours are 
unverified information that lacks a secure standard of evidence”, Zhang et al. (2015) studied a series 
of indicators through Chinese social media and health-related messages in February 2014. The team 
concluded that false rumours tended to have longer headlines than rumours that proved to be 
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true. True rumours were more likely to use numbers, and names of people and places, and to have 
web links as references. Rumours judged to be “dread” (bad news) rumours were more likely to 
be true than those deemed to be “wish” (hopeful news) rumours. The conclusions from this study 
could help in developing guidelines for determining the usability of online health information and 
improving “self-defence” skills for online seekers of health information. 

Dickmann et al. (2015) looked at the proactive use of rumours during the Ebola outbreaks of 
2014. In the section titled “Communication: share early, listen to beliefs, and read rumours”, the 
authors identified two kinds of rumours: “1) about possible cases (alerts) and 2) about community 
explanations of causes” (Dickmann et al., 2015). The authors suggested that rumours be 
gathered through a rumour logbook, which could then be used as guidance for case detection 
and understanding in situations where communication had not been successful in reaching 
communities with prevention information. 

One of the most relevant studies on rumours dealing with pandemic influenza was that of Nyhan 
and Reifler (2015). The authors studied the rumours surrounding the influenza vaccine and 
communication methods most appropriate for refuting rumours (e.g. that the influenza vaccine 
caused influenza and was an unsafe vaccine). The study refuted rumours through corrective 
information, warning messages about the severity of influenza or no additional information (control 
group). It found that corrective information about the influenza vaccine significantly lowered the 
belief that the vaccine would cause influenza and that it was unsafe; however, this information also 
significantly decreased vaccine uptake by those who were originally most concerned about vaccine 
safety. These views were consistent with similar studies of rumours related to the measles, mumps 
and rubella (MMR) vaccine, which found that disputing myths with corrective information may not 
be an effective way to promote immunization. 

Zubiaga et al. (2016) studied how rumours are spread. The authors showed that rumours proven 
to be false resolve more slowly than those proven to be true. Once a rumour is proven to be false, 
users tend to accept its falsehood but at the same time tend to support other unverified rumours. 
In fact, the study showed “that the prevalent tendency for users is to support every unverified 
rumour”. It also found that many rumours arose from reputable news sources that used information 
that seemed to be evidence-based but had not been verified. The article concludes that there is a 
need to develop “robust machine learning techniques that can provide assistance in real time for 
assessing the veracity of rumours” (Zubiaga et al., 2016).

Shigemura et al. (2015) reviewed news articles during the 2009 pandemic influenza A(H1N1) to 
look at adverse psychosocial behaviours in rumour-related news coverage. The authors looked 
at rumour-related coverage (e.g. panic and “demagoguery”) and exclusive behaviour coverage 
(negative behaviours such as discrimination and bullying). The study found that although both of 
these types of coverage would have negative effects on the public during an emergency, exclusive 
behaviour coverage was more likely to contain valid public health information and therefore “may 
help people take proactive coping actions” (Shigemura et al., 2015).
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Summary of key findings for 5.3.4
The research indicates that the mismanagement of rumours, myths and misinformation during 
a public health emergency can lead to poor and delayed outcomes. Some research provided 
methods for monitoring social media and collecting rumours. In the evolving landscape of social 
media use in different countries, cultures and targeted audiences, this guidance will be useful to 
communication practitioners.

Research recommendation 5.3.5 
Study the potential ethical, social, economic and political dimensions of communicating 
in national and international crisis situations and develop strategies for working within 
constraints and maximizing opportunities.

The ethical, social, economic and political contexts during health emergencies can have a huge 
impact. The continuity of everyday life needs to be preserved, even when there is uncertainty in 
dealing with facts and information. Nevertheless, the messages, the way information is presented, 
and the political and social aspects conveyed can influence the way the public responds to an 
adverse situation. 

Overall findings for 5.3.5
During health emergencies there is often a mismatch between the risk perceptions of scientific 
experts and those of the public. In some cases, there are ethical implications in terms of which 
audience receives which messages, and whether those messages are understood and can be 
actualized. Communication should be truthful, reliable, accurate, impartial, balanced and objective. 
This allows decisions at individual, community and societal levels to be made in the context of 
public trust of government or public health entity recommendations.

There are some examples of how ethical, social, economic and political dimensions of 
communication response can be important to mitigate the effects of a public health emergency. 
However, more research is needed in this area, particularly in the case of pandemic influenza. 

Summary of key findings for 5.3.5
Sometimes it is difficult to respond to health emergencies, mitigate health consequences and 
effectively provide health information to all target audiences, while also maintaining public health 
ethics during emergencies. Activities and messages provided by government officials can become 
reasons for inadequate response from the public as well as other stakeholders. 

According to Gerwin (2012):

Public opinion polls show that substantial portions of the population failed to hear, believe, or 
heed the government’s messages. Looking at the enduring narrative of the government’s vaccine 
efforts through the lens of newspaper reports exposes six points of distortion. These points – the 
pervasive uncertainty inherent in a novel contagion; advances in information technology and 
electronic communications; the new news environment; the political polarization of American 
society; the infrastructure of the American public health system; and the oddities of public health 
emergency and vaccination injury compensation laws – interfered with the public’s reception 
of the government’s message and infected the public’s perception of government veracity and 
leadership capability.
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Some of the articles highlight the importance of reliable ethical communication; for example, 
Bhatia (2013) states that “adequate dissemination and proper communication of information related 
to the pandemic. It is of great importance to plan in advance how to confront these issues in an 
ethical manner”. Smith and Silva (2015) argue that ethical considerations are essential for dealing 
with information in outbreaks and emergencies. They state that “due in part to their focus on 
considerations arising specifically in relation to pandemics of influenza origin, pandemic plans and 
their existing ethical guidance are ill-equipped to anticipate and facilitate the navigation of unique 
ethical challenges that may arise in other infectious disease pandemics”.

Political decisions on how to communicate messages and what words to use are important for 
better understanding and adoption of recommendations by the population. For example, Sy and 
Spinelli (2016) state that “Designating the epidemic as ‘H1N1’ rather than ‘swine flu’ was a conscious 
political decision to exempt a hazardous form of livestock production from its role in the disease, 
while focusing responsibility on individual patients”. 

Research recommendation 5.3.6 
The workgroup felt that more insight into the behavior of health-care workers regarding 
influenza vaccine was needed. Therefore, the group added this as a research recommendation. 
To ensure sufficient review of the literature, the workgroup decided to review the current 
research on the recommendation to provide a starting point for the research agenda 2017–
2021. 

Determine best communication practices to increase health-care workers’ uptake of influenza 
vaccine, and to improve their ability to impart information about influenza and the influenza 
vaccine.

In many countries, health-care workers have been targeted as a priority group for receiving seasonal 
and pandemic vaccinations, because of their risk of both contracting and spreading influenza. For 
example, during the 2009 influenza pandemic, many countries designated health-care workers as 
a priority group for receiving the pandemic vaccine. Nevertheless, uptake of the vaccine among 
health-care workers was low in most countries. Since 2009 there has been considerable research 
into health-care workers and influenza vaccination. The research has looked at KAPs towards 
seasonal influenza vaccination as well as pandemic vaccination, because in 2009 the uptake of 
seasonal influenza vaccination among health-care workers was one of the predictors of their uptake 
of the pandemic vaccine.

Overall findings for 5.3.6
Several studies have looked at the effectiveness of campaigns to increase uptake of seasonal 
influenza vaccination among health-care workers. Communication campaigns to increase vaccine 
uptake seem to have a positive impact, particularly if they are combined with other actions 
perceived as benefits (e.g. free vaccination). However, a large number of health-care workers 
continue not to be vaccinated despite the campaigns.
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Summary of key findings for 5.3.6
Zielonka et al. (2016) assessed the impact of an influenza vaccination campaign by the 
Hospital Infection Control Team of the Czerniakowski Hospital in Warsaw. The campaign used 
communication interventions combined with the offer of free vaccination. The average vaccination 
rates in Poland are about 20% among physicians and 10% among nurses. However, following the 
campaign, vaccination coverage at Czerniakowski Hospital reached 55% among physicians and 
21% among nurses.

Durando et al. (2016) conducted a cross-sectional KAP study on influenza vaccination among 
health-care workers in the region of Liguria, north-western Italy. The study was based on 
anonymous self-administered web questionnaires completed between October 2013 and February 
2014. Factors statistically associated with influenza vaccination uptake in the 2013–2014 season 
were being a medical doctor, and agreeing with the statements “flu vaccine is safe”, “health-care 
workers have a higher risk of getting flu” and “health-care workers should receive flu vaccination 
every year”. A barrier to vaccination was the belief that pharmaceutical companies influence 
decisions about vaccination strategies.

Conte et al. (2016) conducted a KAP study to assess the effectiveness of a multimedia campaign 
to promote influenza vaccination among health-care workers in north-eastern Italy. The campaign 
used video spots on the intranet site of participating hospitals as well as traditional paper-based 
tools such as posters. Attitudes towards vaccination were significantly more positive after exposure 
to the campaign, though vaccine uptake remained low. 

Unmet public health needs 
Areas of unmet public health needs are as follows:
• communication recommendations for uncertainty management; 
• easy-to-perform, quick KAP study methods and other instruments to assess the perception of 

different target audiences; 
• specific recommendations on how communication can help to reduce the burden of disease; 

and
• communication to increase vaccine uptake by health-care workers and the population.

Knowledge gaps 
After reviewing the five research recommendations proposed from 2009, the primary knowledge 
gaps that remain are:
• the role of new technologies to track and monitor rumours and misinformation;
• communication as a cross-cutting topic, and coordinated with research projects from other 

streams;
• recommendations for effective communication and dissemination of information with 

different stakeholders;
• communication guidance for specific influenza stages and circumstances; 
• communication strategies for health professionals; and 
• research on how communication can help to reduce the burden of disease.
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